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Abbreviations 

AD: Alzheimerôs Disease 

ADRD: Alzheimerôs Disease and Related Dementia 

AOD: Aerosol Optical Depth 

ASD: Autism Spectrum Disorder  

CA: California 

CARB: California Air Resources Board 

Caltrans: California Department of Transportation 

EOS: Earth Observing System 

EPA: U.S. Environmental Protection Agency 

ESRI: Environmental Systems Research Institute 

LBW: Low Birth Weight 

LUR: Land Use Regression 

MAIAC: Multi-angle Implementation of Atmospheric Correction 

MODIS: Moderate Resolution Imaging Spectroradiometer 

NASA: National Aeronautics and Space Administration 

NLCD: National Land Cover Database 

NO2: Nitrogen Dioxide 

NTL: Nighttime Lights 

NVDI: Normalized Difference Vegetation Index 

O3: Ozone 

OMI: Ozone Monitoring Instrument 

PD: Parkinsonôs Disease 

PM2.5: Fine particulate matter with diameter Ò 2.5 micrometers 

PTB: Preterm Birth 

TLBW: Term Low Birth Weight 

USGS: United States Geological Survey 

VKT: Vehicle Kilometers Traveled 
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Task 1: Literature Review 

This systematic literature review, using peer-reviewed journal papers, expands the 

literature cited in the background section of this study on impacts from air pollutants on adverse 

birth outcomes (BO), Autism Spectrum Disorder (ASD), Parkinsonôs Disease (PD), and Alzheimer 

disease (AD/Alzheimerôs Disease and Related Dementia (ADRD). The review was funded by the 

California Air Resources Board and included both California-focused and broader global literature 

assessments.  

The following inter-connected steps were used to complete the review:  

A. Determine inclusion criteria that will include the:  

¶ Study population: Including all ages, specifically targeting populations affected by BO, 

ASD, PD and ADRD.  

¶ Study exposure: anthropogenic air pollutants including PM2.5, NO2, ozone, and air toxics 

(benzene, 1,3-butadiene, chromium, lead, nickel, and zinc).  

¶ Study outcome related to adverse birth outcomes including preterm birth (PTB) and term 

low birthweight (TLBW), the neurodevelopmental disorder ASD, and the 

neurodegenerative diseases PD and AD/ADRD.  

B. Identify the publications characteristics for studies:  

¶ Published in peer-reviewed journals.  

¶ Including articles published from the inception of the search databases through January 17, 

2023.  

¶ Focused on air pollutantsô effects on adverse birth or neurological outcomes.  

C. Select the proper search databases and engines, including:  

¶ PubMed  
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¶ EMBASE  

D. Decide the search terms and selection process. The search process was divided into three key 

phases:  

¶ Meta-Analyses and Systematic Reviews: Targeting existing reviews discussing the link 

between air pollutants and BO/ASD/PD/ADRD.  

¶ Individual studies published after the last meta-analysis: Focusing on primary research 

studies of relevance to our topics.  

¶ California-Specific Studies: Using ñCaliforniaò as a keyword to select region-specific 

studies.  

Table 1. Dates of Individual Studies Searched Since the Latest Meta-Analysis  

Exposure   Outcome   

Publication date of    

the last published meta-

analysis   

PM2.5   

BO 07/26/2022 

ASD 07/01/2020 

PD  11/07/2018  

AD   08/01/2021   

Dementia   06/01/2022   

NO2   

BO 07/26/2022 

ASD 04/30/2019 

  PD, ADRD   01/01/2019   

 PTB 01/31/2021 
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O3   TLBW 06/01/2020 

ASD 07/01/2020 

  PD, ADRD 01/01/2019   

Air Toxics   All All years   

The following steps were used to select scientific publications for the literature review:  

1. Used one term from each category and created integrated search terms using the search 

databases and engines listed above. (Search Strategy are listed in the appendix) 

2. Merged selected publications and removed duplicates.  

3. Obtained abstracts for the publications selected in Step 2, screened, and removed 

publications not related to the topics of interest.  

4. Obtained full text for the publications selected in Step 3, screened, and removed 

publications that are not related to the topics of interest.  

E. Studies excluded:  

¶ Primary research covered in meta-analysis, animal studies, or clinical trials  

¶ Research prioritizing pharmaceutical or therapeutic interventions instead of air pollution 

exposures.  

¶ Research that did not address the air pollutants of interest.  

1. Research that explored health outcomes not directly associated with the outcome of interest 

(BO, ASD, PD or AD/ADRD).  

¶ Pathobiological or nutritional research that did not focus on impacts of air pollution or 

reported on air pollutants measured in body tissues instead of the ambient air.  

¶ Indoor or occupational air pollution exposures only  

F. Data Extraction and Synthesis:  
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¶ Tools and Methodology: Utilized ñCovidenceò and ñRayyanò for article screening and 

ñEndNote20ò for reference management.  

¶ Data extraction encompassed title, type of review, author names, date of publication, 

detailed metrics such as exposure levels (e.g., Õg/m3, ppb), study design, outcome, and 

effect estimates for exposure and outcome reported in meta-analyses with 95% confidence 

intervals, overall results and/or conclusion for reviews without meta-analyses, years 

searched, databases searched, number of studies included, study locations, method used for 

qualitative analysis and risk of bias assessment, hyperlinks for publications. When several 

measures of association were available, effect estimates from fully adjusted models were 

extracted.  

¶ Narrative Synthesis: Synthesized data narratively, emphasizing both general findings and 

specifics relevant to California highlighting variations in study outcomes influenced by 

geographic and ambient air pollutants.  

We identified 1,099 articles for BO based on the search criteria, and 911 non-duplicate 

records. Screening of titles and abstracts resulted in the exclusion of 786 articles, leaving 135 for 

full-text evaluation. Upon further review, we excluded 64 full-text articles for reasons detailed in 

the supplementary documentation. Ultimately, we included 43 articles consisting of systematic 

reviews, meta-analyses, and umbrella reviews, along with 28 qualitative and narrative reviews. 

For ASD, our initial search yielded 1,004 records and after removing duplicates 853 articles 

remained. Title and abstract screening led to the exclusion of 774 records. We assessed 79 full-text 

articles for eligibility, out of which 30 were excluded (specific reasons are provided in 

supplementary documentation). This process resulted in the inclusion of 20 articles encompassing 
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systematic reviews, meta-analyses, and umbrella reviews, as well as 29 qualitative and narrative 

reviews. 

We identified 15 articles for PD and 3,583 papers for ADRD according to the search criteria in 

Table 1. After screening of titles and abstracts, 53 and 81 for each respective outcome were eligible 

for full-text screening. After excluding papers for the reasons stated above, we included 4 

systematic reviews and meta-analyses and 11 qualitative and narrative reviews for PD and 13 

systematic reviews and meta-analyses and 27 qualitative and narrative reviews for ADRD.   

1.1 Adverse Birth Outcomes (BO) (Table under Supplementary Material 1.2.1.) 

A large number of epidemiological studies have investigated the influence of criteria air 

pollutants including PM2.5, NO2 and O3 on adverse birth outcomes. A recent umbrella review found 

positive associations for PM2.5 exposure during the entire pregnancy and LBW and PTB. The 

review reported the largest pooled OR for LBW to be 1.09 (95% CI: 1.03, 1.15) and for PTB the 

largest pooled OR reported was 1.16 (95% CI:1.07,1.26) per 10 ɛg/m3 increase in PM2.5
1. The three 

meta-analyses published around or after this umbrella review also found positive associations for 

entire pregnancy PM2.5 exposure with PTB and LBW, though one found elevated but not 

statistically significant association with PTB2ï4. Of these meta-analyses, one investigated 

association with LBW specifically among term births and reported an elevated RR = 1.083 (95% 

CI: 1.038, 1.130, per 10‘g/m3) for the effect of PM2.5
4. With regards to NO2 exposure, the umbrella 

review found exposure during the entire pregnancy, and first and second trimester periods, to be 

positively associated with both LBW and PTB, with the largest pooled OR for LBW reported as 

1.03 (95% CI: 1.01, 1.05) and for PTB as 1.14 (95% CI: 0.81, 1.64) per 10 ppb increase in exposure 

during the entire pregnancy period1. Meta-analyses published since then also found increased risk 

for PTB to be associated with NO2 exposure3,5. On the other hand, for ozone (O3) exposure, the 

Commented [AM1]: tƭŜŀǎŜ ƛƴŎƭǳŘŜ ǘƘŜ ǘŀǎƪ ƴǳƳōŜǊ ƛƴ 
ǘƘŜ ƘŜŀŘƛƴƎ ƴǳƳōŜǊƛƴƎΥ мΦмΣ ƻǊ ǘŀǎƪ мΦмΦ Lǘ ƛǎ ƴƻǘ ŎƭŜŀǊ ǘƘŀǘ 
ǘƘƛǎ ƛǎ ǎǝƭƭ ǇŀǊǘ ƻŦ ǘŀǎƪ мΦ 
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umbrella review reported a positive association with LBW only for third trimester exposure, but 

inconsistent associations for the entire pregnancy period, and the first, and second trimesters. 

However O3 exposure during the entire pregnancy, first and second trimesters were positively 

associated with PTB1. Few meta-analyses were published on the association between O3 and PTB 

since the umbrella review, with one finding a positive association5 and another noting positive 

associations specifically in the first and second trimesters6, but one finding null results3.   

Fewer studies have been conducted on the influence of air toxics on PTB and birth weight 

and the results have been relatively inconsistent. Some studies that have explored the association 

between gestational benzene exposure and PTB found positive associations7ï11, with one study 

finding increased risk among those living within a mile of a landfill, Superfund sites, and industrial 

sites site containing benzene8, one finding elevated risk among women exposed to >2.7 mg/m3 of 

benzene9, one finding a positive association specifically in the third trimester10, and another 

reporting an increasing trend in the odds of PTB with increasing levels of benzene 5 days prior to 

delivery11. However, there were also few studies that didnôt find associations12,13, including a study 

of prenatal benzene exposure at the census tract level for 2014 in Philadelphia14. The authors noted 

however that the use of census tract level exposures leading to exposure misclassification and 

factors like higher socioeconomic status and mitigating effects of air conditioning use in some 

wealthier neighborhoods with higher exposure to pollution may have lessened the impact of 

benzene exposure in this study. Studies also linked benzene exposure to a reduction in birth 

weight8,12,15ï19, with one measuring exposure using personal air samplers15, one comparing living 

close to polluted sites to those living farther away8, two studies investigating industrial pollution 

in Texas16,17, another finding the risk of LBW to decrease in US counties where gasoline benzene 

concentrations were regulated and decreased significantly from 1996 to 199918, and lastly one 
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finding increased risk due to exposure to benzene in the third trimester19. Two other studies 

however did not find an association between benzene exposure during pregnancy and birth 

weight20,21. A 2015 meta-analysis found strong associations between Nickel exposure and a 

reduction in birth weight (Change in birth weight (g): -16.2, 95%CI-21.0, -11.3; Change in LBW 

odds: 5.8, 95%CI: 3.3, 8.4, per 10ng/m3)22, and this was confirmed by three studies done after 

that13,17,23. Only four studies have investigated the effect of nickel exposure on PTB, and none found 

an elevated risk12,13,24,25. The 2015 meta-analysis also found entire pregnancy Zinc exposure to be 

associated with reduction in birth weight (Change in birth weight (g): -7.5, 95%CI: -10.0, -5.0; 

Change in LBW odds: 3.1, 95%CI: 1.6, 4.6, per 10ng/m3)22 though studies published since then 

showed mixed results, with some showing a positive association16,17,23 and some reporting null 

associations12,26,27. The few studies done to explore the association between zinc exposure and PTB 

have also found inconsistent results12,24,27,28. All three studies on 1,3-butadiene reported increased 

odds of LBW and reduced term birth weight13,16,17, though no studies have examined its effects on 

PTB. Of the few studies conducted on the effect of Chromium exposure on birth weight two studies 

in Portland and Texas found associations with reduction in birth weight13,17, while three others 

found no associations26,27,29. No associations have been found thus far between Chromium exposure 

and PTB13,25,27,28. The literature on the association between lead exposure and adverse birth outcomes 

also remains inconsistent. The 2015 meta-analysis did not find the lead component of PM2.5 to be 

associated with LBW22. Although one study published since then agreed with the meta-analysis13, 

two studies in Texas found increased risk due to industrial lead pollution, with one reaching formal 

statistical significance16,17. Another study in North Carolina found elevated risk for both LBW and 

PTB among those living close to polluted sites containing lead8. Results from other studies on the 

association between lead exposure and PTB risk have been mixed13,24,25.   
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1.2 Autism Spectrum Disorder (ASD) (Table under Supplementary Material 1.2.2.) 

A growing body of epidemiological evidence has investigated the influence of air 

pollutionðparticularly particulate matter (PM. )ðon the risk of ASD. Multiple systematic 

reviews and meta-analyses have consistently reported elevated odds ratios (ORs) associated with 

PM.  exposure, albeit with considerable variation in the exposure windows examined (e.g., 

preconception, individual trimesters, entire pregnancy, and postpartum periods). For instance, one 

recent meta-analysis in 2022 reported a pooled OR of 1.34 (95% CI: 1.12, 1.60) per 10 µg/m³ 

increase in PM. , whereas another review estimated an OR of 1.32 (95% CI: 1.03, 1.69) 

specifically for entire pregnancy exposures1,2. Some reviews also reported elevated risks outside 

the pregnancy windowðfor instance, one analysis found an OR of 1.62 (95% CI: 1.22, 2.15) for 

the first year after birth2. Elevated preconception ORs of approximately 1.17 (95% CI: 1.00, 1.33) 
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have also been noted3, and some meta-analyses reported even higher estimates when including 

broader exposure windows (up to OR=2.32, 95% CI: 2.15, 2.51)4,5, Associations with nitrogen 

dioxide (NO ) have been more heterogeneous across studies, and ozone (O ) results have remained 

less consistent due to fewer analyses focusing on this pollutant1ï6.  

More recent primary studies generally align with these meta-analyses in reporting positive 

associations for PM. , though findings vary by exposure window and outcome definitions. For 

instance, one retrospective cohort found that entire pregnancy PM.  exposure was associated with 

a hazard ratio (HR) of 1.10 (95% CI: 1.02, 1.19) in one model and 1.17 (95% CI: 1.08, 1.27) in 

another7. Another study noted that first trimester (T1) PM.  exposure corresponded to a 12% 

increase (95% CI: 0.1, 25.5) in social communication scores8, while a different investigation 

observed a 1.64-point (95% CI: 1.07, 2.52) rise in autistic trait T-scores per unit increase in early-

life PM.9. By contrast, some research reported null or inverse associations. One study found an 

OR near null (0.97; 95% CI: 0.93, 1.00) for PM.  among children with intellectual disability10. 

Results from primary studies estimating associations with NO2 were mixed and only few studies 

have studied O3. A study conducted in Taiwan reported a higher HR of 1.42 (95% CI: 1.22, 1.66) 

for NO2 exposure, but a lower HR of 0.74 (95% CI: 0.56, 0.97) for O3
11. Evidence on air toxics 

remains sparse, though limited findings suggest that lead or nickel exposures could be relevant to 

ASD in specific groups12.  

Twelve studies investigated the association between air pollution and ASD in California. 

Two large retrospective cohort studies in Southern California7,13 both reported significant positive 

associations for entire pregnancy PM .  exposures, with HRs of 1.10 (95% CI: 1.02, 1.19) and 1.17 

(95% CI: 1.08, 1.27). One study focusing on preconception exposure observed an HR of 1.07 (95% 
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CI: 0.99, 1.17)14, while another10 found an OR of 0.97 (95% CI: 0.93, 1.00) for PM .  in relation 

to intellectual disability. These California-based studies largely reinforce the broader evidence 

indicating modest but positive associations with PM . , though individual results vary according 

to the specific exposure timeframe assessed (entire pregnancy vs. T1ïT3 vs. preconception). Data 

on NO , O , and air toxics within California remain limited and underscore the need for further 

research in this region. 

Overall, the trends indicate that PM .  is consistently associated with modest increases in 

ASD risk, with effect estimates for criteria pollutants typically ranging from an HR or OR of 1.07 

to 1.42, depending on the exposure window and study design. NO  findings are more 

heterogeneous, reflecting differences in exposure assessment and population characteristics. 

Although the literature on O  is limited in the context of ASD, the few available studies do not 

show as strong or consistent associations compared to PM . . For air toxics, the paucity of studies 

means that definitive conclusions cannot be drawn; nevertheless, the limited evidence suggests 

that specific air toxics such as lead and nickel may be linked to ASD risk in certain subpopulations, 

warranting further investigation. 
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1.3 Parkinsonôs Disease (PD) (Table under Supplementary Material 1.2.3.) 

Only four systematic review and meta-analyses have examined the relationship between air 

pollution and PD risk1ï4. One review reported that each 10ɛg/mį increase in PM .  was associated 

with a relative risk (RR) of 1.03 (95% CI: 1.01, 1.05), and that the same increment in NO  

corresponded to an RR of 1.07 (95% CI: 1.02, 1.12)1. Another systematic review found that long-

term PM .  exposure yielded an RR of 1.21 (95% CI: 0.95, 1.54)2. A third meta-analysis provided 

RRs of 1.06 (95% CI: 0.99, 1.14) for PM . , 1.01 (95% CI: 0.98, 1.03) for NO , and 1.01 (95% CI: 

1.0, 1.02) for O3. The fourth review also identified generally modest associations for PM .  

(around 1.20) and near-null estimates for NO  and O4. Taken together, these systematic reviews 

indicate that PM .  is most consistently associated with a slightly elevated risk of PD, whereas 

results for NO  and O  are smaller in magnitude or less consistent. Notably, there remains a paucity 

of review-level evidence on air toxics such as benzene, 1,3-butadiene, chromium, lead, nickel, and 

zinc in the context of PD. 

Thirteen individual studies on PD have been published since the last meta-analysis. Most 

of these investigations report a positive association between PM .  exposure and PD, though the 

strength of the relationship varies. For example, one study noted that each 10ɛg/mį increase in 

PM .  was associated with a mortality rate (MR) of 1.25 (95% CI: 1.01, 1.55), while the same 

analysis observed an MR of 0.74 (95% CI: 0.58, 0.94) for O5. Another cohort investigation found 

a hazard ratio (HR) of 1.08 (95% CI: 1.01, 1.19) per 3.3ɛg/mį increment in PM .6. Additional 

studies documented MR estimates of 1.09 to 1.13 per 10ɛg/mį7,8, and one examining NO  reported 

an HR of 1.41 (95% CI: 1.02, 1.95) when comparing the lowest and highest exposure quartiles9. 

While these results generally reinforce a modest positive association between PM .  and PD, 
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findings for NO  and O  continue to show variation across populations and study designs. 

Consistent with the review-level gap, few of these newer studies have explored air toxics. 

There was only one California-focused study that was identified for PD10. This prospective 

analysis within the Nursesô Health Study compared the highest versus lowest quartiles of airborne 

metal exposures, finding an HR of 0.78 (95% CI: 0.59, 1.04) for PM . , 0.90 (95% CI: 0.67, 1.22) 

for NO , and 1.01 (95% CI: 0.79, 1.24) for O . These mostly null or inverse estimates differ from 

the modestly elevated risks reported in other regions, suggesting that population characteristics, 

exposure measurement differences, or other regional factors could influence PD outcomes. 

Possible explanations for these disparities, including potential measurement issues in California, 

are discussed in the Commentary (pp. 24-39). The limited availability of California-specific PD 

studies underscores the need for further research, particularly regarding potential interactions 

between local environmental factors and air pollution exposures. 

Overall, the four systematic reviews and 13 newer individual studies highlight relatively 

consistentðbut often modestðpositive associations between PM . exposure and PD risk (RRs, 

HRs, or MRs in the range of 1.03ï1.25). In contrast, findings for NO  and O  vary more widely, 

possibly due to differences in pollutant co-exposures, study designs, or population susceptibilities. 

Research on air toxics remains limited, leaving open questions about the role of metals and other 

hazardous pollutants in PD etiology. Regional variations, as hinted by the California-based study, 

warrant closer investigation to better understand how local conditions might modify the impact of 

air pollution on PD risk. 
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1.4 Alzheimerôs Disease and Related Disorders (ADRD) (Table under Supplementary Material 

1.2.4.) 

Ten systematic review and meta-analyses have investigated the relationship between air 

pollution and ADRD outcomes. Most consistently indicate that long-term exposure to ambient 

PM .  is associated with an increased risk of dementia and cognitive decline. For instance, one 

recent meta-analysis reported a hazard ratio (HR) of 1.04 (95% CI: 0.99, 1.09) per 2 Õg/mį increase 
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in PM . , with higher risk estimates (HR=1.42; 95% CI: 1.00, 2.02) found when active case 

ascertainment was used1. Another review found a 47% higher risk of dementia (HR=1.47; 95% CI: 

1.22, 1.78) associated with long-term PM .  exposure2, while a third meta-analysis showed that 

each 1 Õg/mį increase in PM .  yielded HRs of 1.03 (95% CI: 1.01, 1.06) for all-cause dementia 

and 1.08 (95% CI: 1.01, 1.15) for AD3. Yet another review reported a 24% increase in dementia 

risk (HR=1.24; 95% CI: 1.17, 1.31) for every 5 Õg/mį of PM .  and noted smaller but still positive 

associations for AD and vascular dementia4. Additional syntheses5ï8 report similarly adverse 

associations, generally highlighting PM .  as the pollutant most consistently linked to 

neurodegenerative outcomes, though modest positive findings are sometimes noted for NO . By 

contrast, estimates for O tend to be more heterogeneous, and the evidence on air toxics remains 

limited. 

Twenty-nine new studies have been published on ADRD since the most recent meta-

analyses, encompassing cohort, caseïcontrol, and case-crossover designs across various regions 

(e.g., Taiwan, the United States, South Korea, and Europe). These investigations typically examine 

outcomes such as incident dementia, AD, emergency department (ED) visits, or neuroimaging 

biomarkers. In one large caseïcontrol study conducted in Taiwan6, each specified increment in 

PM .  corresponded to an HR of 1.05 (95% CI: 1.02, 1.09) for AD, whereas the estimate for O  

was near null (HR=1.00; 95% CI: 0.92, 1.09). Another analysis in a U.S. cohort7 focused on plasma 

amyloid beta(Aɓ) levels, reporting that a 2 Õg/mį increase in PM .  led to a 4ï10% rise in Aɓ1-40 

and Aɓ1-42, suggesting possible acceleration of amyloid pathology in older adults. A separate 

prospective cohort study in New York and neighboring states8 found that ED visits for dementia 

were associated with a relative risk increase of around 0.64% per 6.3 Õg/mį increment in PM .  

and 0.61% per 17.1 ppb increment in NO . Analyses of a large Medicare cohort9 observed a clear 
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doseïresponse relationship, with OR for first dementia hospitalization increasing from 1.24 (95% 

CI: 1.22, 1.26) at 5 Õg/mį of PM .  to 1.72 (95% CI: 1.68, 1.77) at 12 Õg/mį; smaller positive 

associations emerged for NO , whereas findings for O  were weak. 

Other investigations have employed neuroimaging and detailed cognitive assessments to 

explore these associations more deeply. For example, one population-based cohort study in the 

Netherlands10 reported that dementia risk rose modestly with PM .  across increments of 0.4ï

3.38 Õg/mį, while an analysis in South Korea11 found that each 10 ppb increase in PM .  was linked 

to declines in standard cognitive assessment scores and increased AD-like cortical atrophy. A U.S. 

national cohort comprising over 18 million older adults identified a 7% rise in dementia risk 

(HR=1.07; 95% CI: 1.06, 1.07) per 3.7 Õg/mį of PM .  and an 11% increase in AD risk (HR=1.11; 

95% CI: 1.10, 1.11), with parallel positive effects for NO  and O12. Some studies additionally 

examined short-term associations, as well as effect modifications by genetic risk or 

sociodemographic factors. One investigation in the United Kingdom noted that each short-term 

PM .  increase was associated with elevated all-cause dementia and AD incidence, with HR around 

1.1513. 

Across this body of evidence, the effect estimates for PM .  on dementia and cognitive 

decline generally range from modest (HRs of ~1.05) to more pronounced (HRs of ~1.15ï1.47) in 

studies with large samples or longer follow-up periods. Although NO  frequently shows smaller 

or more inconsistent effects, some studies nevertheless report statistically significant associations. 

O  findings remain mixed, and few recent analyses have evaluated air toxics, highlighting a gap in 

the current literature. 
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1.5 Commentary: Challenges in Studying Air Pollution to Neurodegenerative Diseases 

1.5.2 Introduction 

Air pollution is the leading risk factor for premature death worldwide.1 Long-term exposure 

to particulate matter (PM2.5) contributed to 4.1 million deaths and 118 million disability-adjusted 

life years in 2019, primarily due to cardiovascular and respiratory diseases.1 However, widely 

recognized global health assessments often overlook the impact of air pollution on 

neurodegenerative disorders despite growing evidence of its harmful effects on the brain and 

plausible mechanisms such as excessive oxidative stress and neuroinflammation.2,3  

 The biological mechanisms through which air pollution affects brain health are not fully 

understood, but several pathways are plausible. Ultrafine particles and constituents of particulates 

can absorb toxic compounds on their surfaces. These particles are inhalable and can reach the brain 

via the bloodstream and/or by direct diffusion through the olfactory nerve or nasal mucosa. 

Exposure to air pollution can induce systemic inflammation, damage the blood-brain barrier, and 

activate microglia.2 Additionally, these particles may indirectly affect brain health by triggering 

the release of inflammatory cytokines or other chemicals from the lungs once inhaled.3   

Here, we discuss some challenges of studying the association between air pollution and 

neurodegenerative diseases, particularly Alzheimerôs disease and related dementias (ADRD) and 

Parkinsonôs disease (PD), which are the most prevalent neurodegenerative disorders, affecting 52 

million and 9 million individuals worldwide in 2019, respectively.1 As these disorders progress 

with age and populations are aging, they increasingly contribute to economic and social burdens 

through direct medical costs and the demands for formal and informal care. 

1.5.3 Air Pollution and Neurodegenerative Diseases 
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In recent years, a growing body of epidemiological studies has begun to explore the 

potential link between air pollution and neurodegenerative diseases. Yet, challenges persist, 

including varying exposure contrasts, levels, and duration, as well as complexities involving co-

exposures and different pollution sources. Key issues also include determining the most relevant 

latency periods for neurodegenerative diseases, diagnostic accuracy, and understanding the 

impacts of mediators such as comorbidities.  

Despite these complexities, meta-analyses conducted within the last five years have 

consistently shown that higher levels of PM2.5 increase the risk of AD and PD (Table 1). 

Specifically, for every 10 mg/m3 increase in PM2.5, the relative risk of AD has been estimated to 

increase by 1.5- to 5-fold, while the risk of PD increases somewhat less strongly, with meta-

analytical effect estimates currently ranging from 1.06 to 1.34. A meta-analysis by Tsai (2019) 

reported the highest hazard ratio (HR) of 4.82 (95% confidence interval [CI] = 2.28-7.36) for PM2.5 

exposure and AD.4 The analysis included data from only three studies with region-specific high 

effect estimates: the United Kingdom (HR = 2.88, 95% CI = 1.25-6.29), the United States (HR = 

4.05, 95% CI = 2.84-5.69), and Taiwan (HR = 7.08, 95% CI = 5.99-8.35). This finding underscores 

the variability in the PM2.5 effect estimates across studies and even meta-analyses of AD, which 

could possibly be influenced by developments in study methodologies (mostly in terms of 

exposure assessment) over time or differences in the vulnerability of the populations studied.  

Associations between nitrogen dioxide (NO2) and ground-level ozone (O3) and these 

neurodegenerative disorders are less consistently reported. While some meta-analyses report no 
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associations, others have found modest positive associations that did not reach formal statistical 

significance (Table 1). Even small or modest size increases in disease risk for these air pollutants 

and neurodegenerative diseases can have profound public health implications, as air pollution is 

widespread in nature and unavoidable and may amplify the overall health burden in an aging 

human population. The major remaining question, however, is whether NO2 and O3 affect risk 

independently of fine PM or may even exacerbate the risk. This question is particularly relevant 

as both PM2.5 and NO2 levels have been reduced considerably in the USA and Europe while 

controlling O3 levels has proven more difficult, resulting in relatively stable levels.
5 O3 is not 

directly emitted but results from secondary photochemical reactions influenced by volatile organic 

compounds (VOCs) and other pollutants, and its levels depend on meteorological conditions. 

Additionally, it is important to note that modeling O3 and NO2 often creates collinearity (negative  

correlations) due to the modeled atmospheric reactions involving both O3 and NO2. This 

underscores the importance of exploring O3ôs independent effects as much as possible. 

1.5.4 Exposure Assessment Issues 

To assess the contributions of air pollution exposures to neurodegenerative diseases, which 

are likely caused by chronic neurotoxicity and damage that slowly accumulates over time, it is 

necessary to investigate these disorders in large populations. This requires decades of air 

monitoring and detailed address history data. Large and long-running longitudinal cohort studies 

(such as the Nursesô Health study) or countries with residence records, a universal health insurance 

system, and routine air monitoring systems ï like Scandinavian or some Asian countries (Korea 

and Taiwan) ï provide ideal but rare settings. Although direct measurements from air quality 

monitors are generally very accurate in terms of temporal variation, they may not reflect exposure 

over larger geographical areas if local sources affect air pollutant concentrations and their 
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variability at a scale not supported by the density of monitoring sites. Studies have addressed some 

of these issues by building land-use regression or emissions-based models with high spatial 

resolution to capture transportation-related exposures and using various modeling techniques to 

incorporate data from satellites, ground monitors, and meteorological sources.6,7 However, 

modeled exposure surfaces often provide high resolution only in one of the two dimensions, i.e., 

either in terms of temporal or spatial coverage. Ambient air pollutant exposure monitoring and 

modeling limitations are most likely contributing to non-differential exposure misclassification, 

which can be extensive for pollutants with high spatial variability, such as traffic pollutants like 

NO2 and certain source-specific components of fine particles (e.g., ultrafine particles, fresh exhaust, 

and brake and tire wear-related metals), potentially biasing study results toward the null.  

The most sophisticated air pollution models and the densest monitoring for many pollutants 

have been developed after the year 2000. This limits our current ability to understand the long-

term contributions of air pollutants to the neurodegenerative process, which likely starts many 

decades before diagnosis or during the long prodromal stages of the disease. In fact, most air 

pollution studies assessing ADRD and PD have only evaluated exposure over periods ranging from 

one to five years prior to diagnosis, which is insufficient to capture cumulative effects and does 

not take prolonged prodromal periods into consideration. Such research is necessary to 

appropriately address lifetime cumulative exposure effects and identify more vulnerable periods 

for the neurodegenerative process. Exposure measures employed in these large studies rarely take 

into account changes in residences, do not assess ambient exposures at work addresses, and do not 

employ time-activity data, thus solely estimating outdoor air pollution exposure at a single address 

or over a short period of time. 
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 The role of different air pollution sources and the challenge of distinguishing effects of 

components from exposure mixtures further complicate air pollution studies. It is important to 

understand inconsistencies between studies better, as the composition and sources of PM2.5 mass 

can vary over time and across locations, likely affecting the toxicity of a PM2.5 mass-based measure. 

Most studies to date have not considered variability in PM2.5 constituents and/or source 

components. Recent research conducted in the Environmental Predictors of Cognitive Health and 

Aging (EPOCH) cohort with data from the Health and Retirement Study (HRS) reported that 

higher concentrations of modeled PM2.5 averaged over a 10-year period ï generated by agricultural 

burning and wildfires ï were associated with greater rates of incident dementia. Specifically, for 

each interquartile range increase in PM2.5, the HR was 1.13 (95% CI = 1.01-1.27) for agriculture 

and 1.05 (95% CI = 1.02-1.08) for wildfires.8 These findings underscore the importance of 

considering source-specific PM2.5 contributions to ADRD and PD. 

 Moreover, challenges persist in disaggregating the effects of individual air pollutants. For 

example, NO2, often used as a marker of traffic-related air pollution, and O3, a secondary pollutant 

formed from reactions between nitrogen oxides and VOCs in the presence of sunlight, exhibit 

sharp concentration gradients near traffic sources. Although photochemical reactions can lead to 

O3 formation, rapid titration reactions reduce O3 concentrations in areas with high NO2 levels, 

particularly in locations with high nitrogen oxide emissions, such as near traffic sources. These 

dynamics may necessitate using multi-pollutant or mixture models to accurately assess the 

individual and combined impacts of pollutants on neurodegenerative conditions. Additionally, 

addressing air pollution contributions may be complicated by correlated co-exposure to other 

environmental exposures that might act as confounders or modifiers, such as lack of green space 

and higher traffic-related noise.  
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1.5.5 Diagnostic Accuracy, Latency, and Relevant Time Periods 

Given the complexity of symptoms and pathomechanisms, accurately identifying the onset 

of neurodegenerative disorders presents substantial challenges in epidemiological studies, 

especially when considering the long-term impacts of air pollution. AD is the most common form 

of ADRD, accounting for about 60-70% of dementia cases.9 It is characterized by progressive 

cognitive deterioration, typically beginning with short-term memory loss, and a definitive 

diagnosis is only possible at autopsy. Most cases of ADRD exhibit a mixed pathology, often 

including vascular components alongside AD pathologies. They may also display pathologies 

associated with PD, such as those seen in dementia with Lewy bodies. PD, primarily a movement 

disorder, exhibits a prodromal period where non-motor symptoms (e.g., olfactory dysfunction, 

rapid eye movement, sleep behavior disorders, constipation, and depression) may manifest up to a 

decade before motor symptoms appear. Similarly, Lewy body dementias, which include 

Parkinsonôs disease dementia (PDD) and dementia with Lewy bodies (DLB), present a mix of 

cognitive and motor symptoms. About 80% of PD patients who survive for 20 years will eventually 

develop PDD.10 In cases of DLB, cognitive symptoms either precede or emerge within one year 

of parkinsonism, which is a requirement for clinical diagnosis. The distinction between DLB and 

PD in clinical practice can be challenging. Pathologically, many patients diagnosed with PD during 

their lifetime may exhibit signs of DLB upon autopsy. This overlap indicates that, while distinct 

in clinical criteria, PD and DLB share underlying pathological features.  

Accurately diagnosing neurodegenerative diseases is inherently challenging due to the 

subtlety and variability of early symptoms and a lengthy prodromal period during which some 

individuals with better reserves may compensate for diminished cognitive or motor function. For 

example, research indicates that when compared with a diagnosis based on brain pathology, the 
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diagnostic accuracy of a clinical diagnosis for PD varies, with non-experts achieving 73.8% 

accuracy and movement disorder experts 83.9% after a follow-up period.11 Further complicating 

epidemiological studies of disease incidence is an even higher rate of misdiagnosis early in 

disease.11 Currently, many cohort studies rely on interview surveys with participants self-reporting 

diagnoses or symptoms. The latter relies on respondentsô awareness of symptoms, which can be 

influenced by cultural/social factors and educational levels, while the timing of getting a first 

diagnosis depends on access to healthcare (in the US). Similar misdiagnosis issues apply to large 

record-based studies using, for example, Medicare billing or hospitalization records to generate 

the outcome data. In addition, these studies have the added problem that patients with 

neurodegenerative diseases are generally being admitted for such a diagnosis in the late stages of 

the disease or are admitted to departments other than neurology for comorbidities that require 

hospitalization. These diagnostic difficulties profoundly impact studies examining the links 

between air pollution and disease incidence as they contribute to disease misclassification. 

 Consequently, relying solely on electronic hospitalization records to identify ADRD and 

PD is problematic, not just due to misdiagnosis but also because of the inherent difficulties in 

pinpointing the likely onset of the disease. These records often capture diagnoses at advanced 

stages of the disease or are influenced by admissions for other comorbidities, obscuring the early 

stages of neurodegenerative diseases. Similarly, death certificates present additional challenges as 

they frequently underreported conditions like AD or PD, listing them as contributing rather than 

primary causes of death. The complexity of differentiating between the early and later stages of 

ADRD and the initial non-motor followed much later by motor symptoms in PD may contribute 

to inconsistencies in results reported in record-based studies of air pollution effects on these 

neurodegenerative diseases. 
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1.5.6 Comorbidities, Lifestyle Factors, and Aged Cohorts 

Comorbidities such as cardiovascular disease (CVD) and diabetes may mediate the effect 

of air pollution on neurodegenerative disorders. Air pollution is a known risk factor for 

cardiovascular health and can trigger acute myocardial infarction12 and stroke.13 Because CVD 

accelerates cognitive decline and can lead to neurodegenerative conditions, exposure to air 

pollution might negatively affect cognition, even without directly affecting the brain, through the 

detrimental effect of CVD on brain health. Notably, higher levels of the 5-year average modeled 

total PM2.5 were shown to be associated with an increased hazard of developing vascular dementia 

(HR = 1.66 per 0.88 mg/m3 of PM2.5 increase, 95% CI = 1.38-1.99),14 supporting an effect on the 

vascular component of ADRD related to air pollution exposure and may further aggravate amyloid 

driven angiopathies and contribute to mixed pathologies. Recent studies suggest that these effects 

are mediated by air pollutionôs impact on cardiovascular health rather than CVD acting as a 

moderator.14,15  

Epidemiological evidence indicates that air pollution is also a risk factor for diabetes,16 

which in turn is a strong risk factor for ADRD.17 Type 2 diabetes mellitus (T2DM) shares many 

similarities with AD, such as impaired glucose uptake, increased oxidative stress, inflammation, 

aging, and brain atrophy. Both conditions can lead to impaired cognition and dementia. Moreover, 

T2DM has been directly linked to brain insulin resistance and amyloid accumulation in AD, 

underscoring a more direct connection beyond inflammation alone.18,19 While T2DM has also been 

associated with an increased risk of developing PD,20 the evidence linking diabetes and PD is less 

consistent compared to associations between diabetes and AD.21,22 Given the strong links between 

air pollution, diabetes, and ADRD and possible links with PD, the roles of CVD and diabetes as 

mediators in these relationships must be carefully considered. Importantly, adjusting for these 
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comorbidities in studies may be inappropriate since they may explain or be in the pathways of a 

substantial proportion of air pollution-related neurodegenerative disease. This also suggests that 

the exposure periods of relevance might be even much earlier in life, i.e., prior to the onset of these 

common comorbidities. 

As in the case of these comorbidities, lifestyle factors such as diet and physical activity 

may modify the relationship between air pollution and neurodegenerative disorders. Healthy 

dietary habits reduce the risk of major noncommunicable diseases, including CVD,23 diabetes,24 

ADRD,25 and PD.26 Rich in antioxidants and anti-inflammatory nutrients, a healthy diet can 

mitigate the chronic systemic inflammation that exacerbates the adverse effects of air pollution on 

cardiometabolic and neurodegenerative diseases. Specifically, the Mediterranean diet is associated 

with a lower mortality risk from PM2.5 and NO2-related CVD, possibly through suppressing 

arrhythmias, modulating autonomic function, and anti-thrombotic, anti-inflammatory, and 

vasodilatory effects.23 Moreover, vegetables and fruits, rich in nutrients like polyphenols, 

antioxidant vitamins, and dietary fiber, can reduce inflammation and oxidative stress caused by 

ambient pollutants in the central nervous system, ultimately affecting the pathogenesis of 

neurodegenerative disorders.27 Therefore, it is prudent to consider the modifying effects of diet 

when assessing the impact of air pollution on neurodegenerative disorders, especially given its 

close association with their comorbidities such as CVD and diabetes. 

Physical activity also reduces the risk of major noncommunicable diseases, including 

cardiometabolic and neurodegenerative diseases.28 The benefits of physical activity include 

decreasing lipid levels and inflammatory markers in circulation, promoting both cardiometabolic 

and brain health, and enhancing brain plasticity and cognitive reserve. Additionally, green spaces 

have been shown to increase physical activity among older populations, further reducing the risk 
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of ADRD.29 However, there are concerns about the potential risks of exercising in polluted areas. 

Studies have indicated that increased air pollution inhalation during physical activity can diminish 

its beneficial effects on cardiovascular and metabolic systems. For instance, cyclists experience 

higher exposure to traffic-related PM compared to car passengers, primarily due to their increased 

ventilation rate during physical activity in polluted environments.30 Thus, the advantages of 

physical activity for brain health must be carefully weighed against the environmental conditions 

of the exercise setting, particularly the proximity to traffic and urban pollution during exercise.  

Finally, the selection of participants, especially in studies involving older cohorts, can 

substantially affect epidemiological research findings, as they typically include individuals over 

50 years of age as shown in the recent meta-analysis (Table 1). Factors such as baseline health 

status and attrition rates are particularly influential. Older adults who elect to participate in long-

term studies might not represent the general elderly population as they tend to be healthier, more 

engaged, and possibly more conscientious about their health.31 More important than results not 

being generalizable, this can cause selection bias based on under-enrollment of those with poorer 

health or less access to healthcare, and this may bias results towards the null. Additionally, high 

attrition rates, often due to health deterioration from other chronic diseases related to air pollution 

that increase mobility issues and frailty or mortality, can further contribute to selection bias as it 

results in disproportionately removing sicker individuals who are more highly exposed and would 

develop the outcome. This, again, leads to an underestimation of air pollution impacts on 

neurodegenerative disorders, as those who remain in the study are healthier and less affected by 

air pollution on average. It is important to consider the possibility of selection in cohort who enroll 

older  people at baseline to ensure that the findings are unbiased and also applicable to the aging 

population in general.32 
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1.5.7 Conclusion 

Studying the effect of air pollution on neurodegenerative diseases presents several notable 

challenges. The issues include limitations in exposure assessment, such as low exposure contrasts 

and short duration relative to the long latency periods of ADRD and PD. Additionally, co-exposure 

to other pollutants environmental factors, and variations in PM2.5 constituents, sources, and 

toxicities add complexity. Accurate outcome assessment is also inherently challenging due to the 

subtlety and variability of early symptoms of ADRD and PD, complicating the understanding of 

disease onset and progression. Latency periods and identifying the most relevant time periods for 

exposure further complicate the assessment of the impact of air pollution. Mediators and/or effect 

modifiers (e.g., comorbidities and lifestyle factors) require careful consideration. Furthermore, the 

potential for selection bias in studies involving older cohorts at baseline should be carefully 

assessed or at least its potential magnitude estimated.32  

Thus, future research should focus on extending exposure assessment to include longer 

periods (greater than five years) to capture the cumulative effects and long-term impact of air 

pollution on ADRD and PD. Incorporating various risk mediators and/or modifiers, including 

comorbidities and behavioral factors, will help suggest mechanisms for the  development of ADRD 

and PD. Additionally, including larger and more diverse study populations, particularly across 

different age groups, socioeconomic statuses, and racial/ethnic backgrounds, is essential to 

ensuring that the findings are generalizable to the broader aging population. 
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Table 1 Results of meta-analyses investigating the association between long-term air pollution 

and neurodegenerative diseases 

First 

Author 

(Publication 

Year) 

Number of 

studies 

included and 

time period Country 

Sample size 

and age 

group Result 

Alzheimerôs 

disease  

    

Gong 

(2023)33 

13 studies France, Hong 

Kong, Italy, 

Taiwan, the UK, 

and the US 

168,414,337 

individuals 

PM2.5: OR = 1.65 per 10 

mg/m3 (1.37-1.94) 

PM10: OR = 1.21 per 10 

mg/m3 (0.87-1.55) 

Cheng 

(2022)34 

13 studies 

1993-2018 

Taiwan, Hong 

Kong, Italy, 

Sweden, the UK, 

and the US 

36,430,147 

individuals 

aged ² 50 

years 

PM2.5: HR = 1.47 per 10 

mg/m3 (1.22-1.78) 

Dhiman 

(2022)35 

11 studies 

1993-2013 

Canada, Italy, 

Spain, Sweden, 

Taiwan, the UK, 

the US 

9,655,613 

individuals 

aged ² 50 

years 

PM2.5: HR = 1.08 per 1 

mg/m3 (1.01-1.15) 

O3: HR = 1.02 per 1 mg/m3 
(0.96-1.08) 

Fu (2020)36 9 studies 

1993-2013 

Canada, Italy, 

Spain, Sweden, 

Taiwan, the UK, 

and the US 

11,603,390 

individuals 

aged 30-85 

years 

PM2.5: OR = 1.95 per 10 

mg/m3 (0.88-4.30) 

NO2: OR = 1.00 per 10 

mg/m3 (0.89-1.13) 

O3: OR = 1.03 per 10 mg/m3 

(0.68-1.57) 

PM10: OR = 1.32 per 10 

mg/m3 (0.91-0.99) 

Fu (2019)37 3 studies 

2001-2010 

Spain, Taiwan, 

and the US 

686,486 

individuals 

aged ² 60 

years 

PM2.5: OR = 3.26 per 10 

mg/m3 (0.84-12.74) 

Tsai (2019)4 3 studies 

1999-2013 

Taiwan, the UK, 

and the US 

10,053,214 

individuals 

aged ² 50 

years 

PM2.5: HR = 4.82 per 10 

mg/m3 (2.28-7.36) 

Parkinsonôs 

disease 

    

Dhiman 

(2023)38 

11 studies 

2014-2019 

Australia, 

Canada, 

Denmark, 

Netherlands, 

South Korea, 

Taiwan, and the 

US 

7,236,528 

individuals 

aged 35-85 

years 

PM2.5: 1.01 per 1 mg/m3 
(0.99-1.03) 

NO2: OR = 1.01 per 1 

mg/m3 (1.00-1.02) 

O3: OR = 1.01 per 1 ppb 

(1.00-1.02) 
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CO: OR = 1.64 per 1 ppm 

(0.96-2.78) 

Gong 

(2023)33 

9 studies Canada, Italy, 

South Korea, 

Taiwan, and the 

US 

76,945,382 

individuals 

PM2.5: OR = 1.17 per 10 

mg/m3 (1.00-1.33) 

PM10: OR = 1.00 per 10 

mg/m3 (0.98-1.01) 

Chen 

(2022)39 

6 studies 

1992-2013 

Canada, China, 

Denmark, and the 

US 

2,464,105 

individuals 

NO2: RR = 1.03 per 10 

mg/m3 (1.01-1.05) 

O3: RR = 1.07 per 10 mg/m3 

(1.02-1.12) 

CO: RR = 1.57 per 1 mg/m3 

(1.07-2.32) 

Han 

(2020)40 

20 studies 

1986-2018 

Australia, 

Canada, China, 

Denmark, 

Germany, 

Greece,  Italy, 

Japan, 

Netherlands, 

Spain, Sweden, 

Taiwan, the UK, 

and the US 

16,078,950 

individuals 

with 

average age 

of 71.3 

years  

PM2.5: RR = 1.08 per 10 

mg/m3 (0.98-1.19) 

NO2: RR = 1.03 per 10 

mg/m3 (0.99-1.07) 

O3: RR = 1.01 per 10 mg/m3 

(0.82-2.11) 

PM10: RR = 0.99 per 10 

mg/m3 (0.97-1.01) 

CO: RR = 1.32 per 1 mg/m3
 

(0.82-2.11) 

Hu (2019)41 10 studies 

1988-2013 

Canada, 

Denmark, 

Taiwan, and the 

US 

10,252,302 

individuals 

aged 12-92 

years 

NOx: RR = 1.06 per 10 ppb 

(1.04-1.09) 

NO2: RR = 1.01 per 1 ppb 

(1.00-1.03) 

O3: RR = 1.01 per 1 ppb 

(1.00-1.02) 

CO: RR = 1.65 per 1 ppm 

(1.10-2.48) 

Kasdagli 

(2019)42 

13 studies Canada, 

Denmark, Italy, 

Netherlands, 

Taiwan, and the 

US 

15,576,835 

individuals 

PM2.5: RR = 1.06 per 10 

mg/m3 (0.99-1.14) 

NO2: RR = 1.01 per 10 

mg/m3 (0.98-1.03) 

O3: RR = 1.01 per 5 ppb 

(1.00-1.02) 

CO: RR = 1.34 per 1 mg/m3 

(0.85-2.10) 

Fu (2019)37 7 studies 

1988-2010 

Canada and the 

US 

1,092,560 

individuals 

aged 20-85 

years 

PM2.5: OR = 1.34 per 10 

mg/m3 (1.04-1.73) 
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Task 2: Obtaining and Coding Health Outcomes 

Information  

During this reporting period, UCLA fulfilled the IRB requirements for both UCLA and 

UCB, obtaining the necessary approvals and extensions to include new study protocols under 

existing approvals and to grant authorization for UCB investigators working on the project. UCLA 

also secured birth outcome and ASD data from the California (CA) Department of Public Healthôs 

Vital Statistics Applications System, covering the years 1990ï2019. Dr. Ritzôs original birth 

recordïDepartment of Developmental Services (DDS) dataset link was extended and updated 

through 2022, capturing newly diagnosed ASD cases and enabling cross linkage between birth 

certificates to identify siblings. For the geocoding component, UCLA processed addresses for 30 

years of birth records, relying on zip code data before 1998 when full addresses were unavailable 

statewide. 

To further enrich the study, UCLA accessed population-based data from the established 

PEG and SALSA studies, both led by Dr. Ritz. The PEG dataset provides lifetime residential and 

occupational histories that facilitate comprehensive assessments of air pollution exposures, while 

the SALSA dataset includes detailed follow-up cognitive assessments and risk factor data among 

older Hispanic adults in the Sacramento area for analyzing dementia and cognitive decline.  

UCLA downloaded 30 years of air pollution surfaces from UCBðapproximately 16 

terabytes of dataðand assigned these exposures both to the 30-year birth record dataset for CA 

and to participants in the PEG and SALSA cohorts. 

Finally, for the economic analyses, we used rates of birth outcomes and ASD from the CA 

birth registry and DDS respectively, while rates for Parkinsonôs disease (PD) and Alzheimerôs 
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disease (AD) were sourced from the literatureðMarras et al. (2018) for PD and Mayeda et al. 

(2016) for AD. The latter provided more generalizable rates compared to the PEG and SALSA 

Central Valley cohorts. These data were then used to assess the economic impacts of air pollution 

on health. 
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Task 3: Air pollution exposure modeling 

 

3.1  Criteria Air Pollutants 

 

 3.1.1 Abstract  

California's diverse geography and meteorological conditions necessitate models capturing 

fine-grained patterns of air pollution distribution. This study presents the development of high-

resolution (100 m) daily land use regression (LUR) models spanning 1989-2021 for nitrogen 

dioxide (NO2), fine particulate matter (PM2.5), and ozone (O3) across California. These machine 

learning LUR algorithms integrated comprehensive data sources, including traffic, land use, land 

cover, meteorological conditions, vegetation dynamics, and satellite data. The modeling process 

incorporated historical air quality observations utilizing continuous regulatory, fixed site 

saturation, and Google Streetcar mobile monitoring data. The model performance (adjusted R2) 

for NO2, PM2.5, and O3 was 84%, 65%, and 92%, respectively. 

Over the years, NO2 concentrations showed a consistent decline, attributed to regulatory efforts 

and reduced human activities on weekends. Traffic density and weather conditions significantly 

influenced NO2 levels. PM2.5 concentrations also decreased over time, influenced by aerosol 

optical depth (AOD), traffic density, weather, and land use patterns, such as developed open spaces 

and vegetation. Industrial activities and residential areas contributed to higher PM2.5 

concentrations. O3 concentrations exhibited no significant annual trend, with higher levels 

observed on weekends and lower levels associated with traffic density due to the scavenger effect. 

Weather conditions and land use, such as commercial areas and water bodies, influenced O3 

concentrations. 
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To extend the prediction of daily NO2, PM2.5, and O3 to 1989, models were developed for 

predictors such as daily road traffic, normalized difference vegetation index (NDVI), Ozone 

Monitoring Instrument (OMI)-NO2, monthly AOD, and OMI-O3. These models enabled effective 

estimation for any period with known daily weather conditions. 

Longitudinal analysis revealed a consistent NO2 decline, regulatory-driven PM2.5 decreases 

countered by wildfire impacts, and spatially variable O3 concentrations with no long-term trend. 

This study enhances understanding of air pollution trends, aiding in identifying lifetime exposure 

for statewide populations and supporting informed policy decisions and environmental justice 

advocacy. 
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3.1.2 Introduction 

Air pollution remains a persistent threat to public health 1, requiring accurate 

methodologies to assess exposure and comprehend its complex spatiotemporal dynamics. In 

relating air pollution to health, Land Use Regression (LUR) models are typically used to develop 

spatiotemporal surfaces that align with the occurrence of a health outcome being studied. 

"Surfaces" in this context refers to spatially continuous data representations of air pollutant 

concentrations across a geographic area. LUR models estimate air pollution concentrations at 

specific monitoring sites using geographic predictors, including land use, traffic volume, and 

environmental characteristics 2,3. Several LUR models have been developed in California at 

regional level, mainly in Southern California, focusing on annual or multiple-year single surface 

prediction of pollutant concentrations 4-8. Recently, machine learning (ML) algorithms have been 

used for air pollution modeling in California 9,10, including the Deletion/Substitution/Addition 

(D/S/A) algorithm 11,12. While D/S/A is fundamentally an ML approach, its application in air 

pollution research serves the same purpose as a LUR model by capturing the spatiotemporal 

variability of air pollution based on various land use and environmental predictors. However, 

D/S/A leverages the strengths of both LUR and ML techniques, providing better prediction 

accuracy and flexibility in handling complex, high-dimensional datasets 11-14. These traditional and 

ML integrated LUR models, however, either do not have statewide coverage, have coarser 

resolution (e.g., over 1 km resolution), or lack many years of continuous coverage (e.g., over 30 

years) to identify the very fine-scale variations in pollutant concentrations for statewide multiple 

decade health studies.  

With a land area of 423,970 km2 and a multitrillion-dollar gross domestic product, the State 

of California in the U.S. would rank as the world's eighth-largest national economy if it were a 
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nation 15. California's distinctive geography and meteorological conditions result in pronounced 

spatial and temporal variations in air quality 16.  Sources and concentrations of air pollutants vary 

significantly across coastal regions, inland valleys, urban centers, and rural landscapes  17,18. This 

variability requires models that capture fine-grained spatiotemporal patterns, enhancing the 

accuracy of exposure assessments  19,20. 

High-resolution models are essential for understanding the complex relationships between 

pollutant exposures and health outcomes, including respiratory and cardiovascular diseases, 

adverse birth outcomes, and mortality 21-26. Some health outcome studies, such as those 

investigating the impact of air pollution on life expectancy 27-29 and comprehending the lifelong 

consequences of air pollution 30, necessitate extensive longitudinal studies such as those over a 

span exceeding 30 years. The traditional and ML integrated models provide the foundation for 

evidence-based policy interventions aimed at reducing pollution exposure misclassification and 

mitigating health risks, particularly in vulnerable populations 31-33. The identification of pollution 

hotspots and the elucidation of disparities in exposure also support environmental justice efforts, 

ensuring that policies are informed by a comprehensive understanding of both spatial and temporal 

variations in air quality 34-38. Understanding the temporal aspects of air quality becomes crucial for 

immediate health outcomes and discerning the lifelong impact of air pollution on health.  

Among air pollutants, fine particulate matter (PM2.5) is of particular concern due to its 

ability to infiltrate the lungs and enter the bloodstream, contributing to the occurrence of 

respiratory and cardiovascular diseases 39-41. Nitrogen Dioxide (NO2), a key indicator of traffic-

related air pollution, has been associated with exacerbated respiratory conditions such as asthma 

42,43. Ozone (O3), formed through photochemical reactions involving precursor emissions, plays 

an important role in the formation of ground-level ozone (smog), which is known to aggravate 
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pulmonary disorders 44-46. In California, the major health concerning criteria pollutants are NO2, 

PM2.5 and O3. 

In terms of spatial distribution, NO2 exhibits a steep spatial gradient, with concentrations 

decreasing significantly as distance from emission sources increases 8,47,48. PM2.5, comprising both 

primary and secondary particles, displays a more gradual spatial attenuation 49. Conversely, O3 

distribution tends to exhibit an inverse spatial relationship to NO2, influenced by the NOx titration 

effect 50,51. The distinct spatial characteristics and health impacts of PM2.5, NO2, and O3 underscore 

their centrality to our study and highlight the importance of capturing their respective distribution 

patterns in exposure assessment models. 

Mobile monitoring significantly improves the capture of detailed spatial and temporal 

variations in pollutant concentrations, leading to more accurate and comprehensive air pollution 

modeling. By incorporating data from Google Streetcar measurements, particularly those near 

highway roadways, we enhance spatiotemporal coverage beyond traditional regulatory air quality 

monitors. This approach allows for a finer resolution of data across diverse environments, 

contributing to a deeper understanding of exposure patterns and their potential health impacts. 

 In this research, we propose developing daily air pollution models of 30 m resolution 

across three decades using the D/S/A integrated LUR modeling technique 52-55 for NO2, PM2.5 and 

O3. This approach incorporates diverse datasets, including traffic, land use, land cover, vegetation 

dynamics, meteorological conditions, satellite remote sensing data, and other data sources. The 

modeling approach integrates air pollution measurements data from government regulatory 

monitoring, fixed site saturation monitoring and Google Streetcar mobile monitoring. Additionally, 

we extend predictors to periods with no observations for ensuring the temporal continuity of the 
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models, allowing for a comprehensive and consistent analysis of air pollution dynamics across an 

extended timeframe.  

The research results will be used to help identify life-time air pollution exposure to 

statewide patients, including adverse birth outcomes and population life expectancy over 30 years, 

particularly for those vulnerable in California. These models and surfaces also provide the ability 

to identify historical environmental exposure disparities and trends due to their high spatial 

resolution. This work will also support future air pollution research studies that require high-

precision air pollution surfaces over an extended period to help identify their association with 

major health outcomes of interest. 

3.1.3 Methods 

 

3.1.3.1 Acquiring and processing air pollution data from regulatory monitoring 

We acquired and processed daily air pollution data and their spatial locations from the U.S. 

Environmental Protection Agency (https://aqs.epa.gov/aqsweb/airdata/download_files.html). The 

regulatory data measurements were obtained from monitoring sites equipped with standardized 

instruments for measuring air pollutants. Specifically, NO2 was measured using instruments coded 

as 42602, which typically involve chemiluminescence techniques, recognized for their accuracy 

in detecting nitrogen dioxide levels in ambient air. PM2.5 concentrations were measured using 

Federal Reference Method (FRM) or Federal Equivalent Method (FEM) instruments coded as 

88101, which involve either gravimetric or continuous monitoring techniques to capture fine 

particulate matter in the air. Ozone (O3) measurements were conducted using instruments coded 

as 44201, which commonly utilize ultraviolet photometry to accurately measure ozone 

concentrations. In California, the spatial distribution of the regulatory air quality monitoring data 
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for NO2, PM2.5 and O3 are presented in Figure 1 (left for NO2, middle for PM2.5 and right for O3) 

and the respective unique number of regulatory sites is presented in Table 1.  

The trend for NO2 measurement sites shows a slight decline during the early 1990s, with 

the number of unique sites decreasing from 151 in 1990 to 147 in 2000. This downward trend 

continued until 2006, when the number of monitoring sites reached its lowest point. After 2006, 

the number of unique NO2 measurement sites fluctuated between 127 and 135, suggesting 

variability in monitoring efforts. Overall, there is no consistent upward or downward trend in NO2 

monitoring, indicating that the focus on this pollutant has varied over the years. The total number 

of unique NO2 air quality monitors is 277. In contrast, the trend for PM2.5 reveals a clear upward 

trajectory in the number of unique measurement sites. Starting with 183 sites in 1999, the number 

steadily increased to 252 by 2021. This growth is particularly evident from 2000 onward, 

demonstrating a growing recognition of the importance of this pollutant and dedicated resources 

to understanding and mitigating its impacts. The total number of unique PM2.5 air quality monitors 

is 331. For O3, the trend indicates a generally stable pattern with a gradual increase in monitoring 

sites over time. The number of unique O3 measurement sites increased from 194 in 1990 to 198 in 

2008, with some fluctuations throughout the years. Although the overall growth in O3 monitoring 

efforts is less pronounced than that of PM2.5, it still demonstrates a steady commitment to tracking 

this pollutant. The total number of unique O3 air quality monitors is 379.  

In our modeling process, we also applied fixed site saturation monitoring data in our 

analysis. A detailed description of the saturation monitoring data can be found in Su, Meng, Chen, 

Molitor, Yue and Jerrett 54. 
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Figure 1. The spatial distributions of the regulatory monitors for NO2 (left panel), PM2.5 (middle 

panel), and O3 (right panel) over the observable time periods. 

 

Table 1. The unique number of regulatory monitoring sites with the respective effective 

measurements of NO2, PM2.5 and O3 across the study period. 

Year 
Number of Unique Sites 

NO2 PM2.5 O3 

1989 
  

182 

1990 151 
 

194 

1991 150 
 

201 

1992 149 
 

205 

1993 159 
 

199 

1994 164 
 

208 

1995 163 
  

1996 159 
  

1997 156 
  

1998 154 
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1999 148 183 
 

2000 147 
  

2001 153 
  

2006 127 
 

186 

2007 129 213 195 

2008 136 221 198 

2009 130 225 192 

2010 132 228 194 

2011 127 229 196 

2012 132 248 198 

2013 129 242 190 

2014 132 246 189 

2015 133 240 185 

2016 135 238 185 

2017 132 240 184 

2018 129 246 180 

2019 128 241 181 

2020 124 247 182 

2021 127 252 178 

Total 277 331 379 

 

3.1.3.2 Acquiring and processing air pollution data from Google Streetcar monitoring 

Google Streetcar had mobile monitoring of the three criteria pollutants across San 

Francisco Bay (counties of Alameda, Contra Costa, San Francisco and San Mateo), Los Angeles 

County, and Central Valley regions (see: https://www.google.com/earth/outreach/special-

projects/air-quality/). The Google Streetcar mobile measurements for each region are highly 

spatially autocorrelated due to the intense sampling of air pollutants on its road network. To ensure 

https://www.google.com/earth/outreach/special-projects/air-quality/
https://www.google.com/earth/outreach/special-projects/air-quality/
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that our models captured a wide range of variability in road traffic patterns while minimizing the 

influence of spatial autocorrelation, we selected 150 road segments for each region through a 

location-allocation algorithm  56. Spatial autocorrelation can lead to inflated model performance 

metrics and reduced generalizability by over-representing certain areas or patterns. By using the 

location-allocation algorithm, we distributed the selected road segments more evenly across each 

region, reducing clustering and ensuring that our models are better representative of the broader 

spatial patterns across California. This approach helped in developing more robust and 

interpretable models by preventing overfitting to localized traffic conditions.  A total of 150 road 

segments with each road segment having at least 100 measurements was selected for each of the 

four regions: Alameda and Contra Costa; San Francisco and San Mateo; Los Angeles, and Central 

Valley. Each region had (1) 50 road segments selected from locations within 500 m of highways 

allowing truck traffic, or within 500 m of major California ports (i.e., goods movement corridors 

or GMCs), (2) 50 road segments selected from locations within 500 m of highways not allowing 

truck traffic or within 300 m of major roadways (i.e., non-goods movement corridors or NGMCs), 

and (3) locations not encompassed in the first and second parts (i.e., control areas or CTRLs). The 

detailed selection process is documented in the Supplementary file. The Google Streetcar 

measured NO2 and O3 concentrations in the unit of ppb ï the same as regulatory monitoring; 

however, PM2.5 concentrations were in total number of particles instead of the typical 

concentrations in Õg m-3. The daily concentration of PM2.5 in Õg m
-3 of road segment i of traffic 

corridor k on day j was estimated through: 

 ὅȟȟ Ὃȟȟ ὙzȟȾὋȟ         

       (1) 

where ὅȟȟ and Ὃȟȟ represent the converted and original measures. Ὑȟ and Ὃȟ are respectively 

the mean PM2.5 concentrations in Õg m
-3 from all the regulatory monitors and the mean PM2.5 
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particle numbers from all the selected 50 road segments for day j in corridor k. The PM2.5 

concentrations were estimated separately for each region. 

3.1.3.3 Acquiring and processing air pollution predictors from the observation period 

For the predictors (Table 2), the availability of daily traffic data varied across 12 California 

Department of Transportation (Caltrans) districts (Figure S2), with the earliest traffic data available 

from 2000 to 2005. We used the data collected by the Caltrans Performance Measurement System 

(PeMS) to derive roadway daily traffic. PeMS data are collected in real-time from nearly 40,000 

individual detectors spanning the freeway system across all major metropolitan areas of the State 

of California and provide an Archived Data User Service that provides over fifteen years of data 

for historical analysis. The detector measured traffic flow covered ~5 % highway segments and 

we summed hourly traffic to daily traffic for all the stations across California. The interconnected 

steps were then used to derive daily traffic for all the California highways. Please refer to the 

Supplementary file for the details of traffic assignment. 

The land use data was derived from the 2019 statewide parcel data, combined by the 

California Air Resources Board (CARB) from individual County Assessorôs Offices, and we 

considered them consistent across all the years. The land cover data was acquired from the National 

Land Cover Database (NLCD) at five-year intervals (2001, 2006, 2011, 2016, and 2019) 57. The 

assumption was that land cover remained constant until the subsequent available measurement. 

Vegetation dynamics were assessed through the Moderate Resolution Imaging Spectroradiometer 

(MODIS) instrument-derived data, specifically the Normalized Difference Vegetation Index 

(NDVI) 58, computed at 16-day intervals since 2000. We assumed the vegetation index remained 

constant from its previous measurements within 16 days. Daily meteorological data were acquired 

from the GridMet dataset 59, covering 1989 to 2021 at a 4 km spatial resolution. For satellite remote 
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sensing data, daily measurements from the Ozone Monitoring Instrument (OMI) 60 for NO2 and 

O3 were accessible from 2005 to 2021. The aerosol optical depth (AOD) data 
61 was available from 

2000 to 2021. 

 

Table 2. LUR predictors and available time periods in the modeling process. 

Variables 
Source Spatial 

Resolution 

Temporal 

Resolution 
Time Period 

Extension 

Period 

Trafficŭ CalTrans 30 m Daily 2005-2021 1989-2004 

Land useɗ CARB 30 m One time 2019 Use 2019 

Land coverÔ NLCD 30 m Every 5 years 2001-2019 Use 2001 

Vegetation index 

(NDVI) ú 

MODIS 250 m Every 16 

days 

2000-2021 1989-1999 

Meteorological 

dataÃ  

GridMet 4 km Daily 1989-2021 None 

AOD dataɝ MAIAC 1 km Daily 2000-2021 1989-1999 

OMI-NO2 data
ɝ NASAôs OMI 25 km Daily 2005-2021 1989-2004 

OMI-O3 data
ɝ NASAôs OMI 25 km Daily 2005-2021 1989-2004 

Distance to 

highway and 

major roadwaysỜ 

ESRI 30 m One time 2018 None 

Distance to coastỜ USGS 30 m One time 2015 None 

Elevation from 

digital elevation 

modelỜ 

USGS 30 m One time 2015 None 
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Distance to portsỜ ESRI 30 m One time 2018 None 

ŭ: Traffic data are derived from the California Department of Transportation (CalTrans) 

ɗ: Land use data are provided by the California Air Resources Board (CARB), which combined 

the parcel data from all the 58 counties in California. 

Ô: Land cover data is derived from the NLCD (National Land Cover Database) provided by the 

U.S. Geological Survey (USGS). 

ú: The NDVI (Normalized Difference Vegetation Index) data is provided by MODIS (Moderate 

Resolution Imaging Spectroradiometer) from NASA's Earth Observing System (EOS). 

Ã: The meteorological data is sourced from GridMet provided by the University of Idaho. 

ɝ: MAIAC AOD data: Data from the Multi-angle Implementation of Atmospheric Correction 

(MAIAC) algorithm using MODIS Terra and Aqua satellites; OMI-NO2 and OMI-NO3 data are 

derived from the National Aeronautics and Space Administration Ozone Monitoring Instrument. 

Ờ: Traditional predictors include distance to the nearest highway and major roadway derived from 

the ESRI Street data layer for 2018, distance to coast and elevation data derived from the USGS 

for 2015, and distance to major ports derived from the ESRI data layer for 2018. 

 

3.1.3.4 Extending air pollution predictors to unobserved periods 

 

3.1.3.4.1 Backcasting daily traffic: 

The earliest traffic data available for California ranged from 2000 to 2004 (Table 2). The 

range of dates for traffic data availability is due to increased efforts by Caltrans to manage traffic 

across California. They initially focused on densely populated areas, such as the San Francisco 

Bay Area in District 4 and Los Angeles in District 7 (Figure S2), before expanding to other less 

populated districts. We used a linear mixed-effects model to estimate missing traffic for the 

unobserved period. The linear mixed-effects model allowed us to account for both fixed and 

random effects to accurately predict daily traffic. The fixed effect was the year, capturing any 

overarching trends in traffic volume over time. Meanwhile, the random effects included the road 

segmentôs route, the county in which it was located, the specific month, season, and whether the 

day in question was a weekday or weekend. For each Caltrans district, we developed separate 



 ру 

models that reflected the district-specific relationships between these factors and daily traffic. This 

district-specific modeling was crucial as traffic patterns can vary significantly across Californiaôs 

diverse regions. Once the models were established for each district, they were applied to estimate 

daily traffic on road segments for days where traffic data was missing, specifically targeting the 

years without observations.  

3.1.3.4.2 Backcasting daily NDVI data: 

No MODIS NDVI data is available before 2000, as indicated in Table 2. We used a multiple 

linear regression modeling technique to backcaste daily NDVI data. In this approach, we used 

long-term monthly average NDVI values as the baseline and modeled the relationship between 

daily NDVI values and various meteorological variables (such as precipitation, temperature, 

relative humidity, wind speed, and wind direction) as predictors. We recognize that meteorological 

conditions such as temperature, precipitation, and humidity directly impact vegetation growth and 

health. NDVI, which is a measure of vegetation density and health, can vary significantly with 

changes in these meteorological factors. For instance, higher temperatures and varying 

precipitation levels can affect plant growth cycles and chlorophyll content, thus influencing NDVI 

values. This regression model allowed us to estimate daily NDVI values for the period before 2000, 

extending back to 1989. 

3.1.3.4.3 Backcasting daily OMI-NO2 data: 

In constructing the daily NO2 model, we identified OMI-NO2 satellite remote sensing data 

with the highest t-score, indicating its significant impact on predicting daily NO2 values. However, 

OMI-NO2's spatial resolution of 25 km led to edge effects along the resolution cells, and the data 

did not cover periods before 2005 (Table 2). To address these challenges, we incorporated NASA's 

(National Aeronautics and Space Administration) annual NO2 re-analysis data at a 1 km resolution 
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for 1990, 1995, 2000, and 2005-2020 62. This augmentation aimed to enhance the spatial resolution 

of OMI-NO2 data and extend it back to 1989. For the missing years in the NO2 re-analysis data, 

we employed multiple linear regression to estimate values based on available data from adjacent 

years, incorporating variables such as temperature, wind speed, and population density.. All the 

data were resampled to a spatial resolution of 1 km during the modeling process.  We assumed that 

there are relationships between long-term average OMI-NO2 values for specific days of the month 

(e.g., the 1st day) and for specific months (e.g., January), and the OMI-NO2 values for the 

corresponding specific dates (e.g., January 1, 2005). Additionally, we assumed a long-term trend 

in OMI-NO2 values and used variable year in a linear regression model to extend annual OMI-

NO2 values from 2005-2021 to 1989-2004. By incorporating annual, long-term monthly, and long-

term daily (day 1-31) OMI-NO2 data with annual NO2 reanalysis data, we were able to accurately 

model and predict daily OMI-NO2 values through a multiple regression model. The modeling 

outcomes were then used to derive daily OMI-NO2 values from 1989 to 2021, with an improved 

spatial resolution of 1 km. 

3.1.3.4.4 Backcasting monthly AOD data: 

The earliest dates available for AOD data were in 2000 (Table 2). In our modeling of PM2.5, 

we opted to use monthly AOD median values in our modeling process due to extensive missing 

data from cloud impact at the daily level. To extend monthly AOD data to 1989, we used the annual 

PM2.5 data of resolution 1 km for 1989-2016 from Washington University in St. Louis 63. We 

assumed similarities in AOD values between a specific month (e.g., January 2005) and its long-

term month (e.g., January) and year (e.g., 2005). Additionally, we assumed a long-term annual 

trend in AOD values and conducted grid-wise linear regression trend analysis to extend annual 

AOD values from 2000-2021 to 1989-1999. Integrating long-term year and month AOD values 
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with Van Donkelaar, Martin, Li and Burnett 63 annual PM2.5 data enabled the prediction of monthly 

AOD values. The modeling outcomes were then used to derive monthly AOD values from 1989 

to 1999, with a spatial resolution of 1 km. 

3.1.3.4.5 Backcasting daily OMI-O3 data: 

Like OMI-NO2 data, OMI-O3 data lacks coverage for periods before 2005 (Table 2). We 

utilized a linear regression modeling approach to estimate daily OMI-O3 values based on their 

long-term daily (1-31), monthly (1-12), and yearly (2005-2021) values. Additionally, we included 

daily OMI-NO2 data as a predictor in the model. Subsequently, the modeling results were used to 

extend daily OMI-O3 data back to 1989. In the modeling process, yearly OMI-O3 values for 1989-

2004 were extrapolated through trend analysis, and daily OMI-NO2 data for 1989-2004 were 

obtained using the above extension procedure. 

3.1.3.5 Developing daily air pollution models through ML integrated LUR approach 

The D/S/A algorithm initiates the selection process by starting with a base model, typically 

the intercept-only model unless a different starting point is specified. The algorithm then iteratively 

adds, deletes, or substitutes terms to improve the model's predictive performance. During each 

iteration, potential modifications to the model, such as adding polynomial terms or interaction 

effects, are evaluated based on a predefined criterion, usually the reduction of the cross-validated 

error or the improvement in some other model performance metric. The selection process continues 

iteratively, with the algorithm testing various combinations of terms and retaining the 

modifications that lead to the greatest improvement in model performance. This process is similar 

to a guided search through the space of possible models, where each step is evaluated to ensure it 

moves toward a better fit. The algorithm halts its iterations when no further modifications result 

in a significant improvement in the model's performance, according to the predefined stopping 
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criteria. These criteria could include a threshold for the minimum improvement in cross-validated 

R-squared or reaching a maximum number of iterations (15 in our research). At this point, the 

model with the optimal combination of terms is selected as the final model, representing the best 

balance between complexity and predictive accuracy. To enhance the interpretability of our 

modeling results, we limited the predictors to linear terms and avoided interaction terms. 

For regulatory and saturation monitoring data, each was treated independently, randomized, 

and divided into 10 equal folds without considering spatial or temporal constraints. The Google 

Streetcar data, which spanned multiple regions, was randomized and divided into 10 folds 

separately for each region. These region-specific folds were then merged with the corresponding 

folds from the other regions, as well as with the 10 randomized folds from the regulatory and 

saturation monitoring datasets. This approach ensured that each of the 10 folds contained a 

balanced mix of data from all monitoring types and regions. One subsample was then retained as 

validation data, while the remaining 9 subsamples served as training data during the modeling 

process. This cross-validation process was repeated 10 times, with each subsample used once as 

validation data. 

In developing the daily LUR models for NO2, PM2.5, and O3, we constructed respective 

models using only available observable dates for both predictors and air quality measures. No 

algorithms of temporal extensions to the predictors were applied during the modeling process. The 

modeling results, however, were applied to all the predictors across all the years to predict daily 

NO2, PM2.5 and O3 concentrations for the 1989-2021 period. 

3.1.4 Results 

3.1.4.1 D/S/A integrated LUR models covering the available observational periods 
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Tables S1-3 present the daily LUR models, capturing the available observational time 

periods for NO2, PM2.5, and O3. In the case of NO2 (Table S1), the consistent year-after-year decline 

in concentrations observed during the study period was reflected in the variable ñyearò and this 

could be attributed to the regulatory efforts to reduce traffic NO2 emissions. The recurrent pattern 

of lower concentrations during weekends compared to weekdays suggests potential reductions in 

human activities on roadways. Additionally, the positive correlation between higher OMI-NO2 

values and increased NO2 concentrations underscores the significance of remote sensing 

observations in capturing spatial variability. Traffic density emerged as a significant factor, as areas 

with greater vehicular activity exhibited greater NO2 emissions and higher concentrations. 

Moreover, weather conditions played a crucial role, with higher relative humidity, wind speed, and 

temperature contributing to lower NO2 concentrations. Conversely, increased precipitation was 

linked to higher NO2 levels, highlighting the interplay between meteorological conditions and NO2 

dynamics. Residential areas were found to have lower NO2 concentrations, as well as in the 

developed open spaces. Low and high-intensity developments, on the other hand, were associated 

with greater NO2 concentrations, indicating the positive association of urban development with 

NO2 levels. The availability of green spaces, indicated by higher vegetation index, shrub cover, 

and wetlandsðrecognized as pollution sinksðwas associated with lower NO2 concentrations. 

Conversely, a higher proportion of impervious surfaces was correlated with increased NO2 levels. 

Additionally, locations farther from ports displayed lower NO2 concentrations, indicating elevated 

NO2 levels near ports. The NO2 model had an adjusted R
2 of 0.84 in variance explained. 

For PM2.5 (Table S2), throughout the study period, its concentrations consistently decreased, 

mirroring the trend observed for NO2. The study identified a positive correlation between higher 

aerosol optical depth (AOD) values and elevated PM2.5 concentrations, suggesting that increased 
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aerosol presence in the atmosphere is associated with higher particulate matter levels. Increased 

traffic density emerged as a contributing factor to higher PM2.5 concentrations, emphasizing the 

impact of vehicular emissions on air quality. Weather factors such as higher relative humidity, wind 

speed, and temperature were associated with lower PM2.5 concentrations. Developed open spaces 

were linked to reduced PM2.5 concentrations, and so were areas characterized by a higher 

vegetation index, shrub cover, barren land, and water bodies, emphasizing the role of natural 

features in mitigating air pollution. Barren land refers to areas that have little to no vegetation 

cover and is often characterized by exposed soil or rock 64. Industrial land use, however, was 

associated with higher PM2.5 concentrations, pointing to the impact of industrial activities on 

particulate matter emissions. In contrast to NO2, greater residential areas were linked to higher 

PM2.5 concentrations, potentially attributed to background concentrations. In densely populated 

regions, the increased density of housing, traffic, and other activities can lead to elevated PM2.5 

background concentrations. Additionally, the urban heat island effect and limited air circulation in 

residential areas can hinder the dispersion of pollutants, allowing background PM2.5 levels to rise. 

Additionally, locations farther from the coast were associated with higher PM2.5 concentrations, 

indicating a spatial relationship between proximity to the coast and particulate matter levels. The 

final PM2.5 model had a predictive performance of 0.65. 

In contrast to the patterns observed for NO2 and PM2.5, O3 concentrations exhibited 

predominantly opposing relationships (Table S3). The variable "year" did not show a significant 

association with O3 concentrations, indicating the absence of an annual trend in O3 levels. 

Weekends were characterized by higher O3 concentrations   than weekdays, revealing a distinct 

opposite temporal pattern. Higher OMI-O3 values were linked to greater O3 concentrations, 

emphasizing the positive association of remote sensing observations with measured ozone levels. 
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Surprisingly, greater traffic was associated with lower O3 concentrations, suggesting a nuanced 

photochemical process (i.e., scavenger effect, see details in discussion of Figure 4) between 

vehicular emissions and ozone dynamics. Weather factors such as higher relative humidity, wind 

speed, and atmospheric pressure correlated with elevated O3 concentrations, underscoring the 

influence of meteorological conditions on ozone levels. Land use patterns also played a role, with 

government & institutional, commercial, and waterbody areas associated with higher O3 

concentrations, while barren land, crops, and wetlands were linked to lower O3 concentrations. 

Developed low, medium, and high-intensity developments were associated with lower ozone 

concentrations, suggesting potential lower concentrations in urban areas. Low-intensity 

development includes areas with sparse residential or commercial buildings, such as small towns 

or suburban neighborhoods. Medium-intensity development encompasses areas with more 

concentrated buildings and infrastructure, typically found in denser suburban or urban areas with 

moderate residential and commercial activities. High-intensity development represents the most 

densely built areas, including central business districts and urban centers with significant 

residential, commercial, and industrial structures 64. Moreover, greater distances from highways 

were associated with higher O3 concentrations, highlighting a similar scavenger effect between 

proximity to highways and ozone levels. The final O3 model had a predictive performance of 0.92. 

3.1.4.2 Modeling and extending model predictors to 1989 

To extend the prediction of daily NO2, PM2.5, and O3 beyond the observable time periods 

to 1989, models were developed for predictors such as daily road traffic, daily NDVI, daily OMI-

NO2, monthly AOD, and daily OMI-O3. These models facilitated the extension of predictions back 

to 1989. Regarding daily road traffic (Table S5), the overall predictive performance (Conditional 

R2) ranged from 0.33 to 077, with the fixed effect predictor "year" demonstrating relatively lower 
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model performance compared to random effects variables like season, month, weekend, and county. 

Except for District 9, its fixed effect variable explained a 33.9% variance. Daily NDVI predictions 

were based on 16-day NDVI and corresponding weather conditions during measurement days. As 

depicted in Figure S3a and Table S6, utilizing NDVI's long-term monthly means and daily weather 

conditions yielded an effective prediction (adjusted R2 = 0.98) for any time period with known 

daily weather conditions. 

For daily OMI-NO2 (Figure S3b and Table S7), the inclusion of OMI-NO2's long-term 

conditions (daily, monthly, and yearly) along with NASA NO2 re-analysis annual data resulted in 

a model performance (adjusted R2) of 0.81, enabling estimation back to 1989. Monthly AOD 

predictions (Figure S3c and Table S8) utilized long-term monthly AOD and Van Donkelaar, Martin, 

Li and Burnett 63 annual PM2.5, effectively predicting monthly AOD values (adjusted R
2 = 0.94) 

and allowing estimation back to 1989. As for daily OMI-O3 (Figure S3d and Table S9), the 

incorporation of OMI-O3's long-term conditions (daily, monthly, and yearly) and daily OMI-NO2 

data yielded a model performance (adjusted R2) of 0.99, making it practical for estimating daily 

OMI-O3 back to 1989. 

3.1.4.3 Daily air pollution surfaces covering 1989-2021 

Once all the predictors with temporal components were extended to the year 1989, the NO2, 

PM2.5, and O3 models, presented respectively in Tables 2, 3, and 4, were run for those days missing 

predictions, and the final surfaces included daily NO2, PM2.5 and O3 concentrations for California 

at a spatial resolution of 100 m for the years of 1989-2021. 

Figure 2 shows the aggregated annual concentration surfaces of NO2 for four decennial 

years, including 1990, 2000, 2010, and 2020. The spatial patterns clearly show the decrease in NO2 
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concentrations throughout the years, especially in the urban areas. To identify degrees of reduction 

throughout California, we used regulatory monitors for NO2, PM2.5, and O3 (Figure 1) to identify 

average decennial concentrations for the State. This approach is reasonable given the state 

regulatory monitors are designed to ensure comprehensive spatial coverage, capturing the diverse 

environmental conditions across the state, including coastal, inland, and mountainous regions. By 

incorporating monitoring points from both urban and rural areas, it enables the examination of the 

urban-rural gradient in air pollution. These holistic statewide air quality monitors also allow for 

the identification of spatial patterns, hotspots, and potential disparities in pollution concentrations. 

Though some points are duplicated due to multiple pollutants being measured at the same time, 

they reflect the importance of those points in geographic placement strategies. Moreover, utilizing 

data from 1410 monitoring sites enhances the statistical robustness of the analysis, providing a 

more accurate assessment of statewide air pollution levels. Using those 1410 locations, we found 

that the average NO2 concentrations decreased from 18.1 ppb in 1990 to 14.1 ppb in 2000, and 

decreased to 9.7 ppb in 2010 and 8.0 ppb in 2020. For PM2.5, similar trends were identified for the 

four decennial years but with a much smaller decrease (Figure 3). A striking change in 2020 was 

that the PM2.5 levels increased significantly in Central Valley while other places decreased, 

especially in Los Angeles, which experienced the greatest decline. We suspect the significant 

increase in PM2.5 levels in Central Valley in 2020 was due to the significant impact of wildfires.
65 

Using the locations of the 1410 regulatory monitors, we found that the average PM2.5 

concentrations decreased from 14.2 Õg m-3 in 1990 to 12.0 Õg m-3 in 2000, and further decreased 

to 9.9 Õg m-3 in 2010 but increased to 12.2 Õg m-3 in 2020. The increase in wildfire frequency and 

intensity in California65-67 will further increase PM2.5 levels, though regulatory actions have  

significantly reduced traffic and industry-related PM2.5.  
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For O3 (Figure 4), we did not see any apparent trend, but we did identify that those urban 

metropolitan areas, such as the San Francisco Bay and Los Angeles Metro, had relatively lower 

O3 concentrations compared to rural areas. This is very likely due to the O3 scavenger effect 
68. 

The scavenger effect involves the removal or reduction of ozone from the atmosphere due to the 

presence of specific pollutants or conditions. These pollutants can act as scavengers by reacting 

with ozone molecules, leading to a decrease in overall ozone concentrations. Common scavengers 

of ozone include nitrogen oxides (NOx), carbon monoxide (CO), volatile organic compounds 

(VOCs), and particulate matter. In urban environments, where these pollutants are often abundant 

due to human activities such as combustion processes and industrial emissions, the scavenger 

effect can be more pronounced. Nitrogen oxides, particularly NO2, can react with ozone in the 

presence of sunlight to form nitric oxide (NO) and oxygen (O2). This process reduces the overall 

ozone levels in the atmosphere. VOCs and carbon monoxide can also participate in ozone-

depleting reactions. These compounds can undergo photochemical reactions that consume ozone 

while generating other pollutants. Using a total of 1410 spatial points from regulatory monitors, 

we found that the overall O3 level did not change significantly through those four decennial years: 

the average O3 concentrations decreased from 38.2 ppb in 1990 to 37.8 ppb in 2000, and slightly 

increased to 38.1 ppb in 2010 and 39.3 ppb in 2020. 

Further, we provided daily air pollution surfaces for NO2, PM2.5, and O3 for January 1st, 

2019 (Figure S4) and compared them with the corresponding nearest centennial annual surfaces 

(Figures 2-4). We found that for NO2, the daily surface closely matched the spatial patterns of the 

annual surface. For PM2.5, the patterns were also similar, though there was a significant increase 

in the Sierra region (eastern part of the map), suggesting a potential impact from wildfires. For O3, 

while the general patterns were consistent in Northern California, the LA metropolitan area in 
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Southern California showed higher O3 concentrations on the daily map, which were less prominent 

in the annual data. These comparisons indicate that while spatial patterns were largely consistent 

from daily to annual concentrations, there were notable differences in daily spatial patterns, 

particularly for PM2.5 and O3, likely due to the impact of temporal factors like wildfires and weather.  
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Figure 2. Decennial years of NO2 surfaces among the over 30- years study period. 

 

 
Figure 3. Decennial years of PM2.5 surfaces among the over 30- years study period. 
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Figure 4. Decennial years of O3 surfaces among the over 30- years study period. 

3.1.4.4 Historical trend analysis covering 1989-2021 

To assess the historical trends of the three pollutants, we extracted daily concentration 

values from 1,410 monitoring sites used in the study. Annual mean values were then calculated for 

each pollutant at these locations to capture long-term trends over the entire study period (Figure 

5). The analysis of NO2 levels over the 30-year period reveals a significant decline. The trend 

equation, y=ī0.34x+690.89, with an R2=0.99, indicates a strong negative correlation, suggesting 

a steady decrease in NO2 concentrations over time. The trend for PM2.5 also shows a decline, 

though less steep compared to NO2. The trend equation, y=ī0.13x+279.77, and R
2=0.72, suggest 

a moderate reduction in PM2.5 levels. Despite this decrease, recent years have seen spikes in PM2.5 

concentrations due to increased wildfire activity, which has influenced the overall trend. The 2018 

Camp Fire was the deadliest and most destructive wildfire in California's history, burning over 

153,000 acres and resulting in 85 deaths 69,70. It completely devastated the town of Paradise. The 

2020 Complex Fire was California's largest wildfire by acreage, burning over 1 million acres 

across multiple counties. It was composed of several fires that merged into one 71,72. The 2021 

Dixie Fire was the second-largest fire in California's history, which burned over 960,000 acres 
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across five counties, destroying hundreds of structures and threatening many more 73. Unlike NO2 

and PM2.5, O3 concentrations show a slight upward trend over the study period, with the trend 

equation y=0.04xī49.4 and an R2=0.47. Despite reductions in NO2, the ozone levels have been 

influenced by factors such as increasing temperatures and changing atmospheric chemistry, which 

complicate ozone management. 

 
Figure 5. The modeled historical trends of NO2 (top), PM2.5 (middle) and O3 (bottom) in 

California over 30 years. A total of 1,410 points across California, including locations of 

regulatory stations, saturation monitors, and Google Streetcar mobile monitoring, were used to 

extract and aggregate modeled air pollution concentrations for the period spanning 1989 to 

2021. 

 

3.1.5 Discussion and Conclusion 

With advancements in technology, various ML algorithms have increasingly been applied 

to air pollution modeling, including neural network 74, random forest 75, gradient boosting 76, 

support vector machines 77 and other techniques 78, as well as models that combine multiple ML 

algorithms. Generally, ML algorithms demonstrate better predictive performance compared to 
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traditional LUR models 14, although there are instances where LUR models perform better 79. 

Additionally, models that integrate multiple ML algorithms tend to outperform those using 

individual algorithms. For example, Gocheva-Ilieva, Ivanov and Livieris 80 reported a model 

performance of an adjusted R2 of 0.749 for NO2 and 0.836 for O3 using random forest modeling, 

which increased to 0.945 and 0.978, respectively, when AutoRegressive Integrated Moving 

Average (ARIMA) methodology was applied to the residuals of the random forest results. Similarly, 

Di, Amini, Shi, Kloog, Silvern, Kelly, Sabath, Choirat, Koutrakis and Lyapustin 81 applied an 

ensemble model combining neural networks, random forests, and gradient boosting to assess NO2 

levels across the U.S., achieving a cross-validated RĮ of 0.788 for daily predictions on 1-km grid 

cells from 2000 to 2016. In a related study, Di, Amini, Shi, Kloog, Silvern, Kelly, Sabath, Choirat, 

Koutrakis and Lyapustin 82  used a similar ensemble model for predicting PM2.5 levels in the U.S. 

and obtained a 10-fold cross-validated RĮ of 0.86, outperforming individual models. Requia, Di, 

Silvern, Kelly, Koutrakis, Mickley, Sulprizio, Amini, Shi and Schwartz 83 further validated the 

improved performance of ensemble algorithms for O3 modeling in the U.S., with an overall 

accuracy of 0.90. These ensemble modeling results in the U.S. are comparable to our model 

performance, with notably higher accuracy for PM2.5. Our daily models, when applied at a 30 m 

grid resolution, explained 84%, 65%, and 92% of the variations in measured concentrations for 

NO2, PM2.5, and O3, respectively, in the 10-fold cross-validation process. Although we could have 

integrated additional predictors, such as regional factors, to enhance model accuracy, our primary 

objective was to capture small-area variations in pollutant concentrations. Despite the advantages 

of ensemble modeling, we opted to use the D/S/A integrated LUR model for our study, primarily 

due to its interpretability. While the D/S/A model had the potential to incorporate interactions 

between predictors and employ higher power functions for increased predictive accuracy, we 
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deliberately focused on maintaining linear associations between predictors and measured 

concentrations and avoid complex interactions. This approach ensured that the expected direction 

of associations remained clear throughout the model development process. By clearly identifying 

the factors that significantly contribute to higher concentrations, our models provide valuable 

insights for policymakers, aiding in the development of effective mitigation strategies. Moreover, 

the implementation of ensemble models would have required considerably more computational 

power, particularly given our goal of generating a 100 m resolution daily surface across 33 years 

for each pollutant, totaling 12,052 days for a single pollutant. Considering the already sufficient 

predictive performance of our current models, we opted to use interpretable predictors that not 

only facilitate actionable insights for policymakers but also reduce computational requirements. 

This approach allowed us to achieve a balance between interpretability and efficiency, ensuring 

that our models are both practical and effective for informing air quality management decisions. 

A primary consideration in this research is the need for a consistent set of predictors across 

the entire study period. Utilizing a stable framework allows us to assess the influence of these 

predictors on pollutant concentrations without the confounding effects that might arise from 

varying model specifications. Moreover, certain variables, such as land use characteristics and 

geographical features, do not change significantly over time, making it more appropriate to 

maintain a unified modeling approach. Additionally, while it is possible that model performance 

could vary across different years, focusing on a long-term model enables us to capture broader 

trends and patterns that are crucial for understanding air quality dynamics over time. This holistic 

perspective is essential, particularly in the context of evolving environmental policies and changes 

in monitoring practices. 
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While it shares some similarities with traditional stepwise regression in terms of iteratively 

modifying the model, D/S/A is not a stepwise regression model in the conventional sense. The 

D/S/A algorithm offers several advantages over traditional stepwise regression, particularly in its 

flexibility to handle non-linear relationships, interactions between variables, and high-dimensional 

data. Unlike stepwise regression, which often relies on p-values for variable selection, D/S/A uses 

a broader set of criteria that are better suited to the complex, high-dimensional nature of our data. 

Our model evaluation selection process includes cross-validation techniques, which help mitigate 

the risks associated with overfitting and ensure that the model's predictive performance is robust 

and generalizable. This approach provides a more reliable assessment of the model's validity 

compared to relying solely on p-values. It is also important to note that the p-values associated 

with individual predictors in Tables S2, S3, and S4 and the overall model performance in the D/S/A 

model were derived after the model was finalized. This process is the same as with linear mixed 

models, where coefficients and their significance are determined post-model selection. Thus, the 

p-values reported in Tables S2, S3, and S4 are valid and reflect the significance of the predictors 

within the context of the finalized model. The D/S/A algorithm's advanced approach, coupled with 

our V-folder cross-validation, ensures that the model remains robust and valid despite the 

complexities inherent in the data and the modeling process. 

Previous studies have identified a decline in NO2 and PM2.5 concentrations in California 

54,84,85 and found that stringent air quality regulations, such as the Clean Air Act 85,86 and 

Californiaôs mobile source regulations 54, have played a significant role in reducing these pollutants. 

This study, using all the historical observations, has further confirmed the decrease in those 

pollutants.  
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In addition to the impact of policy regulations on the overall reductions in air pollutant 

concentrations, we found that environmental factors also contribute to pollutant levels. Vegetation 

was found to be negatively associated with pollutant concentrations, likely due to its ability to 

absorb pollutants and improve air quality through processes such as phytoremediation and the 

deposition of particulate matter on plant surfaces 87. Areas with a higher percentage of impervious 

surfaces, such as roads and buildings, were positively associated with pollutant concentrations 88. 

This is because impervious surfaces contribute to reduced natural filtration and increased runoff, 

which can carry pollutants into the air and water 89. Additionally, impervious surfaces represent 

high levels of human activities such as those from vehicular emissions and industrial activities 90. 

Traffic density was found to be positively associated with higher pollutant concentrations, 

especially NO2 and PM2.5 
91. This is due to the direct emissions from vehicles, which are a major 

source of these pollutants. Higher temperatures were found to be associated with lower NO2 

concentrations but higher O3 levels. Higher temperatures facilitate the photochemical reactions 

that use NO2 to produce ground-level O3, leading to decreased NO2 and increased O3 levels 
92. 

Wind speed was found to be negatively associated with pollutant concentrations. Stronger winds 

can disperse pollutants more effectively, diluting their concentrations in the atmosphere 93. Higher 

elevations were found to be generally associated with lower concentrations of pollutants such as 

NO2 and PM2.5 
54. This could be due to the lower density of emission sources at higher altitudes 

and more effective atmospheric dispersion. Additionally, pollutants tend to accumulate more in 

low-lying areas due to atmospheric settling and limited dispersion in valleys 94. 

While land use and land cover may appear similar, they represent distinct aspects of the 

environment, each providing unique insights for modeling. Land use refers to how humans utilize 

the land, such as residential, commercial, agricultural, or industrial purposes. These variables are 
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critical for understanding sources of pollution linked to human activities. Land cover, on the other 

hand, describes the physical surface of the land, such as vegetation, water bodies, developed lands 

and impervious surfaces. It is particularly useful for identifying natural features that influence 

pollutant dispersion and deposition, such as forested areas that can absorb pollutants or urban heat 

islands that exacerbate pollution levels. The specific variables from land use and land cover are 

chosen based on their unique associations with measured pollutant concentrations. For instance, 

traffic density from land use data may directly correlate with NO2 levels, while vegetation cover 

from land cover data may be more relevant for understanding variations in PM2.5. These variables 

are treated as all other predictors, undergoing a holistic selection process where their inclusion is 

determined by their ability to improve the model's predictive accuracy. By integrating both land 

use and land cover variables, the model can achieve a more comprehensive and accurate 

assessment of pollutant sources and their impacts over time. This approach ensures that we capture 

the full range of factors influencing air quality, enhancing the robustness of our exposure 

assessments. 

While Nighttime Lights (NTL) data is recognized as a valuable predictor in many exposure 

assessment studies, we did not include it in our analysis due to several specific considerations. 

Firstly, the spatial and temporal resolution of available NTL data may not align with the high-

resolution modeling we employed, potentially leading to discrepancies or reduced accuracy in 

capturing fine-scale variations in pollutant concentrations. Additionally, NTL data primarily serves 

as a proxy for human activity, particularly in urban areas, which can be sufficiently captured 

through other land use variables, such as traffic density and building density, directly integrated 

into our model. These variables of 30 m spatial resolution offer more precise and context-specific 

information about pollutant sources related to human activities. Furthermore, land cover data, 
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including % impervious surface and degree of development, inherently represents aspects of NTL 

data, capturing the extent of urbanization and built environments that are closely associated with 

light emissions at night. By incorporating these land cover variables of 30 m spatial resolution, we 

effectively accounted for the spatial patterns that NTL data might indicate. We also applied a 

rigorous variable selection process, focusing on predictors that demonstrated the strongest 

association with measured pollutant concentrations in our study area. In this process, other 

variables were identified as more critical for improving model performance and enhancing the 

accuracy of our exposure assessments. While NTL data has its merits, we determined that its 

inclusion would not significantly enhance our model's predictive performance given the 

spatiotemporal resolution we have from land use and land cover data. Therefore, we prioritized 

predictors that were most relevant to our study's goals, ensuring a robust and reliable assessment 

of pollutant exposure.The OMI NO2 and O3 datasets are characterized by a coarse resolution of 25 

kilometers, which significantly minimizes the occurrence of data gaps. In our analysis, we found 

that relatively few gaps were detected. To address any gaps that did arise, we implemented a two-

round gap-filling algorithm, which involved linear interpolation techniques. The specifics of this 

process are as follows: If data at a pixel location was available for the day before and the day after 

a missing value, we calculated the mean of those two values to fill the gap. If only one adjacent 

day contained effective measurements, we utilized that value to fill the gap. We further use two 

days before and two days after for any remaining gaps and the data gaps were fully filled after that. 

The decision to average AOD data rather than impute missing pixels was driven by 

practical considerations related to the inherent characteristics of AOD data in California. AOD 

values exhibit significant day-to-day variability, with large stretches of missing data across the 

state due to constant cloud impacts. This frequent absence of data diminishes the utility of many 



 ту 

days' worth of AOD information across vast regions. Attempting to interpolate these missing 

values often results in large contiguous areas being assigned the same interpolated values, which 

may not accurately reflect the true AOD levels. Such interpolation could introduce substantial 

inaccuracies, undermining the reliability of the exposure assessments. Even after averaging the 

AOD data on a monthly basis, we still encountered some gaps that required additional processing. 

To address these remaining gaps, we employed multiple rounds of a 1pixel-by-1pixel smoothing 

algorithm, which helped fill the holes without compromising the integrity of the data. Moreover, 

California's climate is characterized by distinct fire and non-fire seasons. During the fire season, 

significant concentrations of wood smoke contribute to elevated PM2.5 levels each month. Even 

when averaged, these concentrations remain notably higher than during the non-fire season. While 

daily wildfire concentrations can sometimes reach 300-400 Õg/mį, the modeling process would 

likely treat these extreme values as outliers. Averaging AOD data allows us to maintain a balanced 

representation of these seasonal variations without the distortion that might arise from the direct 

inclusion of such extreme values. By using monthly averages, we capture the general patterns of 

AOD while mitigating the risk of skewed results due to significant missing gaps due to cloud and 

outliers during extreme events. 

We incorporated Google Streetcar mobile monitoring data in our research. The Google data 

complements existing monitoring efforts by filling critical gaps, particularly near highways and 

densely populated areas, where traditional monitoring stations are often underrepresented. This 

innovative approach provides a more comprehensive view of air quality dynamics, especially in 

urban environments where traffic and land use patterns are complex. By leveraging this data, we 

can better assess exposure patterns and their potential health impacts. The approach of integrating 

multiple air pollution monitoring types into air quality modeling not only strengthens our findings 
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but also sets a example for future studies to incorporate similar mobile monitoring techniques in 

air quality research. 

The decline in NO2 concentrations observed in this study reflects the impact of long-term 

regulatory measures aimed at reducing traffic emissions. The incorporation of remote sensing data, 

such as OMI-NO2, proved crucial in capturing spatial variability and enhancing model accuracy. 

The significant influence of traffic density and weather conditions on NO2 levels underscores the 

importance of these factors in air pollution modeling. Moreover, the spatial patterns indicated that 

urban development and proximity to pollution sources, such as ports, play a critical role in NO2 

distribution. 

The study's PM2.5 models highlighted the effectiveness of regulatory actions in reducing 

particulate matter concentrations over time. The integration of AOD data provided valuable 

insights into the relationship between aerosol presence in the atmosphere and PM2.5 levels. The 

models also demonstrated the mitigating effects of natural features, such as vegetation and water 

bodies, on PM2.5 pollution. However, the increasing frequency and intensity of wildfires pose a 

significant challenge to sustaining these improvements, as they can lead to spikes in PM2.5 levels, 

especially in vulnerable regions like the Central Valley. 

Unlike NO2 and PM2.5, O3 concentrations did not exhibit a clear long-term trend, reflecting the 

complex nature of ozone formation and depletion processes. The study's findings suggest that 

factors such as traffic density and land use patterns significantly influence O3 levels, with the 

scavenger effect playing a notable role. The varying influence of meteorological conditions further 

complicates the prediction and management of O3 concentrations. 
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The ability to extend the prediction of daily NO2, PM2.5, and O3 levels back to 1989 

enhances our understanding of long-term air pollution trends. By developing models for predictors 

such as daily road traffic, NDVI, OMI-NO2, monthly AOD, and OMI-O3, the study successfully 

estimated historical air pollution levels, providing a comprehensive temporal perspective. 

The study, focused on California, leverages data and conditions unique to the state, which, 

while providing valuable insights, may limit the models' applicability to other regions without 

significant adjustments. The development of high-resolution (100 m) daily air pollution models 

over 33 years required substantial computational resources, leading to the use of the D/S/A 

integrated LUR modeling approach over more resource-intensive methods like ensemble learning. 

This choice, aimed at ensuring model interpretability and feasibility over an extended temporal 

scale, may have constrained the exploration of potentially more accurate techniques. The emphasis 

on linear relationships in the D/S/A integrated LUR models, while enhancing their utility for 

policymakers, limits the ability to capture complex, non-linear interactions that could improve 

predictive accuracy. Additionally, extending predictions back to 1989 involved the use of historical 

predictors and assumptions, introducing uncertainties, particularly for periods with sparse direct 

measurements, which may affect the accuracy of the backcasted data.Overall, the insights gained 

from this study are crucial for informing environmental policies and intervention strategies. The 

identification of pollution hotspots and temporal trends supports efforts to address environmental 

injustices and protect vulnerable communities. The integration of diverse datasets ensures the 

robustness of the models, capturing the complex interplay of factors affecting air quality. These 

findings can guide targeted regulatory actions and public health initiatives, emphasizing the need 

for continued monitoring and adaptive management in response to emerging challenges such as 

wildfires. 
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3.2 Air Toxics 

 

3.2.2 Abstract 

This study presents the unprecedented development of high-resolution (100 m) annual air 

toxics models and spatial surfaces over three decades (1989ï2021) for California, a region 

representing one-eighth of the U.S. economy. Using advanced machine learning, land use 

regression deletion/substitution/addition models were developed for six pollutants ð benzene, 

1,3-butadiene, chromium, nickel, lead, and zinc ð incorporating predictor variables such as land 

use and cover, remote sensing, traffic, meteorology, and emissions. The models showed moderate 

to strong predictive performance, with adjusted R2 values ranging from 0.59 to 0.90. 

Results revealed significant temporal and spatial trends in pollutant concentrations. 

Benzene and 1,3-butadiene declined due to regulatory measures and improved emission controls, 

while lead levels reflected reductions from the phase-out of leaded gasoline. In contrast, zinc levels 

increased, potentially linked to agricultural and forest management activities. Land use and cover, 

including urbanization and vegetation, shaped pollutant distributions, with green spaces reducing 

benzene levels and industrial and vehicular activities driving higher concentrations of 1,3-

butadiene, chromium, and nickel. Meteorological factors, such as wind velocity and temperature, 

influenced pollutant dispersion and reactions. 

The study highlights the complex interplay between urbanization, land use, industrial 

activities, and environmental factors in shaping pollutant levels. The high-resolution spatial 

surfaces provide insights into pollution hotspots and temporal trends, addressing immediate needs 

for health-outcome analysis and offering essential tools for policymakers to guide interventions, 

promote environmental justice, and support California's sustainability goals. 
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3.2.3 Introduction 

Air pollution, including criteria pollutants and air toxics, has long been recognized for its 

adverse effects on human health and the environment 95-99. However, the development of air toxics 

models remains underexplored, particularly in terms of capturing the small area variations of 

pollutants over extended periods. Air toxics such as benzene, 1,3 butadiene, chromium, nickel, 

lead and zinc are well-documented for their prevalence in urban and industrial environments and 

their relevance to environmental and public health. They are recognized as hazardous pollutants 

by regulatory agencies such as the Environmental Protection Agency (EPA) and the California Air 

Resources Board (CARB), making them critical targets for environmental monitoring and 

mitigation efforts. Benzene and 1,3-butadiene are classified as carcinogens and both compounds 

are common in areas with high traffic density and industrial activities, which are significant 

sources of exposure in urban environments 100,101. Chromium and nickel are metals of particular 

concern due to their toxicity, with chromium being a known carcinogen 102 and nickel associated 

with respiratory diseases and cancer 103. Both elements are prevalent in industrial emissions, such 

as those from metal processing, steel manufacturing, and coal combustion. Lead, a well-known 

neurotoxin, has long been a target of regulatory efforts, particularly due to its detrimental effects 

on cognitive development in children 104. Although the use of leaded gasoline has been phased out, 

lead remains a concern due to its persistence in the environment and continued emissions from 

other sources, such as industrial activities and legacy contamination in urban areas. Zinc, while 

not as widely discussed as some of the other air toxics, is also a significant component of urban 

pollution, particularly from industrial activities, such as the production of alloys and the use of 

zinc-containing materials 105. Elevated concentrations of zinc are also linked to agricultural 

practices and forest management 106-108 including wildfires 109-112. 
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Building these models poses unique challenges, such as integrating diverse data sources, 

addressing gaps in historical monitoring, and accounting for the complex interplay between local 

emissions, meteorology, and topography. In Californiaôs diverse climate and topography, 

understanding the distribution of air toxics is particularly challenging for scientists and 

policymakers. The development of high-resolution annual air toxics surfaces over a 30-year period 

represents unprecedented effort to map the spatial and temporal trends of air pollutants across the 

stateôs varied landscapes. This research is driven by the need to understand the long-term effects 

of air toxics exposure at individual level on health outcomes, such as pre-term birth, term low birth 

weight, autism spectrum disorder, cognitive decline, Alzheimerôs disease, and changes in life 

expectancy. 

Land Use Regression (LUR) models are increasingly utilized to capture the fine-scale 

spatial variability of air pollutants, integrating geographic, land-use and land cover, climate, and 

remote sensing data. These models are particularly useful in urban settings where traffic emissions, 

industrial activities, agriculture operations, forest management and population density contribute 

to a complex exposure landscape. In this study, we aim to develop annual models and surfaces for 

the six air toxics at a spatial resolution of 100 m across three decades for the State of California. 

This approach enables us to identify pollution hotspots, assess the effectiveness of regulatory 

measures, determine communities disproportionately affected by air toxics, and equally important 

to evaluate localized air toxics exposure health risks. While LUR models have been previously 

employed to develop surfaces that estimate air toxics concentrations, those studies focused on 

smaller geographic areas, shorter timeframes or lacked robust cross-validation techniques 113-119. 

As California continues to advance environmental initiatives, this extensive mapping of air toxics 

will be a crucial resource for researchers, public health officials, and policymakers. It will guide 
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targeted interventions, foster environmental justice, and steer the state toward a sustainable future 

with cleaner air for all its residents. 

3.2.4 Materials and Methods 

We applied the same deletion/substitution/addition machine learning LUR algorithms as used 

in the criteria pollutants for California 120. Air toxics, which include hazardous air pollutants 

(HAPs) such as chromium, nickel, lead and zinc, as well as volatile organic compounds (VOCs) 

like 1,3-butadiene and benzene, were incorporated in our air pollution modeling. 

3.2.4.1 Description of air toxics regulatory monitoring 

The air toxics data used in our analysis were sourced from the CARBôs speciation data, which 

spans from 1996 to 2021 (see Table 3). This comprehensive dataset provides information on 

several key pollutants that are monitored for their hazardous effects on health and the environment. 

Benzene, a volatile organic compound commonly emitted by vehicle exhaust and industrial 

processes, was monitored at 54 unique sites. A total of 384 observations were recorded, providing 

insights into the spatial and temporal variations in benzene concentrations. Similarly, 1,3-

butadiene, another VOC associated with vehicular emissions and industrial activities, was 

measured at 91 unique sites with 899 total observations, the highest number of sites among the 

pollutants in this dataset. Chromium, a heavy metal linked to industrial processes like metal plating 

and combustion, was monitored at 46 unique sites, with 366 total observations. Nickel, often 

associated with industrial activities such as metal smelting, was also measured at 46 unique sites, 

with the same number of observations as chromium. Lead, once commonly emitted from leaded 

gasoline and various industrial activities, was similarly monitored at 46 unique sites, with a total 

of 366 observations. Zinc, another heavy metal commonly released by industrial processes and 
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vehicle emissions, was monitored at the same 46 sites, with 366 total observations. While often 

associated with industrial processes and vehicle emissions, Zinc may also have a significant 

contribution from agricultural activities and forest management practices. In agriculture, zinc can 

be released into the air as a result of the use of fertilizers and pesticides that contain zinc 

compounds. Additionally, soil erosion, which can occur in agricultural settings, may contribute to 

airborne zinc particles. In forest management, the burning of biomass or the use of zinc-containing 

pesticides for pest control can also contribute to zinc emissions. 

3.2.4.2 Development of potential predictors for air toxics modeling 

3.2.4.2.1 Pollutant specific emissions 

For this project, we utilized emissions estimates from the California Toxics Inventory (CTI), 

covering stationary sources from 1996 to 2021. These emissions data encompass both point 

sources reported by facility operators or air districts under the Air Toxics ñHot Spotsò Program 

(AB 2588) and aggregated point sources estimated by the California Air Resources Board (CARB) 

and local air districts. This comprehensive dataset provided a long-term perspective on emissions 

trends and variability. To ensure accurate spatial representation, point source locations were 

geocoded using ArcGIS geocoding services based on the street addresses provided. This step 

allowed for precise mapping of emission sources, enhancing the spatial fidelity of the dataset. In 

addition to the individual air toxics emissions, we included total organic gases (TOG) and reactive 

organic gases (ROG) data from CARB's emissions inventory. These broader organic compound 

categories complemented the detailed toxics data, providing a more holistic view of emissions 

relevant to air quality and exposure assessments. 

All emission data were transformed into annual raster formats with a resolution of 100 m. 

This high-resolution rasterization process enabled a detailed spatial representation of emissions, 



 ус 

capturing their distribution and intensity over time. The resulting rasters served as key inputs for 

developing annual air toxics models and pollutant concentration surfaces. By integrating this 

detailed emissions data into the modeling process, we were able to use spatially and temporally 

resolved predictors to better understand and assess air toxics distributions. 

3.2.4.2.2 Remote sensing Sentinel bands and ratios 

In our LUR models for air toxics, Sentinel-2 spectral bands and their ratios are used as 

predictors to account for the spatial distribution of surface characteristics that influence pollutant 

levels 121. These bands, ranging from visible to shortwave infrared (SWIR) wavelengths, capture 

variations in land cover, vegetation, and urbanization, which correlate with air pollutant 

concentrations. 

For lead, significant coefficients were observed by Felegari, Sharifi, Khosravi, Sabanov, 

Tariq and Karuppannan 121 in the Blue (B2) band and the band ratio B6/B8, suggesting that these 

features effectively capture spatial variability associated with sources or sinks of lead pollution. 

Specifically, the Blue band (B2) positively correlates with lead concentrations, indicating a 

potential link with urban or industrial surface characteristics. The ratio B6/B8 is also significant, 

highlighting differences between vegetation and urban structures that may influence the spatial 

distribution of lead. 

For zinc, key predictors included the Green (B3) band and band ratios B3/B8 and B6/B8. 

The Green band positively correlates with zinc, potentially reflecting surface characteristics 

associated with urban vegetation or metallic surfaces that influence zinc deposition. The negative 

coefficient of B3/B8 suggests an inverse relationship with vegetation density, while B6/B8 

indicates that NIR-based spectral differences capture spatial variation in zinc pollution. 
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Overall, the integration of Sentinel-2 spectral data enhances the spatial resolution of air 

pollution modeling by leveraging the detailed information on land cover and surface characteristics 

to improve the prediction of air toxic distributions. 

3.2.4.2.3 Traditional LUR predictors 

For the development of our LUR models for nitrogen dioxide (NO2), particulate matter 

(PM2.5), and ozone (O3), we utilized a wide range of integrated, comprehensive data sources that 

provided crucial spatial and temporal information. These sources included traffic data, land use 

and land cover data, meteorological conditions, vegetation dynamics, and satellite data. Please 

refer to Table 2 in the paper by Su, Shahriary, Sage, Jacobsen, Park and Mohegh 120 for the 

predictors considered and the method applied to backcast data to 1989. Now, we are extending the 

use of these same predictors to model air toxics, ensuring a robust framework for understanding 

the spatial distribution of hazardous pollutants. 

Traffic data are a critical input in air pollution modeling, particularly for pollutants like 

NO2 and PM2.5, which are heavily influenced by vehicle emissions. This data includes information 

on traffic volume and road networks. Traffic data helps identify areas with high vehicular 

emissions, which are significant contributors to local air quality, especially in urban environments. 

By incorporating this data into the models, we can account for the impact of transportation-related 

emissions on air toxics, as pollutants like benzene, 1,3-butadiene, and other air toxics are often 

linked to motor vehicle exhaust. 

Land use and land cover data provide essential information about how different types of 

land cover and land use activities influence air quality. Land use refers to how land is utilized (e.g., 

residential, industrial, commercial, or agricultural), while land cover pertains to the physical 
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surface of the land (e.g., urban areas, forests, grasslands, or water bodies). This data allows us to 

understand the relationship between human activity, land transformation, and pollution patterns. 

In the case of air toxics, land use and land cover data can help pinpoint areas of high pollution 

exposure, such as industrial zones, high-density residential areas, or regions affected by 

agricultural practices. 

Meteorological conditions are a crucial factor in the dispersion and transformation of air 

pollutants. We incorporated data on temperature, wind speed, wind direction, humidity, and 

atmospheric pressure, which all influence how pollutants travel, dilute, and react in the atmosphere. 

For example, wind patterns can carry pollutants from high-emission areas to other regions, while 

temperature and humidity influence the formation of secondary pollutants such as ozone. In air 

toxics modeling, meteorological data helps account for how local weather conditions can impact 

the spread and concentration of hazardous pollutants, providing a more dynamic and accurate 

representation of air quality. 

Vegetation dynamics also play a significant role in air pollution modeling. Vegetation can 

act as both a sink and a source for certain pollutants. For instance, plants can absorb some 

pollutants through their stomata, reducing local pollutant concentrations. Conversely, land 

management practices such as deforestation, urbanization, or changes in vegetation cover can alter 

the natural processes that help mitigate air pollution. By including vegetation dynamics in our 

models, we can account for how vegetation types and coverage influence the dispersion of air 

toxics, particularly in rural or suburban areas where vegetation plays a more prominent role in air 

quality. 

Finally, satellite data provides a powerful tool for capturing large-scale spatial patterns of 

land cover, vegetation, and even pollutant concentrations. Satellite imagery, often available at high 
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resolution, can be used to monitor changes in land use, track vegetation dynamics, and even 

estimate pollutant levels from space. For example, vegetation indices derived from satellite data, 

such as the Normalized Difference Vegetation Index (NDVI), can offer insights into the density 

and health of vegetation in a given area. Furthermore, satellite-based remote sensing can assist in 

monitoring emissions from point sources, providing another layer of data to refine the modeling 

of air toxics. 

3.2.4.2.4 Backcasting predictors to 1989 

The CARBôs EMission FACtor (EMFAC) emissions data for air toxics is available starting 

from 1996. To extend these predictors back to 1989, we applied linear mixed models to the 

predictors selected in the final air toxics models, aiming to identify potential trends for backcasting. 

Table 4 summarizes the trend analysis models for TOG and ROG across varying buffer distances 

(350m to 5000m), used to backcast emissions data to 1989. All models show statistically 

significant negative year coefficients, indicating consistent annual declines in emissions. Further, 

larger buffer distances correspond to higher baseline concentrations (intercepts) and steeper rates 

of decline, reflecting the cumulative effects of emissions over broader spatial areas. For example, 

at a 350-meter buffer, the annual decline is modest (-0.0489), while at a 5000-meter buffer, it is 

much steeper (-6.9661). These results highlight the importance of spatial resolution in 

understanding air pollution trends over time. 

For predictors where no discernible trend could be established, we utilized the earliest 

available data to fill in the missing years, ensuring continuity in the dataset. These include the 

reflectance data from the Sentinel remote sensing data. 
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The backcasting process for traditional Land Use Regression (LUR) predictors is detailed 

in Su, Shahriary, Sage, Jacobsen, Park and Mohegh 120. This process includes backcasting daily 

traffic data for 1989ï2000, daily NDVI data prior to 2000, and monthly AOD data before 2000. 

The backcasted daily and monthly datasets were subsequently aggregated to annual values to fill 

gaps for periods without direct measurements in generating annual air toxics surfaces for the 1989-

2021 period. 

3.2.4.3 Deletion/Substitution/Addition (D/S/A) LUR modeling techniques 

For the annual air toxics modeling, we applied a similar approach to the one used in 

developing daily air pollution models for NO2, PM2.5, and O3 
120. However, as air toxics data is 

only available from CARB's speciation data and EMFAC emissions data are annual, our focus 

shifted to developing annual surfaces rather than daily models. This shift in temporal resolution 

necessitated some adjustments to the modeling process, but the core methodology remained 

consistent. 

The modeling for air toxics follows the D/S/A algorithm, which begins with a base model, 

typically an intercept-only model, unless otherwise specified. The algorithm then iteratively 

modifies the model by adding, deleting, or substituting terms to improve its predictive performance. 

In each iteration, potential model modificationsðsuch as incorporating polynomial terms or 

testing different combinations of predictorsðare evaluated against a predefined criterion, typically 

focused on improving cross-validated error or another performance metric. This iterative process 

tests various combinations of terms, retaining only those that result in the greatest improvement in 

model accuracy. The algorithm continues to iterate until no significant improvement is observed 

in model performance, based on predefined stopping criteria. These criteria could include reaching 

a threshold for improvement in cross-validated R-squared or completing a maximum number of 
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iterations, which was set to 15 in our previous work. Once the algorithm converges, the optimal 

model is selected, representing the best balance between model complexity and predictive accuracy. 

To maintain model interpretability, we restricted the predictors to linear terms, avoiding interaction 

effects. 

For cross-validation, the same approach used in the daily LUR models for NO2, PM2.5, and 

O3 was applied, where data was randomized and divided into 10 equal folds. This ensures a 

balanced mix of data in each fold, helping to avoid overfitting while maintaining model robustness. 

This cross-validation process ensured the air toxics models were optimized for predictive accuracy 

across different regions and temporal scales. 

In summary, while the transition to annual air toxics modeling required some adjustments 

to the temporal framework, the D/S/A algorithm and the methodology for selecting optimal 

predictors remained largely the same as for NO2, PM2.5, and O3. This consistent approach allowed 

us to develop reliable models for predicting the distribution of hazardous air pollutants across time 

and space. 

3.2.5 Results 

The model for benzene (Table 3) had an Adjusted RĮ of 0.806, indicating that the model 

accounts for 80.6% of the variability in the data. The predictors included in the model are 

statistically significant and contribute in varying degrees to the overall explanation of benzene 

levels. The year variable, with a negative coefficient, suggests that benzene concentrations have 

generally declined over the years. Among the land use predictors, developed open space within 

1500 m has a negative and significant association with benzene levels. Developed high-intensity 

land use at a 5000 m buffer distance shows a positive effect on benzene. Further the developed 
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medium-intensity areas within 50 m show a significant positive effect, indicating that more densely 

developed areas tend to have higher benzene levels. Certain wetland areas also show significant 

relationships with benzene concentrations. For example, wetlands within 1500 m are negatively 

associated with benzene, suggesting that wetlands may help mitigate benzene levels, possibly due 

to vegetation and land cover features. However, wetlands within 4200 m show a positive 

relationship with benzene, reflecting a more distant influence of wetland areas on benzene 

concentrations. Urban-related variables, such as impervious surface percentage within 1250 m and 

residential areas within 2550 m, have a positive association with benzene levels, indicating that 

increased urbanization and impervious surfaces contribute to higher benzene concentrations. On 

the industrial front, industrial areas within 150 m are negatively associated with benzene, which 

could be due to specific regulatory controls or other factors like plume effect. However, industrial 

areas at larger distances (4200 m) have a positive effect. Key environmental variables, such as 

wind velocity at 10 m, have a strong negative relationship with benzene concentrations, suggesting 

that higher wind speeds may help disperse benzene and lower local concentrations. Maximum 

temperature shows a positive relationship with benzene, indicating that warmer temperatures 

might lead to higher benzene levels, which is consistent with the fact that benzene is a volatile 

organic compound that can increase in warmer conditions. The spatial distribution of benzene for 

year 2019 is presented on the left side of Figure 1. 

The model for 1,3-butadiene (Table 4) had an adjusted RĮ of 0.619, demonstrating a 

moderate ability to explain the variability in 1,3-butadiene levels. The dataset includes 899 

observations from various sites, ensuring a broad representation of environmental conditions. A 

clear decreasing trend in 1,3-butadiene concentrations over time highlights the impact of 

regulations and improved emission controls. Industrial and vehicular activities are major 
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contributors to ambient levels. Proximity to industrial areas is associated with higher 

concentrations, confirming the role of industrial emissions as a primary source. Interestingly, 

industrial activity at slightly larger distances shows a negative association, potentially due to 

dispersion effects. Vehicle-related predictors, such as vehicle kilometers traveled, also play a 

significant role, reaffirming the importance of transportation emissions. Land use and vegetation 

have notable effects. Grasslands and areas with higher vegetation indices are linked to lower 

concentrations of 1,3-butadiene, suggesting that vegetation helps mitigate pollution levels, 

possibly through pollutant deposition or reduced emissions. In contrast, open land near 

measurement sites is associated with higher concentrations, which could reflect emissions from 

unregulated sources. Organic gases are also key predictors. ROG within close proximity are linked 

to lower 1,3-butadiene concentrations, likely due to chemical reactions or differing sources. 

However, at larger distances, ROG levels are positively associated with 1,3-butadiene 

concentrations, indicating more complex spatial and transport processes. TOG show a positive 

relationship, consistent with their role in combustion-related emissions. Meteorological factors, 

including wind speed and temperature, significantly influence 1,3-butadiene concentrations. 

Higher wind speeds are associated with lower concentrations, as dispersion reduces pollutant 

buildup. Conversely, higher temperatures are linked to increased concentrations, potentially due 

to enhanced emissions or chemical reactions. The spatial distribution of 1,3-Butadiene for year 

2019 is presented on the right side of Figure 1. 

The chromium (Table 5) model had an adjusted RĮ of 0.758, indicating strong explanatory 

power. Based on 366 observations, the analysis highlights several key predictors related to land 

use, industrial activity, and other environmental characteristics. Land-use variables show varying 

relationships with chromium concentrations. Developed open spaces close to measurement sites 
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are associated with lower chromium levels, suggesting their role in reducing pollution exposure. 

However, at greater distances, these spaces show a positive association, indicating that chromium 

emissions may disperse from distant developed areas. Similarly, low-intensity developed areas 

near the sites are associated with higher chromium levels, reflecting the potential impact of 

moderate urban activities. At larger distances, these areas have a mitigating effect, which may 

reflect dispersion effects or reduced direct emissions. Natural land uses also play a role. Forested 

and shrub lands show positive associations with chromium concentrations, which could indicate 

deposition of airborne chromium from other sources rather than local emissions. These findings 

emphasize the complex role of vegetation in pollutant dynamics. Built environment characteristics, 

such as impervious surfaces and residential areas, are significant contributors to chromium levels. 

Higher percentages of impervious surfaces in proximity to measurement sites are strongly linked 

to elevated chromium concentrations, consistent with the role of urbanized areas in generating and 

retaining pollution. Residential areas also contribute positively, suggesting the influence of 

household and localized activities. Industrial activities are significant predictors of chromium 

levels. Proximity to industrial areas is associated with higher chromium concentrations, affirming 

the impact of industrial emissions. Interestingly, industrial activity at slightly greater distances has 

a negative association, possibly reflecting dispersion effects. The spatial distribution of chromium 

for year 2019 is presented in the middle of Figure 1. 

The nickel (Table 6) model explains a substantial portion of the variability in ambient 

nickel concentrations, with an adjusted RĮ of 0.698 based on 366 observations. The results indicate 

several significant predictors related to temporal trends, land use, atmospheric conditions, and 

environmental factors. Year shows a negative association with nickel levels, reflecting a decreasing 

trend over time, possibly due to improved regulations or reduced industrial emissions. Aerosol 
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Optical Depth (AOD), a measure of atmospheric pollution, is positively associated with nickel 

concentrations, suggesting that higher aerosol levels contribute to increased ambient nickel. The 

Sentinel reflectance ratio, related to surface characteristics, has a negative effect, indicating that 

lower reflectance is linked to reduced nickel concentrations, potentially reflecting differences in 

land cover or emissions sources. Land use features show varying impacts depending on the type 

and proximity of the area. Developed open spaces demonstrate mixed effects; closer distances are 

associated with higher nickel levels, while intermediate distances exhibit a negative association, 

likely reflecting dispersion patterns or land-use intensity. High-intensity developed areas, 

particularly those very close to measurement locations, exhibit a strong positive association, likely 

reflecting emissions from industrial or urban activities. Similarly, cultivated land at greater 

distances shows a positive relationship, indicating contributions from agricultural regions, possibly 

due to fertilizer use or soil disturbance. Vegetative features, such as tree canopy cover near the 

measurement sites, show a negative association with nickel concentrations, suggesting that 

vegetation can play a role in mitigating pollution levels. The location category variable (with 

values 1 to 3), representing proximity to roadways, has a significant negative association with 

nickel concentrations. Locations within 500 m of highways (category 1) and those within 300 m 

of major roadways (category 2) generally experience higher nickel levels compared to control 

areas far from highways and major roadways (category 3). This pattern reflects the contribution of 

vehicular emissions to nickel concentrations. The spatial distribution of nickel for year 2019 is 

presented in the middle of Figure 2. 

The lead model (Table 7), with an adjusted RĮ of 0.585 based on 366 observations, captures 

key factors influencing ambient lead concentrations. Year exhibits a significant negative 

association with lead levels, indicating a decline over time, likely reflecting the effectiveness of 
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regulatory measures such as the phase-out of leaded gasoline and stricter industrial emissions 

controls. Sentinel band 11 reflectance at 100 m, representing specific surface properties, shows a 

positive association with lead concentrations, suggesting that reflectance characteristics of certain 

surfaces may influence the deposition or re-emission of lead. Land use and land cover variables 

reveal complex spatial relationships with lead concentrations. Developed open space at 

intermediate distances (1750 m) has a significant negative association, while developed low-

intensity areas within 400 m exhibit a strong positive effect, highlighting the influence of 

urbanization and human activities on lead levels. High-intensity developed areas at farther 

distances (1850 m) also show a positive association, suggesting contributions from densely built 

environments. Industrial areas within 50 m have a substantial positive impact, underlining their 

role as key sources of lead pollution, likely from manufacturing processes or emissions. Cultivated 

land demonstrates mixed effects based on distance, with negative associations at closer proximities 

(1300 m) and positive effects at farther distances (1700 m and 4100 m). These results may reflect 

the combined influence of agricultural practices, including the historical use of lead-based 

pesticides, and spatial patterns of atmospheric lead deposition. Tree canopy cover within 150 m 

exhibits a significant negative association, indicating that vegetation may help reduce lead 

concentrations by capturing airborne particles. Wind velocity at 10 m is negatively associated with 

lead levels, likely due to enhanced dispersion of pollutants under windy conditions. The spatial 

distribution of lead for year 2019 is presented on the left side of Figure 2. 

The zinc (Table 8) model, with an adjusted RĮ of 0.902, demonstrates a highly robust 

explanation of spatial and temporal variation in ambient zinc concentrations. Based on 366 

observations, the model highlights several predictors related to land use and land cover, water 

features, and meteorological influences, as well as the influence of time and anthropogenic 
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activities. The year variable shows a significant positive association with zinc levels, indicating an 

increasing trend in concentrations over time. This could reflect growing zinc emissions from 

activities such as industrial production, urban development, agricultural use and forest 

management. Land use variables reveal the substantial impact of urbanization and agricultural 

practices on zinc concentrations. Developed open space has scale-dependent effects, with a 

significant positive association at 550 m and 4900 m, but a negative effect at 1650 m. This pattern 

may reflect the spatial heterogeneity of zinc sources, including construction activities, vehicular 

emissions, and material weathering in urban environments. Developed low-intensity areas within 

100 m show a particularly strong positive association with zinc levels, likely reflecting 

contributions from residential land use, such as roofing materials, paints, and vehicle-related 

emissions. Industrial land within 300 m also has a significant positive effect, further underscoring 

the role of industrial activities as major contributors to zinc pollution. Agricultural and forested 

areas are also significant predictors, pointing to the dual influence of agricultural use and forest 

management on zinc concentrations. Cultivated land within 1300 m has a significant negative 

association, potentially due to localized zinc absorption by crops or soil processes. However, 

cultivated land at farther distances, such as 2750 m, has a pronounced positive association, 

reflecting agricultural runoff and emissions contributing to regional zinc deposition. Forest land 

within 100 m shows a positive association, possibly linked to forest management practices, 

including the use of zinc-containing fertilizers or burning of biomass (e.g., wildfires). Similarly, 

shrub land at 1750 m and tree canopy at 3400 m positively influence zinc levels, suggesting that 

vegetated areas may play a role in trapping or re-emitting zinc through biogeochemical processes. 

Other significant predictors include roadway areas within 1050 m, which are positively associated 

with zinc concentrations, likely due to tire and brake wear, as well as roadway dust resuspension. 
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Commercial land use shows mixed effects, with a negative association at 1550 m and a positive 

association at 2850 m, reflecting variations in commercial activities and their contribution to zinc 

emissions. The spatial distribution of zinc for year 2019 is presented on the right of Figure 2. 

3.2.6 Discussion 

This research presented an unprecedented effort to develop land use regression models for 

air toxics in benzene, 1,3-butadiene, chromium, nickel, lead, and zinc over a 30-year period for the 

State of California. The research reveals significant trends and complex relationships between 

environmental variables and air toxics concentrations. The declining trends in pollutants such as 

benzene, 1,3-butadiene, and lead underscore the success of regulatory measures implemented over 

the past decades. Benzene and 1,3-butadiene, both volatile organic compounds, have seen 

reductions linked to cleaner fuel standards and the regulation of industrial and vehicular emissions. 

These results align with prior studies demonstrating the effectiveness of the Clean Air Act 

amendments in reducing hazardous air pollutants (U.S. EPA, 2020). Similarly, the marked decrease 

in lead concentrations reflects the success of phasing out leaded gasoline and stricter industrial 

controls, consistent with national and international trends (Pacyna et al., 2007). In contrast, the 

increasing trend in zinc concentrations highlights emerging challenges. Zinc emissions may be 

driven by urbanization, increasing traffic (e.g., from tire and brake wear), agricultural (e.g., 

fertilizer) and forest management (e.g., wildfires and controls). The forested areas in the State 

showed the greatest concentrations of zinc in 2019 (Figure 2). These findings suggest that while 

traditional sources have been mitigated, newer sources of air toxics require targeted interventions. 

The spatial heterogeneity in pollutant levels reveals critical insights into the role of land 

use and urbanization. Developed areas, particularly those with high-intensity urban land use, are 

consistently associated with higher concentrations of pollutants such as benzene, chromium, and 
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zinc. This finding aligns with studies linking urbanization to increased emissions from industrial, 

vehicular, and residential sources (Cohen et al., 2017). Notably, impervious surfaces within urban 

environments amplify pollution levels by limiting natural dispersion and enhancing local 

emissions. Vegetation and natural land uses demonstrate dual roles. While tree canopy and 

wetlands mitigate pollutants like benzene and nickel through deposition and absorption, other 

pollutants show positive associations with natural land uses at larger distances. For example, 

chromium concentrations are positively correlated with forested and shrub lands, suggesting that 

atmospheric deposition may transport emissions from distant sources. This complexity highlights 

the need for a nuanced understanding of how land use interacts with pollutant dynamics, 

particularly in areas transitioning between urban and natural environments. 

Industrial activities are prominent contributors to ambient levels of chromium, nickel, and 

zinc. Proximity to industrial areas is strongly associated with higher concentrations, confirming 

the role of industrial emissions as primary sources. Interestingly, industrial land uses at larger 

distances sometimes exhibit negative associations, reflecting dispersion effects that dilute pollutant 

concentrations. This finding is consistent with dispersion modeling studies that highlight the 

importance of local and regional interactions in shaping air toxics distributions (Lu et al., 2020). 

Vehicular emissions are also significant, particularly for pollutants like benzene, 1,3-butadiene and 

nickel. Variables such as vehicle kilometers traveled and proximity to roadways underscore the 

continued contribution of transportation sources to air pollution. While advancements in vehicle 

technology and fuel standards have mitigated some emissions, the findings emphasize the need for 

further reductions in vehicular pollution to address localized hotspots near major roadways. 

Meteorological variables, including wind speed and temperature, play critical roles in shaping 

pollutant levels. Higher wind speeds are consistently associated with reduced concentrations of 
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benzene, 1,3-butadiene, and lead, reflecting the role of atmospheric dispersion in mitigating 

localized pollution. Conversely, higher temperatures are linked to elevated levels of volatile 

pollutants like benzene, aligning with their chemical properties and the enhanced volatilization 

that occurs under warmer conditions. These findings are consistent with atmospheric chemistry 

principles and highlight the importance of incorporating meteorological variability into air quality 

models. Environmental factors, such as vegetation indices and organic gas levels, further illustrate 

the complexity of pollutant dynamics. Vegetation is generally associated with lower pollutant 

levels due to deposition processes, but its role can vary depending on proximity, type, and spatial 

scale. For instance, wetlands show both mitigating and exacerbating effects on benzene 

concentrations at different distances, reflecting complex interactions between land cover features 

and local emissions. 

In comparison to the existing literature on land use regression modeling of air toxics, most 

studies have primarily focused on volatile organic compounds, particularly benzene (Amini et al., 

2017; Johnson et al., 2010; Mukerjee et al., 2009; Smith et al., 2011; Su et al., 2010). The adjusted 

R2 of the models for benzene was approximately 70%.  These studies consistently highlighted that 

traffic and industrial sources are significant contributors to air toxics concentrations, confirming 

the major anthropogenic sources. In contrast, there is relatively limited research on developing 

LUR models for air toxics of trace metals. Some studies have grouped trace metals collectively 

rather than modeling them individually (Li et al., 2024). A study by (Zhang et al., 2022), focusing 

on a local region, demonstrated that nickel could be consistently modeled seasonally, with adjusted 

R2 values ranging from 0.75 to 0.93. For lead and zinc, predictive power varied, with adjusted R2 

values ranging from marginally predictive to as high as 0.69 and 0.72, respectively. These findings 

align with the results of our study, which observed relatively lower predictive performance for lead 
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compared to other air toxics. Another relevant study by Rahman and Thurston (2022 developed 

land use regression models for PM2.5 constituents across the United States at census tract 

centroids. Their findings showed that only nickel could be modeled with adjusted R2 values 

ranging from 0.54 to 0.85, underscoring the inherent difficulty in creating robust air toxics models 

over large geographic areas and extensive time periods.  

Overall, the most significant challenge in developing high-resolution air toxics models is 

identifying their sources and sinks, which are typically not dominant factors, show inconsistent 

distribution and often exhibit complex spatial relationships. The models must account for these 

spatial and temporal variations while integrating diverse predictor variables. This study used 

advanced land use regression techniques and extensive data sources to addresses these challenges 

and developed moderate to strong robust models at 100 m spatial resolution for six key air toxics: 

benzene, 1,3-butadiene, chromium, nickel, lead, and zinc, spanning three decades across 

California. 

The high-resolution spatial surfaces generated in this study serve as valuable tools for 

advancing research and public policy. For researchers like us, these models provide an immediate 

resource for investigating associations between air toxics exposure and health outcomes. For 

policymakers and public health professionals, these surfaces offer critical insights into pollution 

hotspots, enabling the identification and prioritization of mitigation efforts. Additionally, they 

support initiatives promoting environmental justice by highlighting areas disproportionately 

affected by air toxics. Finally, these models contribute to Californiaôs broader sustainability goals 

by providing actionable data to guide interventions and foster long-term environmental and public 

health improvements. 
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Model (Annual) 
Pollutant 

Code 

Unique 

Sites 

Total 

Observations 

Adjusted 

R2 

Benzene (Ben) 45201 54 384 0.81 

1,3 Butadiene (1,3 

But) 
43218 91 899 0.62 

Chromium (Cr) 88112 46 366 0.76 

Nickel (Ni) 88136 46 366 0.70 

Lead (Pb) 88128 46 366 0.59 

Zinc (Zn) 88167 46 366 0.90 

 

Table 4. The TOG and ROG trend analysis models for extending data back to 1989. 

Model Name 
Estimate (Kg) Std (Kg) DF 

t 

value Pr(>|t|) 

TOG (450m) 
(Intercept) 253.04535 24.49348 3901 10.33 <0.0001 

year -0.12512 0.01219 3899 

-

10.26 <0.0001 

ROG (350m) 

(Intercept) 99.07655 12.20607 3902 8.117 <0.0001 

year -0.04891 0.00608 3899 

-

8.049 <0.0001 

ROG (800m) 
(Intercept) 215.75673 40.05294 3901 5.387 <0.0001 

year -0.10547 0.01994 3899 -5.29 <0.0001 

ROG (1750m) 
(Intercept) 1797.53373 193.12282 3902 9.308 <0.0001 

year -0.88639 0.09614 3899 -9.22 <0.0001 

ROG (5000m) 
(Intercept) 14139.273 747.2367 3906 18.92 <0.0001 

year -6.9661 0.3719 3899 

-

18.73 <0.0001 
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Table 5. The Benzene (ppb ï parts per billion) annual land use regression model for the State of California. 

Predictors Estimates Statistic*  p 

(Intercept) 71.1444530829 6.460868056 <0.001 

Year -0.0460644573 -8.187001384 <0.001 

Developed open space (ha) 

(1500m) 

-0.0003038868 -9.20768114 <0.001 

Developed low-intensity (ha) 

(50m) 

0.1046491564 6.108446398 <0.001 

Developed low-intensity (ha) 

(150m) 

0.0095996898 2.581800578 0.01 

Developed low-intensity (ha) 

(400m) 

-0.0040680773 -7.39114508 <0.001 

Developed medium-intensity (ha) 

(50m) 

0.0750590130 9.494233321 <0.001 

Developed high-intensity (ha) 

(100m) 

0.0091059982 3.24671851 0.001 

Developed high-intensity (ha) 

(5000m) 

0.0000233851 10.09621313 <0.001 

Barren land (ha) (3650m) 0.0001646350 1.513935759 0.131 

Wetlands (ha) (1500m) -0.0006293209 -4.169578405 <0.001 

Wetlands (ha) (4200m) 0.0000765548 5.221485589 <0.001 

Percent impervious (%) (1250m) 0.0049819000 6.492024697 <0.001 

Residential (ha) (2550m) 0.0001292767 15.79280818 <0.001 

Commercial (ha) (400m) 0.0007969469 4.086255787 <0.001 

Open land (ha) (4050m) 0.0000447860 12.98661681 <0.001 

Agricultural (ha) (650m) 0.0003945438 2.859741801 0.004 

Industrial (ha) (150m) -0.0062452995 -2.986573997 0.003 

Industrial (ha) (4200m) 0.0000341314 8.618888805 <0.001 

Roadway area (ha) (400m) 0.0027072548 7.338750856 <0.001 

Wind velocity at 10m (m/s) -0.4824059638 -8.830365082 <0.001 

Maximum temperature (K) 0.0740398482 8.81029949 <0.001 

Observations 384 
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R2 / R2 adjusted 0.817 / 0.806 

*Note: Statistic is t-statistic calculated using estimate/standard error 

  



 млр 

Table 6. The 1,3 Butadiene (ppt - parts per trillion) annual land use regression model for the State of California. 

Predictors Estimates Statistic p 

(Intercept) 31117.6648826934 11.64674359 <0.001 

Year -21.1249730190 -

19.38089739 

<0.001 

Barren land (ha) (4600m) -0.0469201251 -

2.167769104 

0.03 

Grass land (ha) (500m) -0.6775093539 -

5.129792766 

<0.001 

Normalized difference vegetation 

index (NDVI) 

-0.0424093861 -

4.420047065 

<0.001 

Reactive organic gases (ROG in 

Kg) (350m) 

-25.1894794709 -

4.523940379 

<0.001 

Reactive organic gases (ROG in 

Kg) (800m) 

-2.9373635888 -2.93857921 0.003 

Reactive organic gases (ROG in 

Kg) (1750m) 

1.5820924780 9.938395905 <0.001 

Reactive organic gases (ROG in 

Kg) (5000m) 

0.0789423273 3.453985634 0.001 

Total organic gases (TOG in Kg) 

(450m) 

19.5173083814 6.458797477 <0.001 

Industrial (ha) (100m) 25.0402701651 6.830834645 <0.001 

Industrial (ha) (250m) -4.7079719446 -

7.984294052 

<0.001 

Open land (ha) (50m) 16.0480573790 2.957217315 0.003 

Open land (ha) (3100m) 0.0049091507 2.688184263 0.007 

Unknown land use (ha) (1150m) -0.1412559852 -

4.712224558 

<0.001 

Wind velocity at 10m (m/s) -104.8729264054 -

5.294000198 

<0.001 

Minimum temperature (K) 22.4987766572 3.637364344 <0.001 

Maximum temperature (K) 18.9826049436 4.543141132 <0.001 

Distance to ports (m) 0.0007354483 4.515508873 <0.001 



 млс 

Vehicle kilometer traveled (VKT) 

(350m) 

0.0012401077 3.276795231 0.001 

Observations 899 

R2 / R2 adjusted 0.627 / 0.619 

  



 млт 

Table 7. The Chromium (Õg m-3 ï microgram per cubic meter) annual land use regression model for the State of California. 

Predictors Estimates Statistic p 

(Intercept) -0.0009652030 -3.421993114 0.001 

Developed open space (ha) 

(750m) 

-0.0000026233 -5.148937014 <0.001 

Developed open space (ha) 

(4950m) 

0.0000001187 7.855805639 <0.001 

Developed low-intensity (ha) 

(750m) 

0.0000011149 4.834187597 <0.001 

Developed low-intensity (ha) 

(4350m) 

-0.0000000776 -5.356293607 <0.001 

Forest land (ha) (1700m) 0.0000000804 3.278770817 0.001 

Shrub land (ha) (3500m) 0.0000000227 3.449440594 0.001 

Percent impervious (%) 

(700m) 

0.0000542740 13.2018244 <0.001 

Residential (ha) (250m) 0.0000033797 2.733756416 0.007 

Industrial (ha) (50m) 0.0150493090 6.183608152 <0.001 

Industrial (ha) (100m) -0.0006743840 -6.219904697 <0.001 

Industrial (ha) (1850m) -0.0000007260 -5.478485644 <0.001 

Observations 366 

R2 / R2 adjusted 0.765 / 0.758 

  



 млу 

Table 8. The Nickel (Õg m-3 ï microgram per cubic meter) annual land use regression model for the State of California. 

Predictors Estimates Statistic p 

(Intercept) 0.0925145525 4.818773481 <0.001 

Year -

0.0000457830 

-

4.800933522 

<0.001 

Aerosol Optical Depth (AOD) 0.0000042343 3.156966846 0.002 

Sentinel reflectance ratio of band 3 to 

band 8 (2200m) 

-

0.0005806226 

-

2.149175643 

0.032 

Water (ha) (600m) 0.0000378123 2.45276961 0.015 

Developed open space (ha) (750m) 0.0000012524 2.699465104 0.007 

Developed open space (ha) (1650m) -

0.0000013001 

-

8.293587973 

<0.001 

Developed open space (ha) (4800m) 0.0000001079 8.329239371 <0.001 

Developed low-intensity (ha) (150m) -

0.0000153411 

-

3.105717724 

0.002 

Developed low-intensity (ha) (550m) 0.0000046813 7.733307247 <0.001 

Developed low-intensity (ha) (3000m) -

0.0000000709 

-

3.663505516 

<0.001 

Developed high-intensity (ha) (50m) 0.0000640834 3.593088787 <0.001 

Developed high-intensity (ha) (800m) 0.0000012760 6.070259799 <0.001 

Developed high-intensity (ha) 

(2100m) 

-

0.0000001901 

-4.30779798 <0.001 

Forest land (ha) (100m) 0.0000160534 1.938139917 0.053 

Forest land (ha) (500m) -

0.0000003772 

-

1.515190092 

0.131 

Cultivated land (ha) (5000m) 0.0000000275 6.504952433 <0.001 

Tree canopy (%) (50m) -

0.0000134758 

-

3.157904608 

0.002 

Unknown land use (ha) (4500m) 0.0000000053 2.458329336 0.014 

Daily precipitation (mm) 0.0000597377 1.649510182 0.1 

Location category -

0.0002111528 

-

4.722682297 

<0.001 



 млф 

Observations 366 

R2 / R2 adjusted 0.714 / 0.698 

  



 ммл 

Table 9. The Lead (Õg m-3 ï microgram per cubic meter) annual land use regression model for the State of California. 

Predictors Estimates Statistic p 

(Intercept) 0.1786862844 2.853946155 0.005 

Year -

0.0000879009 

-

2.826373007 

0.005 

Sentinel band 11 reflectance 

(%) (100m) 

0.0000010686 3.048932125 0.002 

Water (ha) (550m) 0.0000824566 1.507671915 0.133 

Developed open space (ha) 

(1750m) 

-

0.0000010025 

-

4.125566514 

<0.001 

Developed low-intensity (ha) 

(400m) 

0.0000067087 4.44248285 <0.001 

Developed high-intensity (ha) 

(1850m) 

0.0000002179 2.168973687 0.031 

Shrub land (ha) (100m) -

0.0000184916 

-

1.493241436 

0.136 

Cultivated land (ha) (1300m) -

0.0000112322 

-

5.260807218 

<0.001 

Cultivated land (ha) (1700m) 0.0000063385 6.671948391 <0.001 

Cultivated land (ha) (4100m) 0.0000002204 3.950092096 <0.001 

Tree canopy (%) (150m) -

0.0000240071 

-

2.077729624 

0.038 

Residential (ha) (50m) 0.0001268974 1.42360566 0.155 

Commercial (ha) (50m) -

0.0001516211 

-

1.779575967 

0.076 

Commercial (ha) (850m) -

0.0000035623 

-

2.816310915 

0.005 

Commercial (ha) (1600m) 0.0000011326 1.700822505 0.09 

Industrial (ha) (50m) 0.0080694047 2.300571321 0.022 

Daily precipitation (mm) 0.0004079364 3.204730598 0.001 

Vapor pressure deficit (kPa) -

0.0006627179 

-

1.673587572 

0.095 



 ммм 

Wind velocity at 10m (m/s) -

0.0004811740 

-

2.813558467 

0.005 

Distance to ports (m) -

0.0000000019 

-

1.560162738 

0.12 

Observations 366 

R2 / R2 adjusted 0.608 / 0.585 

  



 ммн 

Table 10. The Zinc (Õg m-3 ï microgram per cubic meter) annual land use regression model for the State of California. 

Predictors Estimates Statistic p 

(Intercept) -

0.7633161249 

-

4.717188522 

<0.001 

Year 0.0003761687 4.678444883 <0.001 

Water (ha) (600m) 0.0026681203 7.642488406 <0.001 

Water (ha) (650m) -

0.0024089350 

-

7.281817116 

<0.001 

Water (ha) (950m) 0.0003425548 10.06154186 <0.001 

Water (ha) (1100m) -

0.0001080435 

-

9.297688355 

<0.001 

Developed open space (ha) 

(550m) 

0.0000395784 7.932539305 <0.001 

Developed open space (ha) 

(1650m) 

-

0.0000155901 

-

14.24917187 

<0.001 

Developed open space (ha) 

(4900m) 

0.0000008815 9.760316747 <0.001 

Developed low-intensity 

(ha) (100m) 

0.0005624142 9.413001078 <0.001 

Developed low-intensity 

(ha) (1100m) 

0.0000029328 3.200835573 0.001 

Forest land (ha) (100m) 0.0001372166 2.944495893 0.003 

Shrub land (ha) (1750m) 0.0000006002 3.713286452 <0.001 

Cultivated land (ha) 

(1300m) 

-

0.0000566748 

-

13.28121271 

<0.001 

Cultivated land (ha) 

(2750m) 

0.0000139214 28.73397069 <0.001 

Tree canopy (%) (3400m) 0.0001456838 5.016416366 <0.001 

Commercial (ha) (1550m) -

0.0000126516 

-

11.18764605 

<0.001 

Commercial (ha) (2850m) 0.0000034115 5.848703078 <0.001 

Industrial (ha) (300m) 0.0001951988 11.73936751 <0.001 



 ммо 

Roadway area (ha) 

(1050m) 

0.0000086079 7.391120595 <0.001 

Observations 366 

R2 / R2 adjusted 0.907 / 0.902 



 ммп 
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Figure 7. The spatial distribution of Lead (ug m-3), Nickel (ug m-3) and Zinc (ug m-3) for California in year 2019.  
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Task 4: Modeling concentration-response functions for 

health outcomes 

 

3.4 Adverse Birth Outcomes 

4.1.1 Abstract 

Background: While air pollution levels in California have changed over time due to reductions in 

traffic exhaust emissions, non-tailpipe emissions remain a major health concern. To inform 

targeted intervention policies, we must understand how evolving air pollution levels, especially 

understudied air toxics, have impacted adverse birth outcomes, and identify specific pollutants and 

at-risk populations. 

Methods: We used birth records (1990-2021) from the California Department of Public Health 

and assessed gestational exposure to criteria air pollutants (PM2.5, NO2, O3) and traffic and 

industry-related air toxics (benzene, 1,3-butadiene, chromium, lead, nickel, zinc) modeled by land 

use regression. With logistic regression models, we estimated the effects of these pollutants on 

preterm birth (PTB) and low birth weight at term (TLBW) per IQR in four time periods (1990-

1997, 1998-2005, 2006-2012, and 2013-2021). We also stratified by race/ethnicity and area-level 

socioeconomic status. 

Results: The estimated effect size for PM2.5 on PTB and NO2 on TLBW declined over time, 

possibly due to reduction in exposure levels as observed in the data. The PM2.5-PTB association 

reduced from OR=1.026 (95%CI: 1.019, 1.032) in 1998-2005 to null by 2013-2021 and the NO2-

TLBW association reduced from OR=1.026 (95%CI: 1.019, 1.032) in 1998-2005 to an OR=1.01 

(95%CI: 0.999, 1.021) in 2013-2021. However, the estimated effect size of brake- and tire-wear 

related air toxics such as nickel and zinc on PTB increased in the most recent period of 2013-2021. 
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In general, we saw the strongest associations for these two air toxics on adverse birth outcomes 

among Black and Hispanic mothers and low area-level SES populations.  

Conclusions: We found that the effect estimates for air pollutants in California changed over a 30-

year period with important differences by race/ethnicity and area-level SES, highlighting success 

of air pollution reductions but also a need for additional interventions to mitigate existing risks 

from traffic-related air toxics. 
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4.1.2 Introduction 

Preterm Birth (PTB) is defined as a natural or medically induced birth before the 

completion of 37 weeks of gestation, and a newborn is considered low birth weight (LBW) if it 

weighs less than 2500g, or term LBW (TLBW) if the baby is born <2500g at term. In California, 

7% of babies were born with LBW and 9% of babies were born preterm in 20221. During fetal 

development the fetus is highly susceptible to maternal environmental exposures including air 

pollution, which may result in adverse birth outcomes with both short- and long-term 

consequences. These adverse birth outcomes are risk factors for infant mortality, child morbidity 

including poor neurodevelopment, as well as adult-onset chronic diseases such as hypertension 

and chronic kidney disease1ï4. Prior studies have explored the relationship between air pollution 

and these adverse birth outcomes extensively, but there are no studies that covered decades with 

changing pollutions profiles and a population as diverse as people who gave birth in California 

over the past three decades. Here, we will use this unique resource to study race/ethnicity 

differences for air pollutants and whether and how disparities in the impacts of air pollution on 

adverse birth outcomes have changed in the light of changing air pollution levels, and identify 

populations that continue to remain vulnerable. Prior studies have investigated the impacts of 

criteria air pollutants which are typically measured by government monitoring stations for 

regulatory purposes. A recent umbrella review and meta-analysis concluded that particulate matter 

ςȢυ‘ά  (PM2.5) and nitrogen dioxide (NO2) exposures are positively associated with LBW, 

TLBW and PTB5,6, however, the effect of air toxics remain relatively understudied due to 

difficulties in monitoring these pollutants. In addition, PM2.5 mass encompasses a mixture formed 

from various sources and activities including combustion (e.g., vehicle exhaust, industrial activity, 

and forest fires), brake/tire wear7, and atmospheric chemical reactions. Thus, the composition of 
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PM2.5 can vary across time and space. Investigating the contributions of specific PM2.5 components 

on these sensitive outcomes can also help in identifying sources of pollution that need to be further 

mitigated. Additionally, while regulations of fuel emissions over the last few decades have reduced 

PM2.5 and NO2 levels in California overall8, other pollution sources and their components have 

progressively become more prominent, such as wildfires and non-tailpipe vehicle emissions. There 

is a need to understand the impact of the changing pollution profiles on adverse birth outcomes 

and expand our focus beyond criteria air pollutants to include other air toxics, in order to help 

shape future air pollution regulatory policies. Strategies to reduce levels of criteria air pollutants 

alone may be insufficient.  

Some race/ethnicities and socioeconomic classes have repeatedly been found to be more 

vulnerable than others. In 2022, Black mothers experienced the highest percentages of both LBW 

and preterm births, while mothers residing in areas with less than 10% neighborhood poverty were 

affected the least by these outcomes in California9. Studies have found that PM2.5 and its chemical 

components are disproportionately higher in areas where low-income populations, racial 

minorities and people of color live10ï12. One study found that despite reductions in PM2.5 levels in 

California, relative exposure disparities increased13. However, studies on racial/ethnic disparities 

in the estimated effects of air pollutants on adverse birth outcomes remain limited. One systematic 

review found that the risk of PTB and LBW linked to particulate matter (PM) was higher in Black 

mothers14, though it included studies from outside the US. The  findings in three California studies 

are inconsistent, with two showing higher LBW risk in Black and Hispanic mothers, and another 

reporting no racial differences15ï17.  



 мнт 

This is to date the largest birth cohort study in California relying on birth records from 

1990 to 2021 to address these questions utilizing high-resolution (100m) exposure estimates for 

criteria air pollutants (PM2.5, NO2, and O3) and air toxics (1,3-butadiene, benzene, chlorine, lead, 

nickel, and zinc) derived from a land use regression model. Here we examine trends in associations 

between these pollutants and outcomes and explore how effect estimates differ across 

race/ethnicities and area-level socioeconomic levels.  

4.1.3 Methods 

4.1.3.1 Study Population 

We relied on California birth registry data from January 1st, 1990 to December 31st, 2021 

obtained from the California Department of Public Health to identify preterm newborns and those 

born TLBW. There were 16,821,223 births in this time period, from which we excluded births with 

missing or unrealistic data of gestational length (less than 140 days or greater than 315 days) 

(N=729,956, 4.3%), missing or unrealistic data for birth weight (less than 500g or greater than 

6800g) (N=15,445, 0.1%) for a viable infant, missing or information for year or month of last 

menses (N=3,449, 0.02%), non-singleton births (N=454,942, 2.8%), and those who had less than 

50% daily ambient PM2.5, NO2, or O3 observations in all three trimesters available (N=319,140, 

2.0%). Our final sample was made of 1,347,224 preterm births, 299,703 TLBW births, and 

13,651,364 term births with normal birth weight (TNBW).  

4.1.3.2 Air Pollution Exposures 

Exposure estimation is described in Task 3 of this report. The Texas A&M Geoservices 

Geocoder18,19 was used to geocode maternal residential addresses (1998 onward) and zipcodes 

(prior to 1998). Pollutant levels at these geocoded addresses were extracted, for each air pollutant 



 мну 

from the LUR surfaces, daily estimates for criteria air pollutants and annual ones for air toxics. 

The daily estimates for the criteria air pollutants were used to calculate entire pregnancy and 

trimester-specific exposure averages. For the air toxics we generated entire pregnancy exposure 

levels as a weighted average of the proportion of gestation spent in each calendar year.  

4.1.3.3 Outcome and Covariate Assessment 

PTB was defined as a birth at gestational age 20 weeks but <37 weeks, TLBW as infants 

born at term (37 weeks and 45 weeks of gestational age) with a birthweight of 500g and 

<2500g, and TNBW as infants with a birthweight of 2500g and 6800g born at 37 weeks and 

45 weeks of gestational age. Gestational age is the difference between last date of menses and 

the date of birth. Birth records provided by CDPH underwent a change in format in 2018. Prior to 

2018, for records with incomplete last date of menses, gestational length was still provided. 

However, for the years 2018-2021, records with incomplete last date of menses, had missing 

gestational length. For these years, we used the mid-month date, if month and year of last menses 

were known, to calculate the gestational length. Gestational age, birthweight, and most other 

covariates were obtained from the CDPH birth records, and area-level SES was additionally 

generated as quintiles of Yostôs and Yangôs indices of socioeconomic status at the census block 

group. The Yost index, based on the decennial Census, was used for birth records from 1990 to 

2005, and the Yang index, based on the American Community Survey (2015-2019) data, was used 

for births from 2006 onward. These indices are described elsewhere20,21, but briefly, the variables 

used in calculating them includes percent above a certain educational attainment level, percent 

above 200% of the poverty line, percent employed, percent with a blue-collar job, median rental 

value, median value of owned housing, and median household income.  

4.1.3.4 Statistical Analysis 
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When processing the air toxic exposure data, we addressed zero values, which likely 

represent measurements below the detection limit rather than the absence of the pollutant, by 

replacing them with half of the lowest non-zero value. Additionally, to reduce the influence of 

extreme or unrealistic values, we windsorized the upper end of each air toxic concentration to the 

99th percentile of the distribution of annual values. We used logistic regression to analyze the 

association between the entire pregnancy average air pollutants and each adverse birth outcome in 

the entire study period as well as stratified by time periods (1990-1997, 1998-2005, 2006-2012, 

and 2013-2021). For criteria air pollutants we also analyzed the association with the birth outcomes 

for the relevant trimesters as a sensitivity analysis. TNBW babies served as the reference category 

for both outcomes. Estimates were reported per entire pregnancy IQR for each pollutant (PM2.5: 

2.46 ‘g/m3, NO2: 5.07 ppb, O3: 3.86 ppb, 1,3-butadiene: 0.58 ppb, benzene: 0.18 ppb, chromium: 

1.10 ng/m3, lead: 0.55 ng/m3, nickel: 0.28 ng/m3, zinc: 0.78 ng/m3). As the range of pollutant 

concentrations differed across years, we decided to use the interquartile range (IQR) from the most 

recent period (2013-2021) which was smaller than the range of pollutants measured in each time 

period (1990-1997, 1998-2005, 2006-2012, and 2013-2021). Based on prior knowledge22,23, all 

models were adjusted for sex of the child, and maternal parity (1,2,σ, age (<20, 20-24, 25-29, 

30-35, >35 years), race and ethnicity (non-Hispanic White, Black, API, and Hispanic mothers), 

birthplace (US-born vs foreign-born), payment type for prenatal care (no prenatal care, 

government insurance, private insurance, and self-payment), educational attainment (8th grade, 

9th-12th grade without diploma, high school graduate or GED completed, and at least some college 

or graduate education), area-level SES (quintiles: 1 for lowest - 5 for highest), and birth year. For 

criteria air pollutants, we co-adjusted each criteria air pollutant model for the other two criteria 

pollutants as a sensitivity analysis. Due to the high correlations between the birth year and the 
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levels of some air toxics, resulting in high VIF values for the entire study period air toxics analyses, 

we could not directly adjust for birth year for the entire study period for air toxics. Instead, we 

adjusted for birth year within each of the four periods (1990-1997, 1998-2005, 2006-2012, and 

2013-2021) and then conducted random effects meta-analyses to generate the overall effect for the 

entire study period. We also performed stratified analyses by race/ethnicity and area-level SES.  

This research was approved by the University of California, Los Angeles, Office of the 

Human Research Protection Program, and the California Committee for the Protection of Human 

Subjects. The study received an exemption from the requirement to obtain informed consent. All 

analyses were conducted using R (version 4.3.3.; R Foundation for Statistical Computing, 

Vienna, Austria). 

4.1.4 Results 

4.1.4.1 Study Population Characteristics 

Hispanics accounted for the largest racial/ethnic group overall (Table 1). Mothers of 

preterm compared to mothers of TNBW babies were more often Hispanic (52.4% vs 48.9%) or 

Black (9.2% vs 5.8%) and less were White (25.7% vs 32.1%) (Table 1). Similarly, mothers of 

TLBW babies compared to TNBW babies were more likely to be Black (11.8% vs 5.8%) and less 

likely to be White (24.1% vs 32.1%). Both PTB and TLBW mothers more commonly resided in 

the lowest area-level SES areas (32.4% vs 27.2% and 31.1% vs 27.2%, respectively) and less in 

the highest area-level SES areas (11.0% vs 14.3% and 11.9% vs 14.3%, respectively) compared to 

TNBW mothers.  

4.1.4.2 Air Pollution Exposures 

Entire pregnancy exposure averages for all pollutants we examined varied over time as 

well as by race/ethnicity, area-level SES, and region (Table S6).  PM2.5, NO2, benzene, lead, and 
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nickel  decreased over time, with the highest levels recorded in 1990ï1997 (13.52 Õg/mį, 19.74 

ppb, 1.11 ppb, 5.36 ng/m3, and 1.89 ng/m3 respectively) and the lowest in 2013ï2021 (9.83 Õg/mį, 

9.88 ppb, 0.44 ppb, 4.46 ng/m3, and 1.22 ng/m3 respectively). Zinc, on the other hand, increased 

from 0.8 ng/m3 in 1990-1997 to 4.16 ng/m3 in 2013-2021. O3, 1,3-butadiene, and chromium levels 

fluctuated slightly but remained fairly stable across the entire period. NO2 exposure was highest 

among Black (16.06 ppb) and Hispanic mothers (16.27 ppb) and lowest in White (13.57 ppb) and 

API (14.58 ppb) mothers, while other pollutant exposure levels were relatively similar across 

race/ethnicity groups. The criteria air pollutants PM2.5, NO2, and O3 exposure decreased with 

increasing area-level SES levels, ranging from 12.73 ug/m3, 16.42 ppb, and 38.39 ppb in the 

lowest area-level SES areas to 10.39 ppb, 13.61 ppb, and 36.96 ppb in the highest area-level SES 

areas, respectively. Decreases with increasing area-level SES were also observed in air toxics such 

as benzene (0.81 to 0.7 ppb) and lead (5.12 to 4.60 ng/m3).  

Overall, moderate to high correlations were observed between PM2.5 and NO2 (r=0.63), 

benzene (r=0.72), lead (r=0.60), and nickel (0.61) (Table S7). Similarly, NO2 displayed moderate 

to high correlations with benzene (r=0.79), lead (r=0.58), and nickel (r=0.56). Benzene was also 

strongly correlated with nickel (r=0.78) and lead (r=0.67). The correlation of PM2.5 with NO2 and 

nickel decreased steadily, from 1990-1997 (NO2: r=0.57 and Ni: r=0.53) to 2013-2021 (NO2: 

r=0.26 and Ni: r=0.31), potentially suggesting a reduction in tail-pipe exhaust-related sources 

contributing to PM2.5 mass. Benzene remained consistently correlated with NO2 across the four 

time periods. Zinc was observed to be negatively correlated with PM2.5 (r=-0.58), NO2 (r=-0.56), 

benzene (r=-0.85), lead (-0.50), and nickel (r=-0.79), although the negative correlation with PM2.5 

decreased from r=-0.38 in 1990-1997 to r=-0.11 in 2013-2021, highlighting the changing 

composition of PM2.5 over the last few decades.  
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4.1.4.3 PTB and Exposure to Criteria Air Pollutants and Air Toxics  

4.1.4.3.1 Overall 

For criteria air pollutants, in single pollutant models, an overall positive association was 

observed between PTB and PM2.5 (OR: 1.032, 95%CI: 1.030, 1.035) and a weaker association with 

O3 (OR: 1.015, 95%CI: 1.012, 1.017), whereas the association with NO2 was closest to null (OR: 

1.009, 95%CI: 1.008, 1.011) (Table 2a). The associations with PM2.5 were higher in 1998-2005 

(OR: 1.041, 95%CI: 1.035, 1.046) and 2006-2012 (OR: 1.060, 95%CI: 1.054, 1.065) periods and 

basically null in 2013-2021 (OR: 1.006, 95% CI: 1.001, 1.009). The size of the effect estimate in 

1990-1997 was smaller than in latter periods (OR: 1.033, 95%CI: 1.028, 1.038) likely due to PM2.5 

exposures measures in our models not being able to include routine monitoring data before 1998 

and the absence of residential addresses in this period. Lead showed a similar trend with modest 

positive associations present in 1998-2005 (OR: 1.019, 95%CI: 1.015, 1.022) and 2006-2012 (OR: 

1.024, 95%CI: 1.020, 1.029) but not in 2013-2021 (Table 2b). The association with lead was also 

close to null in 1990-1997, which could again be due to misclassification exposures due to not 

having residential addresses in these years. On the other hand, for nickel, a strong association 

emerged in 2013-2021 (OR: 1.054, 95%CI: 1.040, 1.068) while associations were slightly negative 

or null in earlier periods. A strong overall positive association was found for zinc (OR: 1.065, 95% 

CI: 0.98, 1.158) but the effect estimate size was  strongest in 1990-1997 (OR: 1.210, 95%CI: 1.185, 

1.236), which declined to null in 2006-2012 (1.003, 95%CI: 0.995, 1.012), and again increased in 

the latest period of 2013-2021 (OR: 1.031, 95%  CI: 1.025, 1.038). For 1,3-butadiene a modest 

overall association was observed (OR: 1.024, 9% CI: 0.981, 1.069) that was driven mostly by the 

association in the 1990-1997 period (OR: 1.093, 95% CI: 1.086, 1.100) after which the associations 
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dropped sharply to null in subsequent periods. Overall associations for benzene and chromium 

were null.  

4.1.4.3.2 Stratified by Race/Ethnicity 

While the overall associations with PM2.5 were elevated for Whites (OR: 1.048, 95%CI: 

1.043, 1.052), Hispanics (OR: 1.031, 95%CI: 1.028, 1.035) and Blacks (OR: 1.035, 95%CI: 1.026, 

1.045), these associations were driven by earlier periods. By 2013-2021, associations had dropped 

close to null for Hispanic and Black mothers, and a small association remained for Whites (OR: 

1.021, 95%CI: 1.012, 1.030) (Table S2a). Although the associations of PTB with NO2 were null in 

the entire study population, race/ethnic stratification showed that Black (OR: 1.032, 95%CI: 1.026, 

1.038) and White (OR: 1.033, 95%CI: 1.029, 1,036) mothers were at increased risk, while  for API 

mothers the association was slightly negative overall (OR: 0.968, 95%CI: 0.963, 0.973) and in all 

the study periods. Also, associations for O3 were highest in White (OR: 1.024, 95%CI: 1.019, 

1.029) and API (OR: 1.033, 95%CI: 1.025, 1.042) mothers and close to null for Hispanic and Black 

mothers. The small to moderate positive associations observed in the entire study period for 1,3-

butadiene across race/ethnicity groups was driven mostly by the 1990-1997 period, which declined 

sharply to null in subsequent periods (Table S2b). The entire-study period effect estimate for 

benzene was slightly elevated but imprecise for White mothers OR: 1.017, 95%CI: 0.963, 1.073) 

and driven by earlier periods, whereas by 2013-2021 associations were slightly below null across 

all racial/ethnic groups. Conversely, for nickel, associations were either null or slightly negative 

in each of the race/ethnicities during earlier periods, but positive associations were observed for 

all groups in 2013-2021, with the strongest estimates in Blacks (OR: 1.065, 95%CI: 1.012, 1.120) 

and Hispanics (OR: 1.060, 95%CI: 1.040, 1.080). For zinc, associations within each race/ethnicity 

were strongest in the 1990-1997 period, with Black and Hispanic mothers again experiencing 
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strongest risks. The associations decreased to null or close to null in White and API mothers by 

2013-2021, while the associations declined till 2006-2012 but increased again in 2013-2021 in 

Black (OR: 1.063, 95%CI: 1.033, 1.094) and Hispanic (OR: 1.06, 95%CI: 1.052, 1.074) mothers. 

For lead, effect estimates were slightly elevated in White mothers (OR: 1.022, 95%CI: 1.005, 

1.039), however by 2013-2021, associations were null in all groups. For chromium, the 

associations were null for all race/ethnicities and across all time periods.  

4.1.4.3.3 Stratified by Area-level SES 

The overall association of PM2.5 with PTB was elevated equally across area-level SES 

neighborhoods with OR=1.032 (95%CI 1.028, 1.037) in the lowest area-level SES regions and 

OR=1.032 (95%CI: 1.023, 1.040) in the highest area-level SES regions (Table S4a). However, by 

2013-2021, effect estimates for all area-level SES areas were null or close to null. For NO2, we 

observed a positive association in the highest area-level SES regions (OR: 1.027, 95%CI: 1.021, 

1.033), while associations were close to null in other regions. However, these differences were 

influenced by earlier periods, while in the latest 2013-2021 period, a modest association was only 

observed in the lowest area-level SES neighborhoods (OR: 1.022, 95%CI: 1.011, 1.032) while the 

association was null in other areas. For O3, the association was null in the lowest area-level SES 

neighborhoods but slightly elevated in higher area-level SES neighborhoods. While in earlier 

periods effect estimates deviated randomly from this trend, it was prominent in the latest 2013-

2021 period, with the effect estimate being null in the two lowest area-level SES neighborhoods 

and highest in the highest area level SES neighborhoods (OR: 1.054, 95%CI: 1.034, 1.074). 

Among the air toxics, the association for zinc steadily declined with increasing area-level SES, 

with the strongest association observed in the lowest area-level SES neighborhoods (OR: 1.147, 

95%CI: 0.997, 1.346) and no association in the highest area-level SES areas (OR: 0.993, 95%CI: 
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0.976, 1.01) and this pattern was observed in all periods (Table S4b). Notably, the associations 

within area-level SES categories declined over time, but there was an increase in 2013-2021 only 

in the lowest, low-middle, and middle SES areas. For nickel we did not see associations in earlier 

periods but in 2013-2021, moderate to strong positive associations were found in all area-level 

neighborhoods, with the OR in the lowest area-level SES regions being 1.055 (95%CI: 1.030, 

1.082) and the OR in the highest SES areas being 1.041 (95%CI: 1.003, 1.081). For chromium, 

associations were null in all area-level SES neighborhoods, except for 2013-2021, when we 

estimated a slightly positive association in the lowest area-level SES neighborhoods (OR: 1.022, 

95%CI: 1.013, 1.03). For lead, a small positive association that was observed in the highest area-

level SES areas (OR: 1.024, 95%CI: 1.0, 1.049) was mainly influenced by earlier periods, while 

associations in all area-level SES neighborhoods were null in 2013-2021. The entire study period 

effect estimates for benzene were null for all area-level SES categories. For 1,3-butadiene elevated 

associations were similar across area-level SES categories, with OR = 1.019 (95%CI: 0.98, 1.059) 

in the lowest area-level SES neighborhoods and OR = 1.028 (95%CI: 0.982, 1.076) in the highest 

area-level SES neighborhoods, but these associations were driven the 1990-1997 period, whereas 

the associations were null by 2013-2021. 

4.1.4.4 TLBW and Exposure to Criteria Air Pollutants and Air Toxics  

4.1.4.4.1 Overall 

Among the criteria air pollutants, small positive associations were found for TLBW with 

O3 (OR: 1.028, 95%CI: 1,023, 1,033), NO2 (OR: 1.016, 95%CI: 1,012, 1.019) and PM2.5 (OR: 

1.019, 95%CI: 1.014, 1.024) in single pollutant models (Table 3a). The association for NO2 

declined over time from OR=1.026 (1.019, 1.032) in 1998-2005 to OR=1.01 (0.999, 1.021) in 

2013-2021. In 1990-1997, the association for NO2 was close to null, which may be due to exposure 
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misclassification as we did not have residential addresses in these years. For the air toxics, the 

overall associations were close to null and the associations were not meaningfully different by time 

periods, except for a moderately positive association for zinc in 1990-1997 (OR: 1.043, 95%CI: 

0.998, 1.090) (Table 3b).  

4.1.4.4.2 Stratified by Race/Ethnicity  

For PM2.5, a moderately positive overall elevated association was found in White mothers 

(OR: 1.038, 95%CI: 1.029, 1.048), and smaller associations in Black (OR: 1.020, 95%CI: 1.003, 

1.036) and Hispanic (OR: 1.014, 95%CI: 1.006, 1.021) mothers (Table S3a). The associations 

varied over time across these race/ethnic groups in no particular pattern, though the association in 

API mothers remained close to null throughout the study period. Similarly, for NO2, overall 

associations were found to be increased for White (OR: 1.041, 95%CI: 1.034, 1.049), Hispanic 

(OR: 1.021, 95%CI: 1.016, 1,026), and Black (OR: 1.026, 95%CI: 1.015, 1.038) mothers, and 

these associations fluctuated randomly over time, while for API mothers the association was 

slightly negative (OR: 0.977, 95%CI: 0.968, 0.968) and remained so for the entire study period. 

Elevated associations with O3 were found for all race/ethnicity groups but was strongest for White 

mothers (OR: 1.057, 95%CI: 1.046, 1.068). For nickel, in Black and API mothers, the risk 

generally increased over time to reach OR=1.047 (95%CI: 0.961, 1.142) and OR=1.077 (95%CI: 

1.018, 1.140) in 2013ï2021, respectively (Table S3b). In White mothers the association for nickel 

decreased from OR=1.033 (95%CI: 0.998, 1.068) in 1990-1997 to null by 2006-2012 and 2013-

2021 and for Hispanic mothers it remained null throughout the study period. For zinc, increased 

risks were observed in Hispanic (OR: 1.052, 95%CI: 1.028, 1.076) and Black (OR: 1.054, 95%CI: 

0.979, 1.136) mothers overall, although the risks in these groups attenuated over time, but 

remained positive for Hispanic mothers (OR: 1.030, 95%CI: 1.008, 1.052) in 2013-2021. A similar 
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pattern was seen for chromium, where slightly positive overall risks were observed only in Black 

(OR: 1.018, 95%CI: 1.006, 1.029) and Hispanic mothers (OR: 1.014, 95%CI: 1.001, 1.027) but 

these risks diminished over time, persisting only for Hispanic mothers in 2013ï2021. For lead and 

benzene, only very small overall risks were observed in White, Hispanic, and Black for 1,3-

Butadiene, in White, Hispanic, and API mothers without an obvious temporal pattern.  

4.1.4.4.3 Stratified by Area-level SES  

A small overall increased risk with exposure to PM2.5 was found in all area-level SES 

neighborhoods, with the OR being 1.016 (95%CI: 1.007, 1.025) in the lowest area-level SES 

neighborhoods and the 1.028 (95%CI: 1.011, 1.046) in the highest area-level SES neighborhoods. 

with some random fluctuations across time periods (Table S5a). For NO2 as well, small positive 

entire study period associations were observed, the strongest being in the lowest area-level SES 

neighborhoods (OR: 1.026, 95%CI: 1.019, 1.032), but the area-level SES differences fluctuated 

across time periods. For O3, the entire study period associations increased with increasing area-

level SES, with the smallest risk observed in the lowest area-level SES regions (OR: 1.010, 95%CI: 

1.002, 1.019) and the strongest risk in the highest area-level SES regions (OR: 1.046, 95%CI: 

1.027, 1.065), although these area-level SES differences varied across periods. For zinc, the effect 

estimates steadily declined with increasing area-level SES, with the lowest area-level SES areas 

being most susceptible (OR: 1.04, 95%CI: 1.018, 1.063) and the high-middle and highest area-

level SES areas showing null associations and this pattern persisted over time (Table S5b). For 

nickel, a strong risk was observed in the highest area-level SES regions for the entire-study period 

(OR: 1.05, 95%CI: 1.012, 1.089) while associations were null in other area-level SES 

neighborhoods. In 2013-2021 as well positive associations were found in middle-high and highest 

area-level SES neighborhoods and not in the other areas. A small positive association was found 
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for chromium in the lowest area-level SES neighborhoods (OR: 1.023, 95%CI: 1.005, 1.041) and 

for lead in the lowest (OR: 1.016, 95%CI: 1.001, 1.031) and highest (OR: 1.017, 95%CI: 0.998, 

1.036) area-level SES neighborhoods, while associations were null in other areas with some 

random fluctuations across time. For 1,3-Butadiene, associations were close to null in all area-

level SES neighborhoods. For benzene, small positive associations were observed in the lowest 

(OR: 1.031, 95%CI: 1.002, 1.061) and highest (OR: 1.03, 95%CI: 1.014, 1.046) area-level SES 

regions, however these associations attenuated to null or close to null in 2013-2021. 

4.1.4.5 Sensitivity Analyses 

Co-pollutant adjustment did not make a difference for the associations of criteria air 

pollutants with PTB (Table S1a), while for TLBW the entire pregnancy association for PM2.5 was 

slightly reduced upon co-pollutant adjustments (Table S1b).  The entire pregnancy association 

sizes for PM2.5 with PTB and TLBW and for NO2 and O3 with TLBW were slightly higher than 

the respective trimester-specific effect estimates in the single-pollutant models (Table S1a, S1b).  

4.1.5 Discussion 

We found notable variations in the associations of adverse birth outcomes with criteria and 

air toxic pollutants by type of pollutant, time period, race/ethnicities and area-level SES. Although 

the impact of some pollutants has diminished over time, possibly due to regulation-driven 

reductions in pollutant levels, there are persisting associations that differ by race/ethnicity and are-

level SES that need to be addressed. These findings highlight the complex interplay of pollutant 

sources, socioeconomic disadvantages, and temporal trends in pollutant levels. 

The overall effect estimate we observed for PM2.5 on PTB (1.137, 95%CI: 1.128, 1.15 per 

10‘ g/m3) falls within the range of estimates observed previously. A recent umbrella review 

summarizing prior meta-analyses reported  ORs between 1.02 (95%CI: 0.93, 1.12, per 10‘g/m3)  
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and 1.16 (95%CI: 1.07, 1.26, per 10‘g/m3)5.  A recent meta-analysis also reported a RR = 1.083 

(95% CI: 1.038, 1.130, per 10‘g/m3) for the effect of PM2.5 on TLBW
6.  This is consistent with 

our single pollutant effect estimate (OR: 1.08, 95%CI: 1.058, 1.101, per 10‘g/m3). However,  upon 

adjustment for NO2 and O3, the PM2.5 association became null likely indicating that much of the 

overall PM2.5 composition in California over the last three decades has come from combustion 

sources such as traffic which is well-represented by NO2. The reduction in the association between 

PM2.5 with PTB from the periods 1998-2005 and 2006-2012 to close to null in 2013-2021, may be 

attributed to the decrease in PM2.5 exposure levels throughout the study period. For NO2 we saw 

no overall associations with PTB, even though an  umbrella review of prior meta-analyses reported 

positive associations5. These inconsistencies may be attributed to studying diverse populations  

as when we stratified by race/ethnicity we found a negative association in API mothers masking 

positive association in other race/ethnicities   but also methodological differences such as in 

exposure assessment and modelling techniques, and differences in pollutant levels. For TLBW, we 

found NO2 to be slightly positively associated, though the few prior studies that have investigated 

this association found inconsistent results24ï27.The success of regulatory policies in reducing NO2 

levels is evident in the declining associations with TLBW throughout our study period. We also 

found a positive association between O3 and PTB (OR: 1.037, 95%CI: 1.03, 1.044, per 10‘g/m3) 

which was similar to that in a recent meta-analysis (OR: 1.032, 95%CI: 1.018, 1.047; per 

10‘g/m3)28. We also found O3 to be associated with TLBW (OR: 1.074, 95%CI: 1.061, 1.088, per 

10ppb). This estimate is slightly higher than that found in a previous California-wide study done 

in 2001-2008 (OR: 1.032, 95%CI: 1.016, 1.05, per 10ppb)24 which could be due to methodological 

differences. Interestingly even a study conducted in 1994-1996 in Los Angeles in selected zip 
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codes with high traffic and therefore relatively low ozone, found a positive association between 

O3 and TLBW (OR: 1.05, 95%CI: 0.95, 1.16, per 10ppb)
27.  

Among the air toxics, the association of lead exposure with PTB declined over time which 

can be attributed to the reduction in lead levels over the years. The association of 1,3-butadiene on 

PTB was strongest in 1990-1997, after which it steadily decreased to a null association seen in 

2013-2021. As 1,3-butadiene is found in traffic exhaust emissions29 and levels of 1,3-butadiene 

remained relatively constant throughout our study period, this decline in association size may 

suggest that even though 1,3-butadiene is an indicator for  exhaust emissions, it may not 

necessarily be the toxic component most relevant for these outcomes which may have declined 

over the study period. This change in the exhaust emissions mixture is possibly also what is 

affecting the PM2.5 mass composition, as suggested by the decline in correlations we see for PM2.5 

with NO2, i.e. suggesting that non-exhaust sources of PM2.5 from traffic are more relevant in recent 

years. This is also suggested by the stronger association that emerged between nickel exposure and 

PTB in 2013-2021 compared to earlier periods and the increase in the association between zinc 

and PTB in 2013-2021 compared to 2006-2012. Nickel and zinc possibly have an increasing role 

as markers of non-tailpipe sources of particles in recent years. Nickel has been found to be present 

in brake dust and tire wear debris and zinc is a prominent tire wear marker7. Further our LUR 

model for nickel shows nickel concentrations to be high near roadways throughout the state. Our 

study confirms the results of  a previous study that also linked zinc with  PTB in Los Angeles 

County30. Several biological mechanisms have been suggested as being involved in mediating the 

effect of air pollutants on PTB and LBW that may explain our results, including oxidative stress, 

inflammation, altered DNA methylation and damage, endothelial damage, placental dysfunction, 

immune and endocrine dysregulation, increased blood coagulation and hypertension31ï37.  
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Stratification by race/ethnicity revealed Black and Hispanic children to be most vulnerable 

to the estimated associations for the brake and tire wear markers nickel and zinc on PTB and TLBW. 

The association with nickel was mostly seen in recent years while that of zinc has remained 

throughout the study period. Disparities in terms of these sources are also represented by the 

decreasing association of zinc with PTB and TLBW, with increasing area-level SES, throughout 

the study period. Interestingly, an increase in association for zinc with PTB from 2006-2012 to 

2013-2021 was noted only among Black and Hispanic mothers and low-SES neighborhoods, 

indicating that increase in the impact of exposure to non-tailpipe sources of PM2.5 in recent years 

is being felt specifically by these communities. Low-income children of color have been found to 

be more likely to live in areas of high traffic density as compared to White children in California38. 

Further, our group has previously shown that the associations between brake and tire wear markers, 

including zinc, on PTB and TLBW were strongest among Black and Hispanic mothers in Los 

Angeles County during the years 2017-201930.  Longstanding residential segregation policies in 

the US, such as redlining, has confined Black residents to less favorable neighborhoods, limiting 

access to education, income, and wealth, and hindering social mobility39,40. Both Black and 

Hispanic populations, on average, achieve lower educational levels and incomes than White and 

Asian populations, often residing in poorer neighborhoods with higher pollutant levels39. These 

low socioeconomic status (SES) areas also face poorer housing, nutrition, healthcare, less 

greenspace, and higher crime41. The combined stress of social and environmental stress, during 

pregnancy in these communities increases vulnerability42. However, we also found adverse 

impacts in White and API mothers and those living in high area-level SES communities, most 

consistently for O3 as well as elevated associations for PM2.5 and adverse birth outcomes in White 

mothers specifically. This suggests that effects of air pollution may be felt in more privileged 
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communities as well, possibly due to secondary formation of pollutants such as PM2.5 and O3 

further away from the primary sources of pollution.  

 Our study has several strengths. This is the first study to investigate this research question 

in a study period that spans over three decades, encompassing dramatic changes in air pollution 

levels due to regulatory policies. We used exposure data that has high spatial resolution, and we 

had access to residential addresses for most of the study period, allowing us to assign exposures to 

the homes of the mothers. Moreover, in this study we broadened our focus to understudied air 

toxics. Lastly, the large sample size of our study gave us the statistical power to investigate effect 

measure modification by race/ethnicity and area-level SES. Our study also had limitations. We 

were only able to estimate air pollution exposure levels at the motherôs residential address as we 

did not have information on time spent away from home, most importantly at work. We also only 

had the address of the residential address at the time of birth and did not have information on 

whether the mothers moved during their pregnancy. Therefore, we expect exposure 

misclassification that is likely non-differential, biasing our results towards the null. In the years 

1990 to 1997, we did not have data on exact residential addresses and thus assigned exposure 

estimates based on zip codes only. In this period, we also needed to use back-casting to obtain the 

air pollution surfaces for PM2.5 that was not measured routinely before 1998. These issues likely 

caused additional non-differential misclassification.   

 Future studies with higher temporal granularity for air toxics may allow us to identify the 

most susceptible periods of exposure during pregnancy. A better characterization of the chemical 

composition of PM2.5 may help identify the contributions from tailpipe, non-tailpipe, and other 

sources such as wildfires and explain differences in effect estimates possibly due to composition 

changes.  
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4.1.6 Conclusion 

This study highlights the complex interplay of air pollution, socio-economic factors, and 

racial-ethnic disparities in influencing PTB and TLBW, emphasizing the compounded 

vulnerability of disadvantaged populations. Nickel and zinc, air toxics found in non-tailpipe 

sources were found to be associated with adverse birth outcomes especially in Black and Hispanic 

mothers and mothers living in high SES neighborhoods. Our results also suggest that higher area-

level SES neighborhoods and White and Asian mothers might be at increased risk of adverse 

outcomes due to secondary pollutants such as ozone and PM2.5. 
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Table 1: Summary Statistics by Birth Outcomes in California (1990-2021) 

  

PTB 

1347224 

% 

8.8 

TLBW  

299703 

% 

2.0 

TNBW 

13651364 

% 

89.2 

Infant Sex       

Male 736410 54.7 128186 42.8 6970788 51.1 

Female 610751 45.3 171501 57.2 6680524 48.9 

Missing 63  16  52  

Maternal Age       

<20 150298 11.2 35858 12.0 1165446 8.5 

20-24 292868 21.7 69852 23.3 2952926 21.6 

25-29 328534 24.4 74198 24.8 3709341 27.2 

30-35 368653 27.4 79149 26.4 4050183 29.7 

>35 206747 15.3 40619 13.6 1772682 13.0 

Missing 124  27  786  

Maternal Race/Ethnicity       

Non-Hispanic White 340395 25.7 70871 24.1 4310669 32.1 

Hispanic 694379 52.4 137185 46.6 6561784 48.9 

Non-Hispanic Black 122081 9.2 34809 11.8 774557 5.8 

Non-Hispanic API 158754 12.0 49627 16.9 1703991 12.7 

Other 8689 0.7 1770 0.6 73011 0.5 

Missing 22926  5441  227352  

Nativity of Mother        

US Born 767908 57.1 171824 57.4 7812907 57.3 

Foreign Born 577712 42.9 127530 42.6 5827098 42.7 

Missing 1604  349  11359  

Motherôs Education       

Ò 8th grade 159484 12.2 28961 10.0 1334394 10.0 

9th ï 12th 256024 19.6 55362 19.0 2086050 15.7 

High School Grad 376403 28.8 84851 29.2 3610495 27.2 



 мпф 

College or Graduation Education 515963 39.5 121563 41.8 6250634 47.1 

Missing 39350  8966  369791  

Parity       

First child 513168 38.1 148462 49.6 5366189 39.3 

Second child 378714 28.1 74407 24.9 4347322 31.9 

3 or more 453530 33.7 76449 25.5 3927621 28.8 

Missing 1812  385  10232  

Principal Source of Payment 

for Prenatal Care       

No prenatal care 25423 1.9 4477 1.5 71790 0.5 

Government insurance 693608 51.7 154838 51.8 6212953 45.6 

Private insurance 574488 42.8 128271 42.9 6800627 49.9 

Self-pay 40171 3.0 9045 3.0 442243 3.2 

Other 8642 0.6 2073 0.7 93412 0.7 

Missing 4892  999  30339  

Area-level SES       

(Low SES) 1 432875 32.4 92435 31.1 3688593 27.2 

2 317941 23.8 70290 23.6 3053214 22.5 

3 241514 18.1 53923 18.1 2554117 18.8 

4 198801 14.9 45402 15.3 2322202 17.1 

(High SES) 5 146476 11.0 35340 11.9 1938841 14.3 

Missing 9617  2313  94397  

Birth Year        

1990-1997 380873 28.3 81201 27.1 3620925 26.5 

1998-2005 357886 26.6 73052 24.4 3389171 24.8 

2006-2012 303843 22.6 66979 22.3 3066292 22.5 

2013-2021 304622 22.6 78471 26.2 3574976 26.2 

Missing 0  0  0  

Note: PTB = Preterm Birth; TLBW = Term Low Birthweight; TNBW =Term Normal Birth 

Weight; API = Asian or Pacific Islander; SES = socioeconomic status 
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Table 2a: Association between Entire Pregnancy average criteria air pollutants and PTB for babies born between 1990-2021 in California (Single-Pollutant 

Model; OR per IQR) 

Time Period  PM2.5 NO2 O3 

1990-1997  1.033 (1.028, 1.038) 1.016 (1.013, 1.019) 1.004 (0.999, 1.009) 

1998-2005  1.041 (1.035, 1.046) 1.007 (1.005, 1.010) 1.005 (1.000, 1.009) 

2006-2012  1.060 (1.054, 1.065) 1.010 (1.006, 1.013) 1.048 (1.043, 1.053) 

2013-2021  1.006 (1.001, 1.010) 0.997 (0.991, 1.003) 1.005 (1.000, 1.010) 

Overall  1.032 (1.030, 1.035) 1.009 (1.008, 1.011) 1.015 (1.012, 1.017) 

Note: IQR values are as follows: PM2.5: 2.46 ‘g/m3, NO2: 5.07 ppb, O3: 3.86 ppb 
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Table 2b: Association between air toxics and PTB for babies born between 1990-2021 in California (OR per IQR) 

Time Period  1,3 Butadiene Benzene Chromium Lead Nickel Zinc 

1990-1997  1.093 (1.086, 1.100) 1.012 (1.009, 1.016) 0.998 (0.995, 1.000) 1.007 (1.005, 1.009) 0.958 (0.947, 0.968) 1.210 (1.185, 1.236) 

1998-2005  1.000 (0.997, 1.004) 1.010 (1.005, 1.014) 1.000 (0.996, 1.005) 1.019 (1.015, 1.022) 0.927 (0.914, 0.941) 1.031 (1.019, 1.043) 

2006-2012  1.009 (1.005, 1.013) 1.030 (1.022, 1.037) 0.990 (0.986, 0.994) 1.024 (1.020, 1.029) 0.901 (0.885, 0.918) 1.003 (0.995, 1.012) 

2013-2021  0.996 (0.994, 0.999) 0.917 (0.908, 0.925) 0.998 (0.993, 1.003) 0.984 (0.980, 0.989) 1.054 (1.040, 1.068) 1.031 (1.025, 1.038) 

Overall  1.024 (0.981, 1.069) 0.991 (0.942, 1.044) 0.996 (0.992, 1.001) 1.008 (0.991, 1.026) 0.958 (0.896, 1.025) 1.065 (0.98, 1.158) 

I2  99.8% 99.7% 80% 99.1% 98.9% 99.6% 

H2  535.75 364.72 5 105.28 92.65 282.42 

Notes: Results presented are from Random-Effects Meta-analysis. I²: Represents the proportion of variability due to true heterogeneity across time periods, not 

random error; H²: Measures the extent to which the observed variability reflects true differences rather than being due to random error; IQR values are as 

follows: 1,3-butadiene: 0.584 ppb, benzene: 0.183 ppb, chromium: 1.1 ng/m3, lead: 0.548 ng/m3, nickel: 0.284 ng/m3, zinc: 0.783 ng/m3 
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Table 3a: Association between Entire Pregnancy average criteria air pollutants and TLBW in California for babies born between 1990-2021 in 

California (Single-Pollutant Model; OR per IQR) 

Time Period  PM2.5 NO2 O3 

1990-1997  1.022 (1.012, 1.033) 1.010 (1.004, 1.016) 1.010 (1.000, 1.021) 

1998-2005  1.024 (1.013, 1.035) 1.026 (1.019, 1.032) 1.030 (1.020, 1.041) 

2006-2012  1.027 (1.015, 1.038) 1.024 (1.016, 1.032) 1.042 (1.031, 1.053) 

2013-2021  1.011 (1.002, 1.020) 1.010 (0.999, 1.021) 1.035 (1.025, 1.045) 

Overall  1.019 (1.014, 1.024) 1.016 (1.012, 1.019) 1.028 (1.023, 1.033) 

Note: IQR values are as follows: PM2.5: 2.46 ‘g/m3, NO2: 5.07 ppb, O3: 3.86 ppb 
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Table 3b: Association between air toxics and TLBW in California for babies born between 1990-2021 in California (OR per IQR) 

Time Period 1,3 Butadiene Benzene Chromium Lead Nickel Zinc 

1990-1997  1.014 (1.001, 1.028) 1.003 (0.996, 1.009) 1.001 (0.996, 1.006) 1.000 (0.996, 1.005) 1.004 (0.982, 1.027) 1.043 (0.998, 1.090) 

1998-2005  1.012 (1.004, 1.019) 1.017 (1.007, 1.027) 1.015 (1.006, 1.025) 1.014 (1.006, 1.022) 1.013 (0.983, 1.045) 1.005 (0.981, 1.031) 

2006-2012  1.011 (1.003, 1.019) 1.028 (1.013, 1.043) 1.003 (0.994, 1.012) 1.017 (1.008, 1.025) 0.993 (0.955, 1.031) 1.008 (0.990, 1.026) 

2013-2021  1.006 (1.001, 1.011) 0.970 (0.953, 0.988) 1.001 (0.992, 1.011) 0.999 (0.990, 1.008) 0.999 (0.974, 1.025) 1.006 (0.993, 1.019) 

Overall  1.009 (1.005, 1.014) 1.005 (0.981, 1.029) 1.004 (0.998, 1.011) 1.007 (0.998, 1.016) 1.003 (0.989, 1.017) 1.008 (0.999, 1.018) 

I2  23% 94.5% 58.1% 84.1% 0% 0.4% 

H2  1.3 18.27 2.39 6.27 1 1 

Notes: Results presented are from Random-Effects Meta-analysis. I²: Represents the proportion of variability due to true heterogeneity across time periods, not 

random error; H²: Measures the extent to which the observed variability reflects true differences rather than being due to random error; IQR values are as 

follows: 1,3-butadiene: 0.584 ppb, benzene: 0.183 ppb, chromium: 1.1 ng/m3, lead: 0.548 ng/m3, nickel: 0.284 ng/m3, zinc: 0.783 ng/m3 
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Supplementary Materials 

Table S1a: Association between criteria air pollutants and PTB in California for babies born between 1990-2021 in 

California (OR per IQR) in single pollutant and fully co-pollutant adjusted models 

  Adjusted for 

  Pollutant Exposure Period Single Pollutant NO2, O3 PM2.5, O3 PM2.5, NO2 

PM2.5 Entire Pregnancy 1.032 (1.030, 1.035) 1.029 (1.026, 1.032)   

 Trimester 1 1.014 (1.012, 1.016) 1.019 (1.017, 1.021)   

 Trimester 2 1.021 (1.020, 1.023) 1.022 (1.020, 1.024)   

NO2 Entire Pregnancy 1.009 (1.008, 1.011)  1.003 (1.001, 1.005)  

 Trimester 1 0.999 (0.998, 1.001)  1.000 (0.998, 1.002)  

 Trimester 2 1.007 (1.005, 1.008)  1.002 (1.000, 1.003)  

O3 Entire Pregnancy 1.015 (1.012, 1.017)   1.012 (1.010, 1.015) 

 Trimester 1 1.013 (1.012, 1.015)   1.016 (1.014, 1.017) 

 Trimester 2 1.000 (0.999, 1.002)   1.004 (1.002, 1.005) 

Note: IQR values are as follows: PM2.5: 2.46 ‘g/m3, NO2: 5.07 ppb, O3: 3.86 ppb 
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Table S1b: Association between criteria air pollutants and TLBW in California for babies born in 1990-2021 (OR 

per IQR) in single pollutant and fully co-pollutant adjusted models 

  Adjusted for 

  Pollutant Exposure Period Single Pollutant NO2, O3 PM2.5, O3 PM2.5, NO2 

PM2.5 Entire Pregnancy 1.019 (1.014, 1.024) 1.003 (0.997, 1.009)   

 Trimester 1 1.003 (1.000, 1.007) 1.001 (0.996, 1.005)   

 Trimester 2 1.011 (1.008, 1.015) 1.010 (1.006, 1.014)   

 Trimester 3 1.016 (1.013, 1.020) 1.009 (1.005, 1.013)   

NO2 Entire Pregnancy 1.016 (1.012, 1.019)  1.020 (1.015, 1.024)  

 Trimester 1 1.007 (1.004, 1.010)  1.013 (1.010, 1.017)  

 Trimester 2 1.007 (1.005, 1.010)  1.012 (1.009, 1.016)  

 Trimester 3 1.018 (1.015, 1.021)  1.019 (1.015, 1.022)  

O3 Entire Pregnancy 1.028 (1.023, 1.033)   1.033 (1.028, 1.039) 

 Trimester 1 1.011 (1.008, 1.014)   1.016 (1.013, 1.019) 

 Trimester 2 1.013 (1.010, 1.016)   1.019 (1.016, 1.022) 

 Trimester 3 1.001 (0.998, 1.003)   1.008 (1.005, 1.011) 

Note: IQR values are as follows: PM2.5: 2.46 ‘g/m3, NO2: 5.07 ppb, O3: 3.86 ppb 
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Stratified by Race/Ethnicity 

Table S2a: Association between Entire pregnancy average criteria air pollutants and PTB in California for babies born between 1990-2021 in 

California (Single-Pollutant Model; OR per IQR) stratified by race-ethnicity groups 

   
Time Period 

NH White 

(N=4651064) 

Hispanic 

(N=7256163) 

NH Black 

(N=896638) 

NH API  

(N=1862745) 

PM2.5  

1990-1997  1.052 (1.044, 1.060) 1.026 (1.019, 1.034) 1.043 (1.026, 1.060) 0.962 (0.947, 0.978) 

1998-2005  1.057 (1.048, 1.066) 1.040 (1.033, 1.047) 1.044 (1.026, 1.064) 1.002 (0.987, 1.018) 

2006-2012  1.063 (1.052, 1.073) 1.067 (1.059, 1.075) 1.058 (1.036, 1.081) 1.014 (0.997, 1.031) 

2013-2021  1.021 (1.012, 1.030) 1.001 (0.994, 1.007) 1.004 (0.986, 1.022) 0.996 (0.983, 1.009) 

Overall  1.048 (1.043, 1.052) 1.031 (1.028, 1.035) 1.035 (1.026, 1.045) 0.994 (0.987, 1.002) 

NO2 

1990-1997  1.035 (1.030, 1.041) 1.012 (1.008, 1.016) 1.044 (1.034, 1.053) 0.975 (0.967, 0.984) 

1998-2005  1.030 (1.023, 1.036) 1.008 (1.004, 1.012) 1.022 (1.011, 1.033) 0.971 (0.962, 0.979) 

2006-2012  1.041 (1.032, 1.050) 1.009 (1.004, 1.014) 1.035 (1.019, 1.051) 0.972 (0.960, 0.983) 

2013-2021  1.017 (1.005, 1.030) 1.017 (1.009, 1.025) 0.998 (0.975, 1.021) 0.931 (0.916, 0.945) 

Overall  1.033 (1.029, 1.036) 1.010 (1.007, 1.012) 1.032 (1.026, 1.038) 0.968 (0.963, 0.973) 

O3 

1990-1997  1.018 (1.009, 1.027) 0.991 (0.984, 0.998) 0.982 (0.967, 0.997) 1.035 (1.018, 1.052) 

1998-2005  1.001 (0.991, 1.010) 1.006 (1.000, 1.013) 0.990 (0.974, 1.006) 1.013 (0.997, 1.030) 

2006-2012  1.051 (1.040, 1.063) 1.045 (1.039, 1.052) 1.052 (1.034, 1.070) 1.054 (1.037, 1.071) 

2013-2021  1.033 (1.022, 1.044) 0.988 (0.982, 0.995) 0.998 (0.980, 1.015) 1.044 (1.029, 1.060) 

Overall  1.024 (1.019, 1.029) 1.009 (1.006, 1.013) 1.002 (0.994, 1.010) 1.033 (1.025, 1.042) 

Note: IQR values are as follows: PM2.5: 2.46 ‘g/m3, NO2: 5.07 ppb, O3: 3.86 ppb 
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Table S2b: Association between air toxics and PTB in California for babies born between 1990-2021 in California (OR per IQR) 

   
Time Period 

NH White 

(N=4651064) 

Hispanic 

(N=7256163) 

NH Black 

(N=896638) 

NH API  

(N=1862745) 

1,3-Butadiane  

1990-1997  1.123 (1.109, 1.137) 1.074 (1.064, 1.083) 1.137 (1.114, 1.161) 1.085 (1.063, 1.106) 

1998-2005  1.008 (1.002, 1.014) 0.999 (0.994, 1.004) 0.992 (0.980, 1.005) 0.995 (0.986, 1.004) 

2006-2012  1.017 (1.010, 1.024) 1.007 (1.001, 1.013) 1.010 (0.996, 1.026) 0.996 (0.986, 1.007) 

2013-2021  1.002 (0.997, 1.007) 0.996 (0.992, 1.000) 0.994 (0.984, 1.004) 0.993 (0.987, 1.000) 

Overall  1.036 (0.983, 1.092) 1.018 (0.984, 1.054) 1.031 (0.968, 1.099) 1.016 (0.974, 1.059) 

   I2  99.6% 99.4% 98.8% 98.6% 

   H2  241.36 157.93 85.91 70.08 

Benzene  

1990-1997  1.025 (1.019, 1.031) 1.004 (0.999, 1.009) 1.028 (1.017, 1.039) 0.993 (0.982, 1.003) 

1998-2005  1.032 (1.023, 1.041) 1.009 (1.002, 1.016) 1.006 (0.989, 1.024) 0.979 (0.965, 0.992) 

2006-2012  1.073 (1.058, 1.088) 1.019 (1.009, 1.028) 1.053 (1.024, 1.083) 1.004 (0.983, 1.025) 

2013-2021  0.940 (0.923, 0.958) 0.933 (0.921, 0.946) 0.923 (0.889, 0.959) 0.855 (0.833, 0.878) 

Overall  1.017 (0.963, 1.073) 0.991 (0.953, 1.031) 1.003 (0.95, 1.058) 0.956 (0.889, 1.028) 

   I2  99.1% 99% 96.5% 98.8% 

   H2  113.78 101.64 28.83 80.78 

Chromium  

1990-1997  1.000 (0.996, 1.005) 1.004 (1.000, 1.008) 1.000 (0.991, 1.008) 0.958 (0.950, 0.967) 

1998-2005  1.003 (0.995, 1.011) 1.010 (1.004, 1.016) 1.004 (0.987, 1.022) 0.942 (0.928, 0.956) 

2006-2012  1.003 (0.994, 1.011) 0.994 (0.988, 0.999) 0.995 (0.978, 1.013) 0.938 (0.924, 0.951) 



 мру 

2013-2021  0.987 (0.978, 0.996) 1.018 (1.011, 1.025) 0.995 (0.976, 1.014) 0.960 (0.946, 0.973) 

Overall  0.999 (0.992, 1.005) 1.006 (0.997, 1.016) 0.999 (0.993, 1.006) 0.95 (0.939, 0.961) 

   I2  71.9% 92.1% 0% 68.2% 

   H2  3.56 12.73 1 3.14 

Lead  

1990-1997  1.017 (1.013, 1.020) 1.002 (0.999, 1.005) 1.005 (0.998, 1.013) 1.000 (0.994, 1.007) 

1998-2005  1.032 (1.025, 1.038) 1.013 (1.007, 1.018) 1.018 (1.004, 1.033) 1.007 (0.996, 1.019) 

2006-2012  1.040 (1.032, 1.047) 1.015 (1.009, 1.021) 1.029 (1.012, 1.047) 1.017 (1.005, 1.030) 

2013-2021  1.000 (0.992, 1.009) 0.973 (0.966, 0.980) 1.006 (0.986, 1.026) 0.982 (0.969, 0.995) 

Overall  1.022 (1.005, 1.039) 1.001 (0.982, 1.02) 1.013 (1.002, 1.025) 1.002 (0.988, 1.015) 

   I2  96.8% 98.2% 59.7% 85.4% 

   H2  31.16 55.57 2.48 6.85 

Nickel  

1990-1997  0.981 (0.965, 0.996) 0.954 (0.937, 0.971) 0.959 (0.923, 0.996) 0.839 (0.809, 0.870) 

1998-2005  0.967 (0.945, 0.990) 0.912 (0.893, 0.932) 0.832 (0.788, 0.880) 0.887 (0.849, 0.927) 

2006-2012  0.957 (0.926, 0.989) 0.878 (0.855, 0.901) 0.843 (0.783, 0.908) 0.841 (0.795, 0.889) 

2013-2021  1.037 (1.012, 1.062) 1.060 (1.040, 1.080) 1.065 (1.012, 1.120) 1.046 (1.010, 1.083) 

Overall  0.986 (0.952, 1.02) 0.949 (0.876, 1.028) 0.921 (0.822, 1.033) 0.9 (0.812, 0.998) 

   I2  88.9% 98.3% 94.8% 95.9% 

   H2  8.99 59.57 19.12 24.46 

Zinc 

1990-1997  1.064 (1.031, 1.098) 1.371 (1.325, 1.418) 1.380 (1.280, 1.487) 1.212 (1.129, 1.302) 

1998-2005  0.979 (0.962, 0.996) 1.079 (1.060, 1.099) 1.106 (1.054, 1.160) 1.048 (1.009, 1.089) 

2006-2012  0.969 (0.956, 0.983) 1.042 (1.029, 1.056) 1.036 (0.999, 1.074) 0.983 (0.956, 1.009) 



 мрф 

2013-2021  1.007 (0.997, 1.018) 1.063 (1.052, 1.074) 1.063 (1.033, 1.094) 1.011 (0.992, 1.031) 

Overall  1.002 (0.964, 1.042) 1.131 (0.997, 1.282) 1.135 (1.002, 1.285) 1.055 (0.968, 1.15) 

   I2  95.8% 99.6% 97.1% 96.5% 

   H2  24.03 257.43 35.01 28.71 

Notes: Results presented are from Random-Effects Meta-analysis. I²: Represents the proportion of variability due to true heterogeneity across time periods, not 

random error; H²: Measures the extent to which the observed variability reflects true differences rather than being due to random error; NH: Non-Hispanic; 

API: Asian and Pacific Islanders; IQR values are as follows: 1,3-butadiene: 0.584 ppb, benzene: 0.183 ppb, chromium: 1.1 ng/m3, lead: 0.548 ng/m3, nickel: 

0.284 ng/m3, zinc: 0.783 ng/m3 
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Table S3a: Association between Entire pregnancy average criteria air pollutants and TLBW in California for babies born between 1990-2021 in 

California (Single-Pollutant Model; OR per IQR) stratified by race-ethnicity groups 

   
Time Period 

NH White 

(N=4381540) 

Hispanic 

(N=6698969) 

NH Black 

(N=809366) 

NH API  

(N=1753618) 

PM2.5  

1990-1997  1.060 (1.042, 1.078) 1.008 (0.991, 1.025) 0.994 (0.966, 1.023) 1.000 (0.970, 1.030) 

1998-2005  1.052 (1.031, 1.072) 1.021 (1.006, 1.037) 1.002 (0.969, 1.036) 1.005 (0.977, 1.034) 

2006-2012  1.028 (1.007, 1.050) 1.027 (1.010, 1.043) 1.054 (1.014, 1.096) 1.019 (0.989, 1.049) 

2013-2021  1.013 (0.996, 1.031) 1.007 (0.994, 1.021) 1.041 (1.009, 1.073) 1.003 (0.981, 1.026) 

Overall  1.038 (1.029, 1.048) 1.014 (1.006, 1.021) 1.020 (1.003, 1.036) 1.007 (0.994, 1.021) 

NO2 

1990-1997  1.041 (1.029, 1.053) 1.003 (0.995, 1.012) 1.011 (0.995, 1.028) 0.974 (0.958, 0.990) 

1998-2005  1.051 (1.037, 1.066) 1.032 (1.024, 1.041) 1.027 (1.006, 1.049) 0.992 (0.976, 1.008) 

2006-2012  1.025 (1.006, 1.045) 1.040 (1.029, 1.051) 1.075 (1.046, 1.105) 0.967 (0.948, 0.987) 

2013-2021  1.053 (1.028, 1.080) 1.029 (1.013, 1.044) 1.012 (0.974, 1.052) 0.955 (0.932, 0.979) 

Overall  1.041 (1.034, 1.049) 1.021 (1.016, 1.026) 1.026 (1.015, 1.038) 0.977 (0.968, 0.986) 

O3 

1990-1997  1.026 (1.007, 1.046) 1.005 (0.990, 1.021) 0.965 (0.938, 0.993) 1.018 (0.986, 1.050) 

1998-2005  1.082 (1.059, 1.105) 1.008 (0.994, 1.022) 1.009 (0.979, 1.040) 1.036 (1.006, 1.067) 

2006-2012  1.081 (1.056, 1.107) 1.028 (1.014, 1.042) 1.001 (0.969, 1.033) 1.054 (1.025, 1.085) 

2013-2021  1.047 (1.025, 1.070) 1.030 (1.016, 1.044) 1.036 (1.006, 1.068) 1.023 (0.999, 1.049) 

Overall  1.057 (1.046, 1.068) 1.019 (1.012, 1.026) 1.002 (0.987, 1.017) 1.028 (1.014, 1.043) 

Note: IQR values are as follows: PM2.5: 2.46 ‘g/m3, NO2: 5.07 ppb, O3: 3.86 ppb 
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Table S3b: Association between air toxics and TLBW in California for babies born between 1990-2021 in California (OR per IQR) stratified by race-

ethnicity groups 

   
Time Period 

NH White 

(N=4381540) 

Hispanic 

(N=6698969) 

NH Black 

(N=809366) 

NH API  

(N=1753618) 

1,3-Butadiane  

1990-1997  1.028 (1.001, 1.055) 1.014 (0.994, 1.034) 1.011 (0.974, 1.049) 1.002 (0.967, 1.038) 

1998-2005  1.018 (1.004, 1.032) 1.010 (0.998, 1.022) 0.993 (0.971, 1.017) 1.018 (1.001, 1.036) 

2006-2012  1.007 (0.992, 1.021) 1.018 (1.004, 1.031) 1.009 (0.982, 1.037) 1.007 (0.990, 1.025) 

2013-2021  1.004 (0.995, 1.014) 1.004 (0.997, 1.012) 1.002 (0.986, 1.018) 1.014 (1.003, 1.024) 

Overall  1.011 (1.002, 1.02) 1.009 (1.003, 1.016) 1.002 (0.991, 1.013) 1.013 (1.005, 1.021) 

   I2  33.6% 26.2% 0% 0% 

   H2  1.51 1.35 1 1 

Benzene  

1990-1997  1.029 (1.016, 1.041) 0.993 (0.982, 1.004) 1.001 (0.982, 1.020) 0.986 (0.966, 1.005) 

1998-2005  1.051 (1.030, 1.071) 1.026 (1.011, 1.041) 1.006 (0.975, 1.039) 0.984 (0.960, 1.009) 

2006-2012  1.017 (0.987, 1.048) 1.058 (1.037, 1.080) 1.082 (1.028, 1.139) 0.982 (0.947, 1.017) 

2013-2021  0.970 (0.935, 1.007) 1.021 (0.994, 1.048) 0.955 (0.896, 1.018) 0.933 (0.895, 0.973) 

Overall  1.019 (0.989, 1.051) 1.023 (0.997, 1.051) 1.011 (0.968, 1.056) 0.976 (0.958, 0.995) 

   I2  86.9% 89.7% 81.9% 43.5% 

   H2  7.66 9.74 5.51 1.77 

Chromium  

1990-1997  1.007 (0.998, 1.017) 0.999 (0.991, 1.007) 1.017 (1.002, 1.031) 0.987 (0.972, 1.002) 

1998-2005  0.999 (0.982, 1.017) 1.030 (1.017, 1.044) 1.022 (0.991, 1.054) 1.003 (0.975, 1.030) 

2006-2012  0.993 (0.975, 1.012) 1.016 (1.003, 1.029) 1.025 (0.993, 1.057) 0.980 (0.956, 1.005) 
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2013-2021  0.981 (0.963, 0.999) 1.012 (0.999, 1.026) 1.009 (0.978, 1.042) 1.016 (0.993, 1.040) 

Overall  0.997 (0.985, 1.008) 1.014 (1.001, 1.027) 1.018 (1.006, 1.029) 0.995 (0.98, 1.011) 

   I2  54.9% 79.6% 0% 49.8% 

   H2  2.22 4.9 1 1.99 

Lead  

1990-1997  1.008 (1.001, 1.016) 0.994 (0.986, 1.001) 1.008 (0.996, 1.021) 0.996 (0.984, 1.008) 

1998-2005  1.042 (1.028, 1.057) 1.006 (0.994, 1.018) 1.009 (0.983, 1.036) 0.996 (0.976, 1.017) 

2006-2012  1.007 (0.992, 1.023) 1.031 (1.018, 1.044) 1.045 (1.014, 1.077) 0.999 (0.978, 1.020) 

2013-2021  1.002 (0.987, 1.019) 1.013 (0.998, 1.027) 0.993 (0.960, 1.027) 0.989 (0.969, 1.010) 

Overall  1.015 (0.997, 1.032) 1.01 (0.995, 1.026) 1.013 (0.996, 1.03) 0.995 (0.987, 1.004) 

   I2  86.7% 86.5% 50% 0% 

   H2  7.51 7.42 2 1 

Nickel  

1990-1997  1.033 (0.998, 1.068) 0.995 (0.957, 1.035) 1.046 (0.978, 1.120) 0.919 (0.859, 0.984) 

1998-2005  1.031 (0.978, 1.087) 0.997 (0.950, 1.045) 0.978 (0.883, 1.083) 0.989 (0.914, 1.070) 

2006-2012  0.938 (0.875, 1.007) 1.001 (0.945, 1.060) 1.019 (0.891, 1.166) 1.033 (0.938, 1.137) 

2013-2021  0.947 (0.903, 0.994) 0.970 (0.933, 1.008) 1.047 (0.961, 1.142) 1.077 (1.018, 1.140) 

Overall  0.99 (0.941, 1.042) 0.988 (0.967, 1.01) 1.03 (0.985, 1.077) 1.003 (0.934, 1.077) 

   I2  76.7% 0% 0% 73.6% 

   H2  4.3 1 1 3.79 

Zinc 

1990-1997  0.957 (0.894, 1.024) 1.110 (1.029, 1.197) 1.244 (1.088, 1.421) 1.027 (0.899, 1.173) 

1998-2005  0.996 (0.958, 1.037) 1.066 (1.024, 1.110) 1.029 (0.942, 1.125) 0.879 (0.820, 0.942) 

2006-2012  1.005 (0.976, 1.035) 1.055 (1.026, 1.085) 1.028 (0.963, 1.097) 0.908 (0.867, 0.952) 



 мсо 

2013-2021  1.012 (0.991, 1.034) 1.030 (1.008, 1.052) 1.006 (0.959, 1.056) 0.957 (0.928, 0.987) 

Overall  1.005 (0.989, 1.02) 1.052 (1.028, 1.076) 1.054 (0.979, 1.136) 0.93 (0.887, 0.976) 

   I2  0% 43.5% 73.5% 64.3% 

   H2  1 1.77 3.77 2.8 

Notes: Results presented are from Random-Effects Meta-analysis. I²: Represents the proportion of variability due to true heterogeneity across time periods, not 

random error; H²: Measures the extent to which the observed variability reflects true differences rather than being due to random error; NH: Non-Hispanic; 

API: Asian and Pacific Islanders; IQR values are as follows: 1,3-butadiene: 0.584 ppb, benzene: 0.183 ppb, chromium: 1.1 ng/m3, lead: 0.548 ng/m3, nickel: 

0.284 ng/m3, zinc: 0.783 ng/m3 
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Stratified by Area-level SES 

Table S4a: Association between Entire pregnancy average criteria air pollutants and PTB in California for babies born between 1990-2021 in 

California (Single-Pollutant Model; OR per IQR) stratified by area-level SES 

   
Time Period 

Lowest 

(N=4121468) 

Low-Middle 

(N=3371155) 

Middle 

(N=2795631) 

High-Middle 

(N=2521003) 

Highest 

(N=2085317) 

PM2.5  

1990-1997  1.017 (1.008, 1.027) 1.049 (1.039, 1.060) 1.036 (1.025, 1.048) 1.029 (1.018, 1.040) 1.039 (1.023, 1.055) 

1998-2005  1.043 (1.034, 1.052) 1.032 (1.022, 1.041) 1.042 (1.031, 1.053) 1.058 (1.044, 1.071) 1.033 (1.016, 1.050) 

2006-2012  1.077 (1.067, 1.087) 1.065 (1.054, 1.076) 1.053 (1.041, 1.066) 1.036 (1.021, 1.050) 1.039 (1.020, 1.059) 

2013-2021  1.010 (1.002, 1.018) 1.003 (0.994, 1.013) 1.004 (0.994, 1.015) 0.999 (0.987, 1.011) 1.007 (0.989, 1.025) 

Overall  1.032 (1.028, 1.037) 1.035 (1.030, 1.040) 1.032 (1.026, 1.037) 1.029 (1.023, 1.035) 1.032 (1.023, 1.040) 

NO2 

1990-1997  1.020 (1.015, 1.026) 1.015 (1.010, 1.021) 1.011 (1.005, 1.018) 1.017 (1.010, 1.023) 1.030 (1.020, 1.039) 

1998-2005  1.000 (0.995, 1.005) 1.010 (1.004, 1.016) 1.013 (1.006, 1.020) 1.021 (1.012, 1.029) 1.026 (1.016, 1.037) 

2006-2012  1.001 (0.994, 1.007) 1.015 (1.008, 1.023) 1.014 (1.005, 1.023) 1.016 (1.005, 1.026) 1.041 (1.027, 1.055) 

2013-2021  1.022 (1.011, 1.032) 0.988 (0.977, 0.999) 1.002 (0.989, 1.015) 0.986 (0.972, 1.001) 0.989 (0.970, 1.008) 

Overall  1.007 (1.004, 1.010) 1.011 (1.007, 1.014) 1.011 (1.007, 1.015) 1.015 (1.010, 1.019) 1.027 (1.021, 1.033) 

O3 

1990-1997  0.991 (0.982, 0.999) 1.014 (1.004, 1.024) 1.013 (1.002, 1.025) 1.010 (0.996, 1.024) 0.985 (0.968, 1.001) 

1998-2005  0.999 (0.992, 1.007) 1.008 (0.999, 1.018) 1.014 (1.003, 1.026) 0.994 (0.980, 1.008) 1.004 (0.985, 1.022) 

2006-2012  1.044 (1.036, 1.052) 1.050 (1.039, 1.061) 1.049 (1.037, 1.061) 1.055 (1.040, 1.070) 1.052 (1.032, 1.072) 

2013-2021  0.993 (0.985, 1.001) 1.004 (0.994, 1.015) 1.014 (1.002, 1.027) 1.010 (0.996, 1.025) 1.054 (1.034, 1.074) 

Overall  1.006 (1.002, 1.010) 1.019 (1.014, 1.024) 1.022 (1.016, 1.028) 1.015 (1.008, 1.022) 1.017 (1.008, 1.027) 

Note: IQR values are as follows: PM2.5: 2.46 ‘g/m3, NO2: 5.07 ppb, O3: 3.86 ppb 
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Table S4b: Association between air toxics and PTB in California for babies born between 1990-2021 in California (OR per IQR) stratified by area-level 

SES 

   Time Period 

Lowest 

(N=4121468) 

Low-Middle 

(N=3371155) 

Middle 

(N=2795631) 

High-Middle 

(N=2521003) 

Highest 

(N=2085317) 

1,3-Butadiane  

1990-1997  1.082 (1.069, 1.094) 1.096 (1.082, 1.111) 1.113 (1.096, 1.131) 1.093 (1.075, 1.110) 1.103 (1.083, 1.125) 

1998-2005  0.996 (0.989, 1.003) 0.991 (0.984, 0.999) 1.000 (0.992, 1.008) 1.012 (1.004, 1.021) 1.006 (0.998, 1.014) 

2006-2012  1.004 (0.995, 1.013) 1.009 (1.000, 1.019) 1.009 (1.000, 1.018) 1.010 (1.002, 1.019) 1.014 (1.005, 1.022) 

2013-2021  0.996 (0.991, 1.001) 0.993 (0.987, 0.998) 1.000 (0.994, 1.006) 1.002 (0.996, 1.008) 0.994 (0.988, 1.001) 

Overall  1.019 (0.98, 1.059) 1.021 (0.975, 1.07) 1.029 (0.978, 1.083) 1.028 (0.988, 1.069) 1.028 (0.982, 1.076) 

   I2  99.1% 99.2% 99.3% 98.8% 99.1% 

   H2  107.03 127.19 137.37 82.37 105.79 

Benzene  

1990-1997  1.016 (1.009, 1.023) 1.016 (1.009, 1.023) 1.012 (1.004, 1.019) 1.004 (0.997, 1.011) 1.025 (1.014, 1.035) 

1998-2005  0.999 (0.990, 1.007) 1.002 (0.993, 1.012) 1.019 (1.009, 1.030) 1.034 (1.021, 1.047) 1.040 (1.024, 1.055) 

2006-2012  1.027 (1.013, 1.040) 1.031 (1.017, 1.045) 1.033 (1.016, 1.049) 1.025 (1.006, 1.044) 1.085 (1.060, 1.110) 

2013-2021  0.937 (0.921, 0.954) 0.917 (0.901, 0.934) 0.920 (0.901, 0.940) 0.907 (0.885, 0.930) 0.931 (0.903, 0.960) 

Overall  0.995 (0.956, 1.035) 0.991 (0.941, 1.043) 0.995 (0.946, 1.048) 0.992 (0.936, 1.051) 1.019 (0.958, 1.085) 

   I2  98.3% 98.9% 98.6% 98.6% 98.1% 

   H2  58.93 89.49 71.54 73.51 51.6 

Chromium  

1990-1997  1.004 (0.999, 1.008) 0.999 (0.995, 1.004) 0.995 (0.989, 1.002) 0.991 (0.985, 0.997) 0.998 (0.991, 1.005) 

1998-2005  1.009 (1.002, 1.016) 1.000 (0.991, 1.009) 0.994 (0.984, 1.004) 1.000 (0.988, 1.013) 0.985 (0.971, 1.000) 

2006-2012  0.993 (0.985, 1.000) 0.990 (0.981, 0.999) 1.000 (0.989, 1.010) 0.982 (0.971, 0.994) 0.978 (0.963, 0.993) 



 мсс 

2013-2021  1.022 (1.013, 1.030) 0.994 (0.984, 1.004) 0.989 (0.978, 1.000) 0.974 (0.961, 0.986) 0.993 (0.978, 1.007) 

Overall  1.007 (0.995, 1.018) 0.997 (0.993, 1.001) 0.995 (0.99, 0.999) 0.987 (0.977, 0.997) 0.99 (0.981, 0.999) 

   I2  91.6% 22.7% 0% 74.9% 55% 

   H2  11.86 1.29 1 3.98 2.22 

Lead  

1990-1997  1.006 (1.002, 1.010) 1.012 (1.008, 1.017) 1.007 (1.002, 1.012) 1.004 (0.998, 1.009) 1.007 (1.002, 1.013) 

1998-2005  1.007 (1.000, 1.015) 1.014 (1.007, 1.022) 1.024 (1.016, 1.032) 1.029 (1.019, 1.039) 1.040 (1.029, 1.051) 

2006-2012  1.017 (1.009, 1.025) 1.021 (1.013, 1.029) 1.032 (1.023, 1.041) 1.022 (1.012, 1.033) 1.052 (1.039, 1.065) 

2013-2021  0.986 (0.977, 0.996) 0.982 (0.972, 0.991) 0.984 (0.974, 0.994) 0.988 (0.976, 0.999) 0.999 (0.985, 1.012) 

Overall  1.004 (0.992, 1.017) 1.007 (0.991, 1.024) 1.012 (0.991, 1.033) 1.011 (0.993, 1.029) 1.024 (1, 1.049) 

   I2  92.1% 95.5% 96.5% 93.6% 95.8% 

   H2  12.66 22.32 28.88 15.69 24.04 

Nickel  

1990-1997  0.888 (0.867, 0.909) 0.978 (0.956, 1.000) 0.965 (0.943, 0.988) 0.984 (0.961, 1.008) 0.981 (0.955, 1.008) 

1998-2005  0.873 (0.850, 0.898) 0.907 (0.880, 0.935) 0.940 (0.912, 0.970) 0.961 (0.928, 0.995) 0.957 (0.921, 0.995) 

2006-2012  0.893 (0.862, 0.925) 0.900 (0.866, 0.935) 0.900 (0.863, 0.938) 0.888 (0.848, 0.929) 0.909 (0.863, 0.957) 

2013-2021  1.055 (1.030, 1.082) 1.044 (1.016, 1.074) 1.052 (1.022, 1.084) 1.036 (1.003, 1.071) 1.041 (1.003, 1.081) 

Overall  0.925 (0.847, 1.009) 0.956 (0.893, 1.024) 0.964 (0.904, 1.027) 0.967 (0.91, 1.028) 0.973 (0.922, 1.026) 

   I2  97.6% 95.5% 94.4% 92.7% 87.7% 

   H2  41.21 22.41 17.78 13.73 8.12 

Zinc 

1990-1997  1.466 (1.399, 1.536) 1.183 (1.131, 1.238) 1.160 (1.110, 1.213) 1.202 (1.147, 1.259) 1.041 (0.987, 1.098) 

1998-2005  1.079 (1.053, 1.105) 1.036 (1.011, 1.061) 1.020 (0.995, 1.046) 1.039 (1.010, 1.069) 0.980 (0.951, 1.010) 

2006-2012  1.020 (1.003, 1.038) 1.017 (0.999, 1.035) 1.005 (0.987, 1.024) 0.985 (0.965, 1.006) 0.979 (0.957, 1.003) 



 мст 

2013-2021  1.077 (1.062, 1.092) 1.044 (1.030, 1.059) 1.016 (1.002, 1.031) 1.008 (0.992, 1.024) 1.000 (0.982, 1.019) 

Overall  1.147 (0.977, 1.346) 1.065 (0.999, 1.136) 1.046 (0.982, 1.114) 1.053 (0.967, 1.147) 0.993 (0.976, 1.01) 

   I2  99.6% 97.3% 97% 98% 34.1% 

   H2  235.22 36.83 33.5 49.44 1.52 

Notes: Results presented are from Random-Effects Meta-analysis. I²: Represents the proportion of variability due to true heterogeneity across time periods, not 

random error; H²: Measures the extent to which the observed variability reflects true differences rather than being due to random error; IQR values are as 

follows: 1,3-butadiene: 0.584 ppb, benzene: 0.183 ppb, chromium: 1.1 ng/m3, lead: 0.548 ng/m3, nickel: 0.284 ng/m3, zinc: 0.783 ng/m3 
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Table S5a: Association between Entire pregnancy average criteria air pollutants and TLBW in California for babies born between 1990-2021 in 

California (Single-Pollutant Model; OR per IQR) stratified by area-level SES 

   
Time Period 

Lowest 

(N=3781028) 

Low-Middle 

(N=3123504) 

Middle 

(N=2608040) 

High-Middle 

(N=2367604) 

Highest 

(N=1974181) 

PM2.5  

1990-1997  1.008 (0.988, 1.028) 1.032 (1.010, 1.053) 1.030 (1.006, 1.054) 1.019 (0.996, 1.042) 1.053 (1.020, 1.087) 

1998-2005  1.030 (1.011, 1.050) 1.017 (0.997, 1.038) 1.018 (0.994, 1.041) 1.037 (1.008, 1.066) 1.038 (1.003, 1.075) 

2006-2012  1.022 (1.002, 1.042) 1.028 (1.006, 1.051) 1.061 (1.035, 1.088) 1.007 (0.979, 1.037) 1.011 (0.974, 1.051) 

2013-2021  1.017 (1.001, 1.032) 0.994 (0.976, 1.013) 1.007 (0.987, 1.027) 1.026 (1.002, 1.050) 1.003 (0.971, 1.035) 

Overall  1.016 (1.007, 1.025) 1.015 (1.005, 1.025) 1.023 (1.012, 1.035) 1.021 (1.008, 1.033) 1.028 (1.011, 1.046) 

NO2 

1990-1997  1.005 (0.994, 1.016) 1.006 (0.994, 1.017) 1.022 (1.008, 1.035) 1.019 (1.005, 1.034) 1.022 (1.002, 1.042) 

1998-2005  1.040 (1.029, 1.051) 1.020 (1.007, 1.033) 1.027 (1.012, 1.042) 1.037 (1.019, 1.056) 1.023 (1.001, 1.046) 

2006-2012  1.043 (1.029, 1.058) 1.019 (1.003, 1.035) 1.041 (1.022, 1.060) 1.003 (0.982, 1.024) 1.013 (0.986, 1.041) 

2013-2021  1.030 (1.010, 1.052) 1.012 (0.990, 1.035) 0.992 (0.968, 1.017) 1.024 (0.996, 1.052) 1.022 (0.987, 1.058) 

Overall  1.026 (1.019, 1.032) 1.011 (1.004, 1.018) 1.021 (1.013, 1.029) 1.020 (1.010, 1.029) 1.018 (1.006, 1.031) 

O3 

1990-1997  1.004 (0.986, 1.023) 1.005 (0.985, 1.025) 1.002 (0.978, 1.027) 1.030 (1.001, 1.061) 1.018 (0.983, 1.054) 

1998-2005  1.000 (0.983, 1.016) 1.033 (1.012, 1.054) 1.033 (1.008, 1.058) 1.061 (1.029, 1.093) 1.100 (1.058, 1.144) 

2006-2012  1.022 (1.005, 1.039) 1.051 (1.029, 1.073) 1.052 (1.027, 1.078) 1.051 (1.021, 1.082) 1.055 (1.015, 1.097) 

2013-2021  1.023 (1.008, 1.039) 1.041 (1.021, 1.062) 1.059 (1.034, 1.084) 1.013 (0.986, 1.041) 1.035 (1.000, 1.073) 

Overall  1.010 (1.002, 1.019) 1.032 (1.021, 1.042) 1.036 (1.023, 1.048) 1.036 (1.021, 1.051) 1.046 (1.027, 1.065) 

Note: IQR values are as follows: PM2.5: 2.46 ‘g/m3, NO2: 5.07 ppb, O3: 3.86 ppb 



 мсф 

Table S5b: Association between air toxics and TLBW in California for babies born between 1990-2021 in California (OR per IQR) stratified by area-

level SES 

   Time Period 

Lowest 

(N=3781028) 

Low-Middle 

(N=3123504) 

Middle 

(N=2608040) 

High-Middle 

(N=2367604) 

Highest 

(N=1974181) 

1,3-Butadiane  

1990-1997  1.017 (0.992, 1.042) 1.014 (0.987, 1.041) 1.037 (1.004, 1.072) 0.999 (0.967, 1.033) 1.017 (0.978, 1.058) 

1998-2005  1.017 (1.001, 1.033) 0.998 (0.982, 1.014) 1.005 (0.988, 1.022) 1.021 (1.004, 1.039) 1.024 (1.006, 1.041) 

2006-2012  1.015 (0.996, 1.034) 1.010 (0.991, 1.029) 1.017 (0.998, 1.036) 1.010 (0.993, 1.027) 1.008 (0.991, 1.024) 

2013-2021  1.002 (0.993, 1.012) 1.004 (0.993, 1.015) 1.006 (0.994, 1.017) 1.012 (1.001, 1.024) 1.010 (0.998, 1.022) 

Overall  1.01 (1, 1.02) 1.004 (0.997, 1.012) 1.01 (1.002, 1.018) 1.013 (1.005, 1.021) 1.013 (1.005, 1.021) 

   I2  34.3% 0% 1% 0% 0% 

   H2  1.52 1 1.01 1 1 

Benzene  

1990-1997  1.001 (0.987, 1.015) 1.001 (0.986, 1.015) 1.010 (0.995, 1.026) 1.002 (0.987, 1.017) 1.026 (1.005, 1.048) 

1998-2005  1.052 (1.032, 1.073) 1.009 (0.990, 1.029) 1.004 (0.982, 1.027) 1.021 (0.995, 1.048) 1.042 (1.011, 1.074) 

2006-2012  1.061 (1.032, 1.091) 1.017 (0.989, 1.046) 1.048 (1.014, 1.082) 1.008 (0.971, 1.047) 1.040 (0.994, 1.088) 

2013-2021  1.012 (0.977, 1.047) 0.958 (0.924, 0.992) 0.954 (0.916, 0.993) 1.012 (0.966, 1.061) 0.999 (0.945, 1.056) 

Overall  1.031 (1.002, 1.061) 0.999 (0.979, 1.02) 1.005 (0.972, 1.04) 1.007 (0.995, 1.019) 1.03 (1.014, 1.046) 

   I2  85.1% 68.9% 85.8% 0% 0% 

   H2  6.7 3.21 7.06 1 1 

Chromium  

1990-1997  1.000 (0.990, 1.010) 1.007 (0.997, 1.018) 1.012 (0.999, 1.026) 0.987 (0.974, 1.000) 1.003 (0.988, 1.018) 

1998-2005  1.042 (1.025, 1.059) 1.000 (0.982, 1.019) 1.020 (0.997, 1.043) 0.996 (0.970, 1.024) 1.004 (0.974, 1.036) 

2006-2012  1.030 (1.014, 1.047) 0.990 (0.972, 1.009) 0.998 (0.976, 1.020) 0.988 (0.964, 1.013) 1.000 (0.970, 1.031) 



 мтл 

2013-2021  1.024 (1.007, 1.041) 0.979 (0.960, 0.998) 0.973 (0.952, 0.994) 1.006 (0.982, 1.031) 1.042 (1.014, 1.070) 

Overall  1.023 (1.005, 1.041) 0.996 (0.983, 1.008) 1.001 (0.981, 1.021) 0.991 (0.982, 1.001) 1.012 (0.993, 1.031) 

   I2  83.6% 57.8% 75.7% 0% 55% 

   H2  6.1 2.37 4.12 1 2.22 

Lead  

1990-1997  0.997 (0.988, 1.006) 0.998 (0.990, 1.007) 1.009 (0.999, 1.019) 0.999 (0.988, 1.009) 1.003 (0.992, 1.015) 

1998-2005  1.026 (1.009, 1.042) 1.014 (0.999, 1.030) 1.005 (0.988, 1.023) 1.008 (0.988, 1.029) 1.042 (1.019, 1.065) 

2006-2012  1.023 (1.006, 1.040) 1.014 (0.998, 1.031) 1.032 (1.013, 1.052) 0.999 (0.978, 1.021) 1.026 (1.000, 1.052) 

2013-2021  1.023 (1.005, 1.042) 0.986 (0.968, 1.004) 0.988 (0.968, 1.007) 1.028 (1.005, 1.051) 1.002 (0.978, 1.027) 

Overall  1.016 (1.001, 1.031) 1.003 (0.991, 1.015) 1.009 (0.992, 1.025) 1.006 (0.994, 1.019) 1.017 (0.998, 1.036) 

   I2  75.9% 66% 75.5% 44.7% 71.5% 

   H2  4.16 2.94 4.08 1.81 3.5 

Nickel  

1990-1997  0.982 (0.934, 1.031) 1.016 (0.969, 1.065) 0.997 (0.950, 1.046) 1.016 (0.967, 1.069) 1.026 (0.969, 1.085) 

1998-2005  1.010 (0.951, 1.073) 0.947 (0.889, 1.010) 1.009 (0.943, 1.079) 0.990 (0.917, 1.068) 1.084 (0.999, 1.178) 

2006-2012  0.937 (0.870, 1.009) 1.008 (0.930, 1.092) 1.023 (0.938, 1.115) 0.983 (0.894, 1.080) 0.997 (0.897, 1.107) 

2013-2021  0.989 (0.943, 1.038) 0.954 (0.904, 1.006) 0.950 (0.897, 1.006) 1.020 (0.958, 1.085) 1.085 (1.013, 1.161) 

Overall  0.984 (0.957, 1.011) 0.981 (0.944, 1.019) 0.989 (0.96, 1.02) 1.008 (0.976, 1.042) 1.05 (1.012, 1.089) 

   I2  0% 38.9% 0.3% 0% 3.1% 

   H2  1 1.64 1 1 1.03 

Zinc 

1990-1997  1.136 (1.029, 1.254) 1.151 (1.049, 1.263) 1.080 (0.984, 1.185) 0.924 (0.837, 1.021) 0.912 (0.814, 1.021) 

1998-2005  1.045 (0.992, 1.100) 1.036 (0.984, 1.090) 1.042 (0.988, 1.099) 0.985 (0.925, 1.048) 0.919 (0.861, 0.980) 

2006-2012  1.049 (1.011, 1.087) 1.008 (0.972, 1.046) 1.009 (0.971, 1.049) 1.016 (0.973, 1.061) 0.951 (0.907, 0.998) 



 мтм 

2013-2021  1.025 (0.997, 1.054) 1.034 (1.007, 1.062) 1.006 (0.979, 1.034) 0.982 (0.952, 1.014) 0.967 (0.935, 1.000) 

Overall  1.04 (1.018, 1.063) 1.035 (1.007, 1.064) 1.015 (0.995, 1.036) 0.989 (0.966, 1.012) 0.953 (0.93, 0.977) 

   I2  7.7% 37.3% 0.4% 0.1% 0% 

   H2  1.08 1.59 1 1 1 

Notes: Results presented are from Random-Effects Meta-analysis. I²: Represents the proportion of variability due to true heterogeneity across time periods, not 

random error; H²: Measures the extent to which the observed variability reflects true differences rather than being due to random error; IQR values are as 

follows: 1,3-butadiene: 0.584 ppb, benzene: 0.183 ppb, chromium: 1.1 ng/m3, lead: 0.548 ng/m3, nickel: 0.284 ng/m3, zinc: 0.783 ng/m3 
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Table S6: Average Pollutant Entire Pregnancy Exposure Concentrations (birth years 1990-2021) in California 

Pollutant/Time Period 1990-1997 1998-2005 2006-2012 2013-2021 Overall 

PM2.5 (ug/m3)  13.52 12.26 11.16 9.83 11.72 

NO2 (ppb)  19.74 16.83 13.26 9.88 15.01 

O3 (ppb)  37.58 37.25 38.09 38.61 37.88 

1,3-Butadiene (ppb)  4.85 5.54 4.70 4.61 4.925 

Benzene (ppb)  1.11 0.87 0.62 0.44 0.76 

Chromium (ng/m3)  3.95 3.88 3.86 3.85 3.885 

Lead (ng/m3)  5.36 5.08 4.78 4.46 4.92 

Nickel (ng/m3)  1.89 1.57 1.28 1.22 1.49 

Zinc (ng/m3)  0.8 1.79 2.67 4.16 2.355 

 Race/Ethnicity 

   Time Period NH White Hispanic NH Black NH API  

PM2.5 (ug/m3) 1990-1997  12.96 13.99 13.65 13.40 

 1998-2005  11.60 12.75 12.45 11.91 

 2006-2012  10.61 11.54 11.31 10.93 

 2013-2021  9.41 10.16 10.03 9.66 

 Overall  11.32 12.11 12.04 11.28 

NO2 (ppb) 1990-1997  17.52 21.43 20.86 19.75 

 1998-2005  14.65 18.16 17.82 16.84 



 мто 

 2006-2012  11.56 14.15 13.87 13.42 

 2013-2021  8.81 10.43 10.44 10.27 

 Overall  13.57 16.06 16.27 14.58 

O3 (ppb) 1990-1997  37.74 37.69 37.00 36.99 

 1998-2005  37.44 37.35 36.79 36.62 

 2006-2012  38.09 38.30 37.90 37.42 

 2013-2021  38.53 38.91 38.53 37.99 

 Overall  37.92 38.06 37.49 37.32 

1,3-Butadiane  

(ppb) 

1990-1997  4.76 4.92 4.84 4.83 

1998-2005  5.48 5.59 5.60 5.45 

2006-2012  4.61 4.75 4.71 4.66 

2013-2021  4.54 4.68 4.64 4.58 

Overall  4.85 4.99 4.95 4.88 

Benzene (ppb) 1990-1997  1.05 1.16 1.13 1.09 

1998-2005  0.82 0.90 0.88 0.84 

2006-2012  0.60 0.64 0.63 0.61 

2013-2021  0.42 0.45 0.45 0.44 

Overall  0.72 0.79 0.77 0.75 

Chromium (ng/m3) 1990-1997  3.55 4.17 4.29 4.21 

1998-2005  3.49 4.07 4.15 4.01 

2006-2012  3.52 3.99 4.09 4 



 мтп 

2013-2021  3.56 3.95 4.06 3.99 

Overall  3.53 4.05 4.15 4.05 

Lead (ng/m3) 1990-1997  5.18 5.51 5.43 5.29 

1998-2005  4.91 5.21 5.16 4.96 

2006-2012  4.63 4.89 4.85 4.7 

2013-2021  4.33 4.55 4.53 4.4 

Overall  4.76 5.04 4.99 4.84 

Nickel (ng/m3) 1990-1997  1.87 1.91 1.91 1.9 

1998-2005  1.55 1.58 1.58 1.57 

2006-2012  1.27 1.29 1.28 1.28 

2013-2021  1.21 1.22 1.23 1.22 

Overall  1.48 1.50 1.50 1.49 

Zinc (ng/m3) 1990-1997  0.8 0.8 0.78 0.82 

1998-2005  1.82 1.77 1.75 1.8 

2006-2012  2.75 2.63 2.65 2.7 

2013-2021  4.25 4.1 4.09 4.17 

Overall  2.41 2.33 2.32 2.37 

 Area-level SES 

   Time Period Lowest Low-Middle Middle High-Middle Highest 

PM2.5 (ug/m3) 1990-1997  14.60 13.81 13.46 12.65 12.14 

 1998-2005  13.36 12.46 11.97 11.52 10.76 



 мтр 

 2006-2012  12.06 11.32 10.94 10.62 9.94 

 2013-2021  10.74 10.09 9.67 9.25 8.63 

 Overall  12.73 11.99 11.51 11.03 10.39 

NO2 (ppb) 1990-1997  21.66 19.87 19.51 17.95 18.26 

 1998-2005  18.81 17.09 15.89 15.54 14.91 

 2006-2012  14.22 13.52 12.87 12.59 12.12 

 2013-2021  10.52 10.21 9.75 9.52 8.82 

 Overall  16.42 15.35 14.51 13.95 13.61 

O3 (ppb) 1990-1997  37.95 37.72 37.62 37.39 36.84 

 1998-2005  37.58 37.47 37.27 36.90 36.56 

 2006-2012  38.67 38.22 38.01 37.72 37.14 

 2013-2021  39.47 38.90 38.56 38.04 37.33 

 Overall  38.39 38.06 37.88 37.52 36.96 

1,3-Butadiane  

(ppb) 

1990-1997  4.95 4.86 4.82 4.78 4.74 

1998-2005  5.66 5.57 5.50 5.45 5.36 

2006-2012  4.80 4.73 4.68 4.63 4.52 

2013-2021  4.73 4.66 4.61 4.54 4.42 

Overall  5.04 4.96 4.90 4.85 4.76 

Benzene (ppb) 1990-1997  1.19 1.13 1.10 1.04 1.02 

1998-2005  0.93 0.87 0.85 0.83 0.79 

2006-2012  0.66 0.63 0.62 0.61 0.58 



 мтс 

2013-2021  0.46 0.45 0.44 0.43 0.40 

Overall  0.81 0.77 0.75 0.73 0.70 

Chromium (ng/m3) 1990-1997  4.39 3.98 3.85 3.7 3.55 

1998-2005  4.2 3.92 3.77 3.7 3.49 

2006-2012  4.11 3.92 3.78 3.7 3.55 

2013-2021  4.03 3.9 3.76 3.73 3.71 

Overall  4.18 3.93 3.79 3.71 3.58 

Lead (ng/m3) 1990-1997  5.57 5.48 5.33 5.17 5.01 

1998-2005  5.31 5.14 5.02 4.91 4.72 

2006-2012  4.95 4.83 4.75 4.68 4.51 

2013-2021  4.63 4.51 4.44 4.38 4.17 

Overall  5.12 4.99 4.89 4.79 4.60 

Nickel (ng/m3) 1990-1997  1.92 1.9 1.88 1.87 1.86 

1998-2005  1.58 1.57 1.56 1.56 1.54 

2006-2012  1.29 1.28 1.28 1.27 1.26 

2013-2021  1.23 1.22 1.22 1.22 1.21 

Overall  1.51 1.49 1.49 1.48 1.47 

Zinc (ng/m3) 1990-1997  0.77 0.78 0.8 0.83 0.86 

1998-2005  1.74 1.76 1.79 1.81 1.89 

2006-2012  2.61 2.66 2.68 2.7 2.81 

2013-2021  4.05 4.13 4.16 4.21 4.35 



 мтт 

Overall  2.29 2.33 2.36 2.39 2.48 

Notes: NH: Non-Hispanic; API: Asian and Pacific Islanders  
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Table S7: Pearson Correlation Coefficients for Entire Pregnancy Average Air Pollutants by Time Period 

Overall PM2.5 NO2 O3 1,3-butadiene Benzene Chromium Lead Nickel Zinc 

PM2.5 1.00 0.63 0.06 0.15 0.72 0.20 0.60 0.61 -0.58 

NO2 0.63 1.00 -0.22 0.22 0.79 0.36 0.58 0.56 -0.56 

O3 0.06 -0.22 1.00 0.00 -0.09 -0.29 0.03 -0.16 0.13 

1,3-Butadiene 0.15 0.22 0.00 1.00 0.25 0.06 0.19 0.06 -0.20 

Benzene 0.72 0.79 -0.09 0.25 1.00 0.21 0.67 0.78 -0.85 

Chromium 0.20 0.36 -0.29 0.06 0.21 1.00 0.39 0.13 -0.03 

Lead 0.60 0.58 0.03 0.19 0.67 0.39 1.00 0.44 -0.50 

Nickel 0.61 0.56 -0.16 0.06 0.78 0.13 0.44 1.00 -0.79 

Zinc -0.58 -0.56 0.13 -0.20 -0.85 -0.03 -0.50 -0.79 1.00 

          

1990-1997 PM2.5 NO2 O3 1,3-butadiene Benzene Chromium Lead Nickel Zinc 

PM2.5 1.00 0.57 0.08 0.06 0.76 0.30 0.46 0.53 -0.38 

NO2 0.57 1.00 -0.19 0.16 0.78 0.42 0.37 0.41 -0.17 

O3 0.08 -0.19 1.00 0.12 0.04 -0.26 0.09 -0.17 0.01 

1,3-Butadiene 0.06 0.16 0.12 1.00 0.13 0.14 0.15 -0.25 0.40 

Benzene 0.76 0.78 0.04 0.13 1.00 0.37 0.52 0.44 -0.31 

Chromium 0.30 0.42 -0.26 0.14 0.37 1.00 0.61 0.31 0.06 

Lead 0.46 0.37 0.09 0.15 0.52 0.61 1.00 0.22 -0.04 

Nickel 0.53 0.41 -0.17 -0.25 0.44 0.31 0.22 1.00 -0.67 

Zinc -0.38 -0.17 0.01 0.40 -0.31 0.06 -0.04 -0.67 1.00 

          

1998-2005 PM2.5 NO2 O3 1,3-butadiene Benzene Chromium Lead Nickel Zinc 

PM2.5 1.00 0.56 0.07 0.18 0.75 0.27 0.67 0.36 -0.31 

NO2 0.56 1.00 -0.20 0.20 0.73 0.45 0.53 0.31 -0.14 

O3 0.07 -0.20 1.00 -0.01 0.02 -0.35 0.08 -0.21 0.02 

1,3-Butadiene 0.18 0.20 -0.01 1.00 0.33 0.07 0.22 0.51 -0.45 

Benzene 0.75 0.73 0.02 0.33 1.00 0.37 0.76 0.43 -0.40 

Chromium 0.27 0.45 -0.35 0.07 0.37 1.00 0.26 0.26 -0.05 

Lead 0.67 0.53 0.08 0.22 0.76 0.26 1.00 0.30 -0.35 



 мтф 

Nickel 0.36 0.31 -0.21 0.51 0.43 0.26 0.30 1.00 -0.62 

Zinc -0.31 -0.14 0.02 -0.45 -0.40 -0.05 -0.35 -0.62 1.00 

          

2006-2012 PM2.5 NO2 O3 1,3-butadiene Benzene Chromium Lead Nickel Zinc 

PM2.5 1.00 0.43 0.19 0.16 0.62 0.17 0.53 0.35 -0.32 

NO2 0.43 1.00 -0.14 0.18 0.73 0.42 0.45 0.37 -0.18 

O3 0.19 -0.14 1.00 0.11 0.13 -0.31 0.16 -0.14 -0.10 

1,3-Butadiene 0.16 0.18 0.11 1.00 0.25 0.05 0.15 0.04 -0.04 

Benzene 0.62 0.73 0.13 0.25 1.00 0.33 0.66 0.43 -0.35 

Chromium 0.17 0.42 -0.31 0.05 0.33 1.00 0.26 0.22 0.02 

Lead 0.53 0.45 0.16 0.15 0.66 0.26 1.00 0.20 -0.29 

Nickel 0.35 0.37 -0.14 0.04 0.43 0.22 0.20 1.00 -0.47 

Zinc -0.32 -0.18 -0.10 -0.04 -0.35 0.02 -0.29 -0.47 1.00 

          

2013-2021 PM2.5 NO2 O3 1,3-butadiene Benzene Chromium Lead Nickel Zinc 

PM2.5 1.00 0.26 0.31 0.01 0.22 0.08 0.33 0.31 -0.11 

NO2 0.26 1.00 -0.13 0.14 0.64 0.40 0.49 -0.15 -0.25 

O3 0.31 -0.13 1.00 0.05 0.08 -0.31 0.16 -0.01 -0.08 

1,3-Butadiene 0.01 0.14 0.05 1.00 0.27 0.03 0.11 -0.40 -0.13 

Benzene 0.22 0.64 0.08 0.27 1.00 0.23 0.56 -0.53 -0.58 

Chromium 0.08 0.40 -0.31 0.03 0.23 1.00 0.18 0.08 -0.04 

Lead 0.33 0.49 0.16 0.11 0.56 0.18 1.00 -0.12 -0.34 

Nickel 0.31 -0.15 -0.01 -0.40 -0.53 0.08 -0.12 1.00 0.43 

Zinc -0.11 -0.25 -0.08 -0.13 -0.58 -0.04 -0.34 0.43 1.00 
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4.2 Autism Spectrum Disorder (ASD) 

 

4.2.1 Abstract 

Background: Autism spectrum disorder (ASD) prevalence has risen steadily in California (CA) over the 

past three decades, with environmental factors like air pollution (AP) increasingly implicated. This study 

investigates the association between prenatal exposure to both criteria AP and traffic-related air toxics and 

ASD risk for 1990-2018 births.  

Methods: Utilizing CA Department of Public Health birth registry data from 1990 to 2018, linked with 

ASD diagnoses from the CA Department of Developmental Services (n = 13,348,678 children; ASD cases 

= 135,232), we assessed prenatal exposure to PM2.5, NO2, O3, and six traffic-related air toxics (benzene, 

1,3-butadiene, chromium, lead, nickel, zinc) using machine learning-enhanced land-use regression models. 

Logistic regression estimated odds ratios (OR) for ASD per interquartile range (IQR) increase in AP levels 

across four periods (1990ï1997, 1998ï2004, 2005ï2011, 2012ï2018). Analyses were stratified by 

race/ethnicity, neighborhood socioeconomic status (SES), and region within CA. 

Results: Prenatal exposure to PM2.5 (OR: 1.10; 95% CI: 1.04, 1.16) and NO2 (OR: 1.25; 95% CI: 1.16, 1.35) 

were associated with increased ASD risk, with effect sizes declining over time. When mutually adjusting 

for NO2, the association between PM2.5 exposure and ASD risk was attenuated, whereas the association 

with NO  exposure remained largely unchanged. Among air toxics, benzene (OR: 1.55; 95% CI: 1.51, 1.59) 

and nickel (OR: 1.33; 95% CI: 1.21, 1.45) were strongly associated with ASD, persisting across time. 

Stratified analyses revealed that associations differed by race/ethnicity, SES, and region. Traffic-related air 

toxics consistently exhibited elevated ASD risks, highlighting persistent vulnerabilities despite reductions 

in traditional pollutants. 

Conclusions: Prenatal exposure to AP, especially traffic-related toxics, is linked to increased ASD risk with 

temporal and spatial variability. While reductions in NO2 and PM2.5 lessen ASD risk, persistent traffic-

related pollutants like benzene and nickel highlight the need for targeted interventions. 
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4.2.2 Background 

Autism spectrum disorder (ASD) is a multifaceted neurological and developmental 

condition marked by difficulties in social communication, learning, and participation in restricted 

or repetitive behaviors.1 The Centers for Disease Control and Prevention (CDC) estimated in 2020 

that 2.8% of children in the United States (US) were diagnosed with ASD by age 8, with regional 

prevalence ranging from 2.3% in Maryland to 4.5% in California (CA).2 The cumulative incidence 

of ASD by age 4 and 8 years of age has been steadily increasing over the past 30 years in CA, 

which differs by region and sociodemographic factors, including race/ethnicity and neighborhood 

socioeconomic status.3 Researchers have argued that this increase cannot be fully attributed to an 

expanded case definition or improved awareness and screening efforts alone.4 Given the rising 

prevalence of ASD, attention has increasingly turned to environmental factors, including air 

pollution and its specific sources, as potential contributors to ASD risk. 

The age at ASD diagnosis often occurs in the early years of life,5 with the mean age at 

diagnosis gradually falling over time in CA,3 suggesting that risk might be increased by in-utero 

or early-life exposures. Prenatal and early-life particulate matter <2.5ɛm (PM2.5) and nitrogen 

dioxide (NO2) are the most commonly studied air pollutants in relation to ASD, and have broadly 

been associated with ASD.6,7 However, some studies found no association between exposure to 

NO2 and PM2.5 during pregnancy and ASD, suggesting inconsistencies in the existing literature.8,9 

Heterogeneity in study findings may stem from differences in the periods of exposure (pre- versus 

early postnatally) or in air pollution levels and mixtures across time and region. For instance, 

regulatory interventions in CA over recent decades have greatly reduced levels of certain criteria 

air pollutants, such as PM2.5 and NO2, while O3 concentrations have remained relatively stable 

during the same period.10 Also, air pollutant concentrations can vary due to differences in local or 

dominant emission sources, influencing the overall composition of the mixture.11 For PM2.5 in 
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particular, the heterogeneity in effect estimates observed across studies may be explained by this 

variation in the mixture of particulate components that make up its mass,12 which contains various 

sources and species often differing by both time, space, and toxicity.13,14 For example, we showed 

that prenatal PM2.5 traffic-related components and their oxidative stress potential markers were 

associated with ASD in Los Angeles, CA for 2016-2019 births, often with stronger effect estimates 

than for PM2.5 mass itself.15 This is concerning given that tail-pipe and non-tailpipe traffic sources 

are major contributing sources of both fine and coarse particulate matter in metropolitan areas,16 

but regulations have mainly addressed tail-pipe emissions. Additionally, communities face 

different compositions of air pollution exposure, often disparate by race/ethnicity and 

socioeconomic factors, with Hispanic and Black areas having higher estimated exposure to 

virtually all measured components of PM2.5,
17 but importantly, toxic components may only be 

insufficiently addressed with strategies to lower PM2.5 mass. Despite growing evidence linking air 

pollution to ASD, a critical gap remains in long-term studies that examine these associations over 

extended periods, across diverse geographical regions, including both urban and rural areas, and 

with varying pollution levels influenced by regulatory interventions and changing emission 

patterns. Specifically, few studies have focused on the contribution of components of air pollution, 

their toxicity, and how these relationships evolve over time in the context of shifting pollutant 

compositions and sources. Addressing these gaps is essential for understanding the complex and 

dynamic air pollution and ASD effects estimated across populations. 

While epidemiological evidence remains mixed, emerging research sheds light on potential 

biological mechanisms linking air pollution and its major sources and components to ASD. Higher 

exposure to ambient PM2.5 during pregnancy is associated with adverse neurodevelopmental 

outcomes early in life, including reduced motor, cognitive, and language scores.18 Additionally, a 
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recent review highlighted that inhaled PM-associated copper, often a byproduct of wearing brake 

pads, was associated with impaired motor performance and altered basal ganglia in school 

children,19 relevant to motor and cognitive impairments also associated with ASD.20 Overall, there 

is emerging evidence that adverse contributions of air pollution to neurodevelopment are primarily 

mediated through the induction of oxidative stress and inflammation, immune system modulation, 

DNA damage, and alterations in brain structure and function.21ï23 For example, a review article 

suggested that cytokine alterations contribute to autism by potentially interfering with neuronal 

migration, differentiation, and connectivity.24  

 The extensive California data provided the opportunity to address some gaps in the 

literature by examining the association between prenatal exposure to air pollution, including the 

criteria pollutants PM2.5, NO2, and ozone (O3) as well as traffic-related air toxics and ASD risk for 

three decades based on CA births between 1990-2018. Leveraging the population-based data from 

CA, we present results in a setting that has undergone substantial temporal changes in pollutant 

levels due to regulatory interventions and evolving emission patterns. By focusing on specific 

traffic-related components of PM2.5, which include six key air toxics, we investigate their potential 

toxicity and contribution to ASD risk, providing an understanding of how pollutant composition 

and source variability may influence outcomes across diverse urban and rural regions. 

 

4.2.3 Methods 

4.2.3.1 Study Population and ASD Identification 

We obtained birth registry data from the California (CA) Department of Public Health 

(CDPH) covering the period from January 1, 1990, to December 31, 2018. Participants were 

required to reside within the boundaries of CA, where exposure assessments were conducted. In 

CA, children diagnosed with autism spectrum disorder (ASD) are identified through a network of 
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21 regional centers operated by the CA Department of Developmental Services (DDS). For this 

study, we utilized DDS data from January 1st, 1994, up to December 31, 2022, ensuring a minimum 

of 4-years of follow-up for each child. The referral process to DDS generally begins with a 

developmental screening or assessment conducted by professionals such as pediatricians, 

psychologists, educators, or other qualified specialists. A data linkage study between DDS and the 

CA Department of Education estimates that 75-80% of children with autism in CA are enrolled in 

DDS.25 DDS records were linked to corresponding 1990-2018 birth records using the National 

Program of Cancer Registries PlusÊ.26 To establish matches, key variables including the child's 

and mother's names, birthdates, sex, and zip code were used. Records were programmatically 

reviewed for successful linkage based on criteria such as score, birthdate, gender, and name 

matching. Any duplicates were resolved by further verifying additional that name and surname 

matched. 

From the initial cohort of 15,293,518 children born within the borders of CA between 1990 

and 2018, we excluded records with incomplete or implausible gestational ages (less than 140 days 

or greater than 315 days; N = 686,880, 4.5%), birth weights outside the range of 500 grams to 

6,800 grams (N = 14,045, 0.1%), non-singleton births (N = 411,699, 2.8%). Finally, individuals 

missing 50% or more of the daily exposure estimates for any trimester for PM2.5, NO2, or O3 were 

excluded to reduce potential measurement error and ensure the reliability and accuracy of the 

exposure assessment (N = 97,841, 0.7%). After further restricting the dataset to individuals with 

complete covariate data (N = 733,349, 5.2%), the final analytical sample comprised 13,348,678 

children (ASD cases = 135,232) with CA birth records.   

4.2.3.2 Air Pollution Exposures 

Exposure estimation is described in Task 3 of this report. 
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4.2.3.3 Statistical Analysis 

We applied the following data processing steps for the air toxic exposures: 1) A zero value 

in our air toxics data may result from measurements being below detectability rather than the 

absence of the pollutant, therefore, we converted zeros to half of the lowest non-zero value. 2) To 

minimize the impact of extreme or unrealistic values we winsorized the high-end of each air toxic 

to the 99th percentile. 

To investigate the effect of prenatal criteria air pollutant and traffic-related air toxics 

exposure on ASD for children born between 1990 and 2018, we calculated odds ratios (OR) and 

95% confidence intervals (95% CI) using logistic regression models. For the criteria pollutants, 

prenatal exposure was calculated by averaging the daily exposure estimates between the last 

menstruation period and birth. For air toxics, as we had annual surfaces for exposure assessment, 

prenatal exposure was calculated as a weighted average based on the proportion of days the 

exposure period fell within each year. For example, if an individualôs exposure period (last 

menstruation until birth) spanned 50% of 2018 and 50% of 2019, their full-term exposure would 

be the average annual exposure levels for those years, weighted by 50% each. 

For each criteria air pollutant and the six air toxics, we investigated their impacts on ASD 

across four different time periods: 1990ï1997, 1998ï2004, 2005ï2011, and 2012ï2018, which 

were designed to be roughly equal in size in terms of birth years. This approach also allowed us to 

highlighting temporal changes across the study period and to also assess the influence of the period 

from 1990ï1997, during which all exposures were assigned based on ZIP code-level addresses 

and also PM2.5 measures were generated via back-casting using linear mixed-effect models, as air 

pollution measurements for fine particles were not available for this period (See Task 3). This 

approach also provides insight into potential limitations of modeled PM2.5. To estimate the overall 
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effects across the full study period, we used a random-effects meta-analysis based on effect 

estimates for each time period accounting for variability across time periods and weighting each 

time period's contributions based on its precision.  This addresses temporal multicollinearity 

between pollutants and birth year ï a confounder - in models that include all years, as there are 

strong correlations between some air pollutants and birth year as suggested by temporal patterns 

of pollutants as well as high variance inflation factors. Within the random effects meta-analyses 

framework, we calculated heterogeneity statistics including I2 and H2. 

We scaled pollutants to an interquartile range (IQR) of the full study periodôs prenatal 

exposure for each pollutant. Pearsonôs correlation coefficients were calculated across pollutants to 

evaluate the suitability of dual adjustment models, specifically for co-pollutant adjustments 

involving the criteria pollutants. Each criteria pollutant model was co-adjusted for other criteria 

pollutants, such as PM2.5 adjusted for NO2, NO2 adjusted for O3, and so on, to assess their 

independent associations with ASD. This step was not available for the air toxics due to only 

having annual surfaces.  

To control for potential confounding factors, we included the following variables as 

covariates based on an extensive review of the literature: sex (male vs. female), parity (nulliparous 

vs. parous), maternal age (<20, 20-24, 25-29, 30-35, >35 years), race/ethnicity (Hispanic, Non-

Hispanic White, Non-Hispanic Black, Asian and Pacific Islander (API), American Indian and 

Alaska Native (AIAN), Non-Hispanic Other), nativity (US-born vs. foreign-born), maternal 

education (Ò 8th grade, some high school (9th ï 12th grade without a diploma), high school 

graduate or GED, some college (credit but no degree, associateôs degree, bachelorôs degree), 

graduate degree), prenatal insurance type (no prenatal care, government insurance, private 

insurance, self-pay, other), indicators for each birth year, and area-level socioeconomic status 
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(SES). The  area-level SES variable was defined as following: for birth records between 1990 and 

2005, the values represent the quintile of Yostôs index of socioeconomic status, derived from 

principal components analysis of block group-level variables from the decennial Census.32 For 

births from 2006 onward, the values represent the quintile of Yangôs index of socioeconomic status, 

based on principal components analysis of block group-level variables from the American 

Community Survey.33 Variables included education level, percentage of individuals with a 

household income-to-poverty ratio of 2 or higher, percentage of individuals with a blue-collar job, 

percentage of employed individuals, median rent, median value of owner-occupied housing units, 

and median household income. The  area-level SES variable was categorized as low  area-level 

SES (lowest quintile), low-medium (2nd quintile), medium (3rd quintile), high-medium (4th 

quintile), and high area-level SES (5th quintile). 

Next, we stratified our analyses by maternal race/ethnicity,  area-level SES, and region to 

investigate whether the impact of the criteria air pollutants and traffic-related air toxics on ASD 

differed by key sociodemographic and regional factors. Due to low ASD cell count in the early 

years, only Non-Hispanic White, Hispanic, Non-Hispanic Black, and Asian and Pacific Islander 

(API) subgroups will be used in the stratified analyses by race/ethnicity. Region was defined as a 

four-level variable based on classifications used by the California Air Resources Board (CARB) 

to designate areas for clean transportation projects. These CA regions include Northern, Coastal, 

Central, and Southern. The specific CA counties included in each region are detailed in the 

referenced citation.34 

We conducted several sensitivity analyses for the criteria air pollutants to assess the 

robustness of our findings across different exposure windows. Specifically, we examined 

associations during distinct prenatal developmental periods, including trimesters 1 through 3 (T1: 
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last menstruation plus 93 days; T2: day 94ï186 or birth; T3: day 187ïbirth), as well as the postnatal 

period, defined as one year following birth (birth date plus 365 days). Furthermore, in accordance 

with established methodologies for modeling air pollution with ASD as described in Weisskopf et 

al. (2015) and Raz et al. (2018), we also investigated associations when prenatal and postnatal 

exposures were mutually adjusted for in the same model.  

This research was approved by the University of California, Los Angeles, Office of the 

Human Research Protection Program, and the California Committee for the Protection of Human 

Subjects. The study received an exemption from the requirement to obtain informed consent. All 

analyses were conducted using R (version 4.1.2.; R Foundation for Statistical Computing, Vienna, 

Austria). 

4.2.4 Results 

4.2.4.1 Study Population Characteristics 

This study included 135,232 children diagnosed with autism spectrum disorder (ASD) and 

13,213,446 children without ASD born between 1990 and 2018 and followed for ASD diagnoses 

until 2022 (Table 1). Children with ASD were predominantly male (80.5%), a higher proportion 

compared to the non-ASD general population of CA children (50.9%). Hispanic children 

accounted for the largest racial/ethnic group overall. However, children with ASD were slightly 

over-represented among Black (7.3% vs. 6.3%) and Asian or Pacific Islander (13.7% vs. 12.2%) 

children compared to non-ASD children. Mothers of children with ASD were more likely to be 

older at the time of birth, with 47.4% ages 30 or older, compared to 38.9% in non-ASD children. 

Additionally, first-time mothers (nulliparous) were more common in the ASD group (45.1% vs. 

39.8%). Most of all births (ASD 59.6%; non-ASD 59.2%) occurred in the Southern California 

region. 
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4.2.4.2 Air Pollution Exposures 

Pollutants mean concentrations varied across the study period (1990ï2018), reflecting 

temporal changes in air quality (Table 2). PM2.5 and NO2 showed a decreasing trend over time, 

with the highest levels recorded in 1990ï1997 (13.53 Õg/mį and 19.75 ppb, respectively) and the 

lowest in 2012ï2018 (9.81 Õg/mį and 10.69 ppb, respectively). Conversely, O3 levels remained 

relatively stable, with minor fluctuations, averaging between 37.25 and 38.66 ppb across the entire 

period. Air toxics averages in CA varied: benzene levels decreased notably over time, declining 

from 1.1110 Õg/mį in 1990ï1997 to 0.5104 Õg/mį in 2012ï2018. Among the air toxic metals, 

nickel decreased from 0.0019 Õg/mį in 1990ï1997 to 0.0011 Õg/mį in 2012ï2018, while zinc 

increased from 0.0008 Õg/mį in 1990ï1997 to 0.0038 Õg/mį in 2012ï2018. Chromium levels 

remained constant across the four time-periods. 

Overall, high correlations were observed between several pollutants averaged across 

pregnancy particularly benzene with PM2.5 (r = 0.78) and NO2 (r = 0.78), as well as nickel with 

benzene (r = 0.83) and PM2.5 (r = 0.62; Table S1). Negative correlations were seen between zinc 

and benzene (r = -0.82), nickel (r = -0.88), and PM2.5 (r = -0.62). Across time periods, the 

correlation between PM2.5 and NO2 decreased steadily, from r = 0.57 in 1990ï1997 to r = 0.43 in 

2012ï2018, potentially indicating a reduction in the contribution of traffic-exhaust-related sources 

to PM2.5 mass. Benzene remained consistently correlated with NO2 across the four periods. 

4.2.4.3 Criteria Air Pollution and Autism Spectrum Disorder 

Table 3 presents associations between an interquartile range (IQR) increase in PM2.5, NO2, 

and O3 and ASD risk across four time periods between 1990ï2018. For PM2.5, single-pollutant 

models showed the strongest positive association with ASD in 1990ï1997 (OR: 1.19; 95% CI: 

1.15, 1.23), which decreased over time (2012ï2018 OR: 1.06; 95% CI: 1.04, 1.08). The overall 
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effect estimates across all time periods, calculated using a random effects meta-analysis, was OR: 

1.10 (95% CI: 1.04, 1.16). In adjusted models, controlling for NO2 moved the PM2.5 effect estimate 

towards the null except for the 2012ï2018 period, but adjusting for O3 did not change PM2.5 effect 

estimates in the mutually adjusted model. For NO2, again single-pollutant models provided the 

strongest positive associations for the 1990ï1997 period (OR: 1.37; 95% CI: 1.34, 1.41), and a 

gradual decline was observed across subsequent time periods, to an OR 1.15 (95% CI: 1.12, 1.18) 

for 2012ï2018. The overall effect estimate across all time periods was OR: 1.25 (95% CI: 1.16, 

1.35). Results did not change with further co-adjustment for PM2.5 or O3. For O3, associations were 

generally null or slightly negative in single-pollutant models across all time periods; however, 

adjusting for NO2 resulted in modest positive associations for earlier periods (OR: 1.05; 95% CI: 

1.02, 1.07 in 1990ï1997). Measures of heterogeneity across time periods (I2) indicated substantial 

variability in effect estimates for PM2.5 (96.0%), NO2 (97.8%), and O3 (77.9%). 

For PM2.5, the overall single-pollutant associations with ASD risk were similar across 

racial/ethnic groups: White (OR: 1.09; 95% CI: 1.04, 1.14), Hispanic (OR: 1.12; 95% CI: 1.05, 

1.20), Black (OR: 1.10; 95% CI: 1.00, 1.21), and API (OR: 1.08; 95% CI: 0.98, 1.18) (Table S2). 

Notable differences in PM2.5 associations emerged across time periods. In 1990ï1997, we 

estimated the strongest effect for Black children, followed closely by Hispanic, API, and White 

children. By 2012ï2018, effect estimates were lower in all racial/ethnic groups, with Black 

children still having the highest OR closely followed by White children, while the association for 

Hispanic children was weaker, and null for API children. For NO2, the overall association with 

ASD risk was strongest for Hispanic children (OR: 1.35; 95% CI: 1.23, 1.47), while the effect 

estimates were similar for White (OR: 1.22; 95% CI: 1.15, 1.30), Black (OR: 1.21; 95% CI: 1.10, 

1.33), and API children (OR: 1.19; 95% CI: 1.08, 1.31). Across time periods, we observed a 
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general decline in effect estimates for all ethnic/race groups, with the exception of White children, 

for whom we saw a slight increase in 2012ï2018. For API children, whose effect estimate size 

was similar to other groups in the 1990ï1997 period, we estimated the lowest effects in 2012ï

2018. For O3, White (OR: 1.03; 95% CI: 1.02, 1.05) and API children (OR: 1.04; 95% CI: 1.00, 

1.07) we estimated a small increase in risk of ASD overall, while we saw little (and negative) or 

no associations in Hispanic (OR: 0.96; 95% CI: 0.94, 0.99) and Black children (OR: 0.97; 95% 

CI: 0.95, 1.00) . 

The overall single-pollutant associations of prenatal PM2.5 and ASD risk increased with 

neighborhood socioeconomic status. High  area-level SES neighborhoods showed the strongest 

association (OR: 1.24; 95% CI: 1.11, 1.39), followed by middle-high (OR: 1.14; 95% CI: 1.08, 

1.21), middle (OR: 1.11; 95% CI: 1.08, 1.14), low-middle (OR: 1.08; 95% CI: 1.03, 1.13), and 

low area-level SES neighborhoods (OR: 1.01; 95% CI: 0.98, 1.03) (Table S4). Across time periods, 

there was a general decline in PM2.5 effect estimate size in all groups, although differences in the 

magnitude of associations by area-level SES remained. The overall single-pollutant associations 

of prenatal NO2 with ASD risk were U-shaped with the strongest effect estimates in low  area-

level SES neighborhoods (OR: 1.36; 95% CI: 1.26, 1.47), followed by high (OR: 1.34; 95% CI: 

1.24, 1.45), middle-high (OR: 1.24; 95% CI: 1.17, 1.32), low-middle (OR: 1.23; 95% CI: 1.14, 

1.34), and middle area-level SES neighborhoods (OR: 1.19; 95% CI: 1.10, 1.30). As with PM2.5, 

there was a general decline in the NO2-ASD effect estimates for all area-level SES groups across 

time, with the possible exception of high area-level SES, which remained somewhat consistently 

high. Finally, for O3, positive associations were only present in higher area-level SES groups, with 

high area-level SES neighborhoods showing the strongest association (OR: 1.16; 95% CI: 1.11, 

1.21) and a negative association in the low area-level SES group (OR: 0.92; 95% CI: 0.90, 0.94). 
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When stratified by region, the single-pollutant associations between prenatal PM2.5 

exposure and ASD risk revealed distinct patterns across CA (Table S6). Southern CA was the only 

region with an overall positive association (OR: 1.17; 95% CI: 1.02, 1.33), while in Central CA 

we estimated a negative association (OR: 0.85; 95% CI: 0.83, 0.88). In fact, only in Southern CA 

did we observe a declining risk over time, highlighting the impact of Southern CA on the analysis 

for all of CA. In contrast, for NO2, Central CA showed an exceedingly strong overall association 

(OR: 1.74; 95% CI: 1.58, 1.92), followed by Southern CA (OR: 1.21; 95% CI: 1.08, 1.35) and 

Coastal CA (OR: 1.18; 95% CI: 0.96, 1.44), while Northern CA showed a negative association 

(OR: 0.86; 95% CI: 0.81, 0.91). While Southern CA NO2-ASD estimated effect sizes declined over 

time, neither Central nor Coastal CA followed this pattern, with Central CA, in particular, showing 

an increasing risk over time. Coastal CA had the strongest overall O3 association (OR: 1.15; 95% 

CI: 1.12, 1.18), followed by Northern CA (OR: 1.06; 95% CI: 1.02, 1.09), with none to slightly 

negative associations seen for Central and Southern CA, respectively. 

4.2.4.4 Air Toxics and Autism Spectrum Disorder 

Benzene showed the strongest overall association (OR: 1.55; 95% CI: 1.51, 1.59), with 

consistently high effect estimates across all time periods, ranging from OR: 1.50 (95% CI: 1.44, 

1.57) in 1990ï1997 to OR: 1.59 (95% CI: 1.52, 1.67) in 2012ï2018 (Table 4). Nickel estimated 

effect sizes followed, with an overall OR of 1.33 (95% CI: 1.21, 1.45) and the strongest association 

in 1990ï1997 (OR: 1.47; 95% CI: 1.35, 1.61). Zinc showed an overall association of OR: 1.19 

(95% CI: 1.07, 1.32), with a general decline in effect estimates over time. 1,3-butadiene showed a 

modest overall association (OR: 1.08; 95% CI: 0.99, 1.19), with the strongest effect observed in 

1990ï1997 (OR: 1.25; 95% CI: 1.19, 1.31), but a sharp drop after this period with an OR of 1.02 

(95%CI: 1.01, 1.03) by 2012-2018. Chromium and lead had more modest and consistent 



 мфо 

associations, with overall effect estimates of OR: 1.11 (95% CI: 1.07, 1.14) for chromium and 1.06 

(95% CI: 1.04, 1.08) for lead. Measures of heterogeneity (I2) indicate substantial variability in 

effect estimates for 1,3-butadiene (98.9%), chromium (95.7%), and zinc (89.6%), while benzene 

(39.7%) showed lower heterogeneity, reflecting more stable associations across all periods. 

When stratified by race/ethnicity, the associations between air toxics and ASD risk revealed 

notable differences across groups (Table S3). For 1,3-butadiene, the overall associations were 

similar among White (OR: 1.08; 95% CI: 0.98, 1.19), Hispanic (OR: 1.09; 95% CI: 1.01, 1.17), 

and API children (OR: 1.06; 95% CI: 0.99, 1.15), while the association was null for Black children 

(OR: 1.01; 95% CI: 0.96, 1.07). For benzene, Hispanic children showed the strongest overall 

association (OR: 1.91; 95% CI: 1.78, 2.04), followed by similar associations for Black (OR: 1.53; 

95% CI: 1.35, 1.73) and API children (OR: 1.53; 95% CI: 1.37, 1.72), with the lowest association 

observed in White children (OR: 1.36; 95% CI: 1.31, 1.41). Across periods, results were consistent 

with differences likely reflecting random error. In the case of Nickel, White and Hispanic children 

showed similar overall associations (OR: 1.42; 95% CI: 1.33, 1.51 for White and OR: 1.37; 95% 

CI: 1.22, 1.56 for Hispanic), followed by slightly smaller associations for Black children (OR: 

1.30; 95% CI: 1.09, 1.56), and weakly positive but imprecisely estimated associations for API 

children (OR: 1.07; 95% CI: 0.73, 1.57). In Hispanic children associations declined over time, 

while we observed more stable effect estimates for White children across periods. API children 

displayed a distinct pattern, with a very high association in 1990ï1997 (OR: 1.96; 95% CI: 1.46, 

2.64), followed by negative or null associations in all subsequent periods. The associations for lead 

and chromium were generally lower across all racial/ethnic groups and similar to the overall effect 

estimate for lead, with less pronounced differences and less obvious temporal patterns compared 

to other air toxics. Finally, for Zinc, Hispanic children had the highest overall association (OR: 
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1.45; 95% CI: 1.14, 1.84), followed by Black children (OR: 1.26; 95% CI: 1.11, 1.42) and White 

children (OR: 1.10; 95% CI: 1.04, 1.17), while API children again showing a null association (OR: 

0.93; 95% CI: 0.78, 1.10). 

When stratifying by  area-level SES, the strongest association for any air toxics overall was 

observed for benzene: high area-level SES neighborhoods (OR: 2.07; 95% CI: 1.56, 2.74), low 

SES neighborhoods (OR: 1.81; 95% CI: 1.64, 1.99), middle-high area-level SES (OR: 1.61; 95% 

CI: 1.41, 1.83) and then similar size associations for low-middle area-level SES (OR: 1.44; 95% 

CI: 1.38, 1.50) and middle SES neighborhoods (OR: 1.41; 95% CI: 1.35, 1.48) (Table S5). While 

this pattern was similar across time periods, it was most pronounced in the 2012-2018 period. For 

nickel, associations were generally highest in low-middle and middle area-level SES groups (OR: 

1.42; 95% CI: 1.30, 1.54 and OR: 1.45; 95% CI: 1.32, 1.59, respectively) and much less strong in 

high area-level SES neighborhoods (OR: 1.13; 95% CI: 0.91, 1.40). In the case of chromium, 

associations were highest in low SES neighborhoods overall (OR: 1.20; 95% CI: 1.12, 1.28), with 

a general decline in risk estimates as area-level SES increased (High area-level SES OR: 0.99; 95% 

CI: 0.93, 1.05). Similarly, the strongest associations overall for zinc were observed in the low (OR: 

1.34; 95% CI: 1.26, 1.42) and low-middle area-level SES groups (OR: 1.66; 95% CI: 1.03, 2.67), 

a pattern that remained consistent across time. Conversely, lead showed the strongest overall 

associations in high area-level SES neighborhoods (OR: 1.25; 95% CI: 1.13, 1.38), with 

progressively weaker associations observed in lower area-level SES groups, including near-null 

estimates in low-middle (OR: 1.01; 95% CI: 0.98, 1.04) and low area-level SES neighborhoods 

(OR: 1.04; 95% CI: 1.01, 1.06). 

In Southern CA, we estimated the strongest effects for all air toxics overall. For benzene, 

there was a strong overall association (OR: 1.69; 95% CI: 1.57, 1.82) that was particularly strong 
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in 1990ï1997 and 1998ï2004 (Table S7). In contrast to this decline in effect size over time, 

Coastal CA and Central CA experienced a spike in 2012ï2018 with ORs of 3.00 (95% CI: 2.17, 

4.16) and 1.40 (95% CI: 1.14, 1.71), respectively. For Nickel we estimated the highest overall 

effects in Southern CA (OR: 1.56; 95% CI: 1.38, 1.77) followed by Northern CA (OR: 1.31; 95% 

CI: 1.10, 1.55). However, the trends over time differed between the two regions. In Northern CA, 

the effect increased steadily, reaching its peak in 2012ï2018 (OR: 1.51; 95% CI: 1.29, 1.77). In 

contrast, Southern CA exhibited a declining trend, with the highest estimate observed in 1990ï

1997 (OR: 1.65; 95% CI: 1.45, 1.88), followed by smaller size estimates in subsequent periods. 

For chromium we saw positive associations in both Southern and Central CA, while zinc-ASD 

effect estimates were elevated exclusively in Southern CA and negatively in Coastal CA. 

4.2.4.5 Sensitivity Analysis 

 We observed similar results across the three trimesters (T1, T2, and T3) for PM2.5, NO2, and 

O3, with effect estimates remaining consistent for each pollutant and across time (Table S8). 

Additionally, the postnatal exposure period yielded results comparable to those from the prenatal 

period. In the models that co-adjusted for both the prenatal and postnatal periods, postnatal PM2.5 

and NO2 emerged as the sensitivity window with increased risk, while the prenatal remained 

largely null or negative (Table S9). For O3, we observed the reverse pattern.  

4.2.5 Discussion 

We found substantial differences in associations between prenatal criteria and traffic-

related air toxic pollution exposures and ASD risk for different pollutants and co-pollutant models, 

across several time periods, and for different neighborhood socioeconomic and racial/ethnic 

groups, as well as regions within California (CA), likely reflecting the complex interplay of 
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pollutant sources, population vulnerabilities, and temporal trends in both air pollution and ASD 

rates. 

Our overall study period effect estimate for single-pollutant prenatal PM2.5 and ASD is 

generally consistent with the prior literature with two recent meta-analyses reporting ORs of 1.08 

(95% CI: 1.07, 1.09; per 10 ug/m3 increase)6 and 1.05 (95% CI: 1.03, 1.07; per 5ug/m3 increase)7 

compared to our OR of 1.10 (95% CI: 1.04, 1.16; per IQR of 3.5 ug/m3). A possible explanation 

for our estimate being somewhat stronger is that we examined the impact of prenatal PM2.5 on 

ASD as far back as 1990 when PM2.5 levels were much higher. For example, when we restricted 

analyses to the 2012-2018 period, the OR was 1.06 (95% CI: 1.04, 1.08 per IQR of 3.5 ug/m3), 

which is more similar to the studies from the referenced meta-analyses. We found that the single-

pollutant associations between prenatal PM2.5 and NO2 exposure and ASD risk became generally 

smaller over time in CA possibly reflecting the observed reductions in ambient levels over time.10 

Clearly, NO2 was the criteria air pollutant with the strongest associations with ASD in our study. 

The literature on prenatal NO2 exposure and ASD risk is mixed, with some studies reporting even 

larger effect estimates than ours,35 while others observed smaller effects36 or found no 

association.6,37 These discrepancies may stem from key methodological and contextual differences, 

including variations in exposure assessment periods, modeling approaches (LUR, CALINE, etc.), 

and study populations, ranging from localized analyses restricted to Los Angeles to statewide 

analyses across CA, or meta-analytic evaluations of studies conducted worldwide. Additionally, 

when PM2.5 and NO2 were mutually adjusted, prenatal PM2.5 effect estimates attenuated, becoming 

null or even negative, while NO2 effect estimates remained consistent, potentially suggesting that 

traffic-related components of air pollution that are better captured by NO2 models, at least in earlier 

years when we also had to use different modeling approaches for PM2.5 exposure as routine 
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monitoring of fine particulate matter did not become available until 1998. We previously reported 

that prenatal PM2.5 effect estimate in Los Angeles County attenuated with adjustment for NO2.
36 

Finally, in single-pollutant models that mutually adjusted for both the prenatal and postnatal 

periods, the postnatal window emerged as the most important sensitivity period for both PM2.5 and 

NO2, which in the case of NO2 has been observed in several setting now, including Denmark and 

Israel.40,41 For O3, the opposite was true with the prenatal period and not the postnatal period 

having a small increased risk of ASD; however, this is likely due to the reverse pattern that is seen 

with NO2 due to their sources and the atmospheric chemistry involved in forming O3. These 

findings suggest that the postnatal period may represent a particularly sensitive window for traffic-

related air pollutants, with observed prenatal effects potentially reflecting the correlation between 

prenatal and postnatal exposures. For the air toxics, however, we were unable to examine mutually 

adjusted prenatal and postnatal models due to the availability of only annual exposure surfaces.  

The impact of traffic emissions on ASD risk seems to be further underscored by the traffic-

related air toxics effect estimates that persisted over our observation period. Air toxics most 

correlated with traffic and roadways, such as benzene, nickel, chromium, and lead, showed 

consistently elevated risks for ASD across time periods despite the observed reductions in NO2 

levels and the reduction in association strength with ASD for NO2. While the literature is limited, 

studies that investigated specific sources and components of PM2.5, particularly related to traffic 

observed similar results. For example, researchers found an increased risk of ASD for those 

exposed to near-roadway air pollution, with differences emerging between freeway and non-

freeway portions,38 while other studies found that both tail-pipe and non-tailpipe traffic-related 

tracers increased ASD risk.39 All of these  studies were conducted in CA, where, as mentioned, 

PM2.5 and NO2 have been decreasing strongly over the past 3 decades. The persistence of relatively 
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strong associations between the air toxics we studied and ASD risk, combined with these prior 

studies, indicates that while efforts to reduce ambient criteria pollutants have been effective in 

lowering general exposure and risk attributed to these exposures, they may not adequately address 

the continued risks posed by traffic-related gases and metals. This underscores the need for source-

specific mitigation strategies targeting these components more strongly rather than ambient criteria 

pollutants in general, as vulnerable populations remain exposed to these localized and persistent 

hazards. 

We observed the strongest overall effects in Hispanic children for benzene, chromium, and 

lead, and the second-strongest for nickel, highlighting their disproportionate exposure and 

vulnerability to these traffic-related air toxics. For Hispanic children, we also observed the 

strongest overall effect estimates for zinc, closely followed by Black children, which may partially 

reflect the influence of tire wear and other traffic-related emissions. Although zinc exposure across 

the state likely includes contributions from non-traffic sources, such as forest-related emissions, 

the elevated risks observed among Hispanic and Black children may reflect and be specific for 

traffic-related exposures concentrated in high-traffic environments where these populations are 

disproportionately located. This interpretation is supported by the regional stratified analyses, 

which showed positive associations for zinc only in Southern CA, a region with few forested areas, 

higher traffic density, and a larger proportion of Hispanic and Black populations. This suggests 

that in specific urban regions, zinc acts as a marker of traffic-related exposure. 

Our  area-level SES-stratified results for air toxics revealed that children in low and low-

middle area-level SES neighborhoods consistently experienced the greatest risks for ASD with 

prenatal benzene, nickel, chromium, and zinc exposures across all periods, This also highlights the 

combined impact of socioeconomic disadvantage and environmental exposure as a critical area of 
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concern. However, those living in higher area-level SES neighborhoods and higher SES White and 

API populations also experienced adverse impacts. For example, benzene and lead exhibited the 

strongest risks for those living in high area-level SES, while nickel effect sizes were strongest in 

White children and for lead the second-strongest associations were seen in API children, 

suggesting that the effects of these pollutants extend beyond traditionally more vulnerable 

populations or reflect specific sources of emissions, including potential residential proximity to 

industrial zones or urban areas with mixed pollution sources. 

Our findings also revealed distinct regional and temporal trends in air pollution exposure 

and ASD risk. For example, while we did not see association for benzene with ASD in earlier 

period or overall in Central CA, there was a notable spike in the 2012ï2018 period. This temporal 

shift may reflect improvements in ASD diagnostic classification during the later period in this 

region. Specifically, we recently showed that ASD cumulative incidence in CA increased strongly 

between 1990 and 2018, with the San Joaquin Valley region of the Central Valley experiencing 

some of the greatest increases.3 This may suggest that underdiagnoses of highly exposed cases in 

the earlier periods may have contributed to a misclassification of the outcome that obscured 

associations prior to 2012. Similarly, the Coastal region, which encompasses the Bay Area, a 

region with a high proportion of Hispanic and Black populations, also experienced a spike in 

benzene-related risks during the 2012ï2018 period, despite declining impacts in earlier years. This 

pattern aligns with the demographic shifts observed in ASD trends, as both Hispanic and Black 

populations have experienced notable increases in ASD rates, particularly after 2012. This may 

again reflect the improvement in diagnosis and healthcare access in previously underserved 

communities with higher exposure. 
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This study has several notable strengths. A key strength is the nearly three-decade study 

period (1990ï2018), which represents the longest study period to date for investigating the 

relationship between air pollution exposure and ASD risk. The large sample size, encompassing 

all births in CA over this period, provides substantial statistical power and enhances the 

generalizability of the findings. Additionally, the study incorporated detailed covariate data, 

including maternal and neighborhood-level factors, allowing for comprehensive adjustment of 

potential confounders. Advanced exposure modeling using machine learning-enhanced LUR 

provided high-resolution estimates for exposures, while also capturing traffic-related air toxics 

such as benzene, nickel, and lead. This focus on specific traffic-related components allowed us to 

explore the contributions of special components beyond traditional traffic-exhaust markers like 

NO2. 

There are also limitations to consider. The reliance on ZIP-code level exposure estimates 

and back-casting techniques for the earliest time period (1990ï1997) may have introduced 

exposure misclassification. Our study allowed us to directly investigate this by assessing whether 

this period showed similar effect estimates and/or trends across time. With the exception of 1,3-

Butadiene, for which effect estimates were noticeably higher in the 1990-1997 than later periods, 

estimates did not seem to drastically differ from periods with full address data available. The 

availability of annual exposure estimates only for air toxics restricted our ability to assess specific 

developmental periods, such as trimesters or postnatal windows, which could provide further 

insights into critical windows of susceptibility. This limitation also likely results in non-differential 

exposure misclassification, diluting associations if critical periods of vulnerability are masked by 

averaging exposure across longer periods, thereby underestimating the true effects of air toxics 

during key developmental windows. However, it also makes our results more comparable to 
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previous studies that also relied mostly on the prenatal exposure period. Lastly, as this study was 

conducted in CA, the findings may not be generalizable to other regions with differing air pollution 

sources and sociodemographic contexts. For example, CA has high ASD rates and some of the 

highest traffic-related air pollution in the country. Despite these limitations, the study's strengths, 

including its long duration, large sample size, and focus on traffic-related pollution components, 

provide valuable insights into the complex relationship between air pollution and ASD risk. 

Future research should focus on refining exposure assessment methods to achieve finer 

temporal and spatial resolution for air toxics while also expanding the range of sources and 

components considered to capture other emissions contributors. These advancements would 

enable the investigation of specific developmental periods, such as trimesters or postnatal windows, 

that may represent critical windows of susceptibility to air pollution. Additionally, future studies 

should prioritize exploring the underlying mechanisms by which these pollutants impact 

neurodevelopment, potentially through biomarkers or metabolomic analyses. Such approaches 

could help identify biological pathways, such as oxidative stress, inflammation, or epigenetic 

modifications, providing deeper insights into how traffic-related and other air toxics contribute to 

ASD risk. These mechanistic studies could further inform targeted interventions and policies to 

mitigate adverse outcomes. 

4.2.6 Conclusion 

This study provides compelling evidence of an association between prenatal exposure to 

air pollution, particularly traffic-related air toxics, and the risk of ASD, while highlighting 

significant temporal and spatial variability. The declining size of the effect estimates for NO2 and 

PM2.5 with ASD over time align with reductions in ambient levels of these pollutants, suggesting 

a diminishing impact of these criteria pollutants on ASD. However, persistent associations with 
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traffic-related air toxics such as benzene, nickel, chromium, and lead underscore the continued 

importance of traffic as a source of ASD risk. Stratified analyses revealed disparities in risk across 

sociodemographic groups, regions, and neighborhood socioeconomic statuses. These findings 

suggest that while efforts to reduce ambient pollution have been effective, source-specific 

interventions targeting high-risk pollutants and vulnerable populations remain critical. 
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Tables 

 

Table 1. Characteristics of Study Population by Autism Spectrum Disorder Status (1990-2018) 

Demographics 
 

ASD: N (%) Non-ASD: N (%) 

 Total 135,232 13,213,446 

Sex Male 108,904 (80.5) 6,728,383 (50.9) 

 Female 26,328 (19.5) 6,485,063 (49.1) 

Race/Ethnicity White 39,970 (29.6) 4,131,051 (31.3) 

 Hispanic 66,177 (48.9) 6,569,634 (49.7) 

 Black 9,883 (7.3) 830,415 (6.3) 

 API 18,475 (13.7) 1,614,833 (12.2) 

 AIAN 634 (0.5) 58,809 (0.4) 

 Other 93 (0.1) 8,704 (0.1) 

Maternal Age <20 7,661 (5.7) 1,290,514 (9.8) 

 20-24 26,392 (19.5) 3,075,259 (23.3) 

 25-29 37,150 (27.5) 3,711,382 (28.1) 

 30-35 38,910 (28.8) 3,418,678 (25.9) 

 >35 25,119 (18.6) 1,717,613 (13.0) 

Maternal Education <= 8th grade 7,448 (5.5) 1,417,130 (10.7) 

 9th ï 12th 17,604 (13.0) 2,239,233 (16.9) 

 High School Grad 37,419 (27.7) 3,637,472 (27.5) 

 College (any) 58,462 (43.2) 4,603,330 (34.8) 

 Grad degree 12,089 (8.9) 1,130,878 (8.6) 

Nativity U.S. Born 80,743 (59.7) 7,453,599 (56.4) 

 Foreign Born 54,489 (40.3) 5,759,847 (43.6) 

Prenatal Care Payment None 551 (0.4) 88,726 (0.7) 

 Government 63,525 (47.0) 6,258,250 (47.4) 

 Private 67,632 (50.0) 6,324,870 (47.9) 

 Self-pay 2,002 (1.5) 431,334 (3.3) 

 Other 1,323 (1.0) 83,448 (0.6) 

Parity Nulliparous 61,042 (45.1) 5,263,349 (39.8) 

 Parous 74,190 (54.9) 7,950,097 (60.2) 

Birth Year 1990-1997 40,007 (29.6) 3,909,096 (30.4) 
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 1998-2004 32,419 (24.0 3,167,679 (23.9) 

 2005-2011 33,168 (24.5) 3,240,845 (23.9) 

 2012-2018 29,637 (21.9) 2,895,826 (21.8) 

Region Northern CA 16,324 (12.1) 1,595,028 (12.7) 

 Coastal CA 22,147 (16.4) 2,163,944 (16.0) 

 Central CA 16,229 (12.0) 1,585,701 (12.1) 

 Southern CA 80,532 (59.6) 7,868,772 (59.2 

Notes: ASD = autism spectrum disorder; API = Asian or Pacific Islander, AIAN = American Indian or Alaska 

Native 

 

 

Table 2. Mean Criteria and Air Toxic Pollutants Over Time in California (1990-2018) 

Pollutant Mean Exposure 

Criteria Overall 2012-2018 2005-2011 1998-2004 1990-1997 

PM2.5 (ug/m3) 11.90 9.81 11.26 12.45 13.53 

NO2 (ppb) 15.67 10.69 13.77 17.13 19.75 

O3 (ppb) 37.84 38.66 37.98 37.25 37.59 

Air Toxics           

1,3 Butadiene (ppb) 5.0050 4.9214 4.7377 5.5570 4.8413 

Benzene (ppb) 0.8121 0.5104 0.6473 0.8874 1.1110 

Chromium (ug/m3) 0.0039 0.0039 0.0039 0.0039 0.0040 

Lead (ug/m3) 0.0050 0.0045 0.0048 0.0051 0.0054 

Nickel (ug/m3) 0.0015 0.0011 0.0013 0.0016 0.0019 

Zinc (ug/m3) 0.0021 0.0038 0.0026 0.0017 0.0008 

Notes: PM2.5 = particulate matter with a diameter of Ò 2.5 micrometers; NO2 = nitrogen dioxide; O3 = 

Ozone; Overall = full study period: 1990-2018; ug/m3 = micrograms per meter cubed; ppb = parts per 

billion 
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Table 3. Associations Between an IQR Increase in Prenatal Criteria Air Pollutants and ASD Risk by Time Period (1990ï2018) 

 Time Period Single Pollutant Adj NO2 Adj O3 Adj PM2.5 

PM2.5 

1990-1997 1.19 (1.15, 1.23) 0.92 (0.88, 0.96) 1.19 (1.15, 1.23) - 

1998-2004 1.11 (1.09, 1.14) 0.91 (0.88, 0.94) 1.12 (1.09, 1.14) - 

2005-2011 1.05 (1.03, 1.07) 0.97 (0.95, 0.99) 1.05 (1.02, 1.07) - 

2012-2018 1.06 (1.04, 1.08) 1.02 (1.00, 1.04) 1.06 (1.04, 1.08) - 

Overall 1.10 (1.04, 1.16) 0.96 (0.91, 1.01) 1.10 (1.04, 1.17) - 

 I2 96.0% 93.3% 95.9% - 

 H2 25.1 14.8 24.4 - 

NO2 

1990-1997 1.37 (1.34, 1.41) - 1.39 (1.35, 1.43) 1.43 (1.38, 1.47) 

1998-2004 1.29 (1.26, 1.31) - 1.30 (1.27, 1.32) 1.35 (1.31, 1.38) 

2005-2011 1.22 (1.20, 1.24) - 1.24 (1.21, 1.26) 1.23 (1.21, 1.26) 

2012-2018 1.15 (1.12, 1.18) - 1.15 (1.12, 1.18) 1.14 (1.11, 1.17) 

Overall 1.25 (1.16, 1.35) - 1.27 (1.17, 1.37) 1.28 (1.16, 1.41) 

 I2 97.8% - 97.9% 98.3% 

 H2 45.4 - 46.8 57.8 

O3 

1990-1997 0.99 (0.97, 1.01) 1.05 (1.02, 1.07) - 0.98 (0.96, 1.00) 

1998-2004 0.99 (0.97, 1.00) 1.03 (1.01, 1.04) - 0.98 (0.97, 1.00) 

2005-2011 1.02 (1.00, 1.03) 1.05 (1.03, 1.06) - 1.01 (1.00, 1.03) 

2012-2018 0.99 (0.98, 1.00) 1.00 (0.99, 1.01) - 0.98 (0.97, 0.99) 

Overall 1.00 (0.98, 1.01) 1.03 (1.01, 1.05) - 0.99 (0.98, 1.01) 

 I2 77.9% 87.9% - 79.1% 

 H2 4.5 8.3 - 4.8 

Notes: Overall estimates calculated using a random effects meta analyses; IQRs = PM2.5: 3.53 ug/m3; NO2: 10.23 ppb; O3: 

3.55 ppb; all models adjusted for infant sex, parity, maternal age, nativity, race/ethnicity, education, payment of prenatal care, 

neighborhood socioeconomic status, and birth year; ADJ = additionally adjusted for X pollutant; IĮ: Represents the proportion 

of variability due to true heterogeneity across time periods, not random error; HĮ: Measures the extent to which the observed 

variability reflects true differences rather than being due to random error.  
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Table 4. Associations Between an IQR Increase in Prenatal Air Toxics and ASD Risk by Time Period (1990ï2018) 

Time 

Period 
1,3 Butadiene Benzene Chromium Lead Nickel Zinc 

1990-1997 1.25 (1.19, 1.31) 1.50 (1.44, 1.57) 1.07 (1.05, 1.08) 1.04 (1.03, 1.05) 1.47 (1.35, 1.61) 1.30 (1.07, 1.57) 

1998-2004 1.04 (1.02, 1.06) 1.53 (1.47, 1.59) 1.15 (1.13, 1.17) 1.09 (1.07, 1.11) 1.30 (1.19, 1.42) 1.34 (1.23, 1.46) 

2005-2011 1.05 (1.03, 1.07) 1.59 (1.52, 1.66) 1.10 (1.09, 1.12) 1.06 (1.04, 1.07) 1.37 (1.25, 1.49) 1.13 (1.08, 1.19) 

2012-2018 1.02 (1.01, 1.03) 1.59 (1.52, 1.67) 1.11 (1.10, 1.13) 1.06 (1.04, 1.07) 1.20 (1.12, 1.28) 1.08 (1.05, 1.12) 

Overall 1.08 (0.99, 1.19) 1.55 (1.51, 1.59) 1.11 (1.07, 1.14) 1.06 (1.04, 1.08) 1.33 (1.21, 1.45) 1.19 (1.07, 1.32) 

I2 98.9% 39.7% 95.7% 84.8% 78.5% 89.6% 

H2 90.0 1.7 23.5 6.6 4.7 9.6 

Notes: Overall (1990-2018) estimates calculated using a random effects meta analyses; IQRs =  1,3-Butadiene: 1.04 ppb; Benzene: 

0.44 ppb; Chromium: 0.0011 ug/m3; Iron: 0.0008 ug/m3; Nickel: 0.0005 ug/m3; Zinc: 0.0017 ug/m3; all models adjusted for infant 

sex, parity, maternal age, nativity, race/ethnicity, education, payment of prenatal care, neighborhood socioeconomic status, and birth 

year; Į: Represents the proportion of variability due to true heterogeneity across time periods, not random error; HĮ: Measures the 

extent to which the observed variability reflects true differences rather than being due to random error. 
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Supplementary Materials 

Table S1. Correlation Matrix of Criteria and Air Toxic Pollutants Overall and By Time Period (1990-2018) 

OVERALL (1990-2018)             

NO2 0.64               

O3 0.04 -0.22             

1,3-Butadiene 0.11 0.15 0.01           

Benzene 0.78 0.78 -0.08 0.15         

Chromium 0.21 0.38 -0.29 0.06 0.23       

Lead 0.62 0.55 0.04 0.14 0.65 0.41     

Nickel 0.62 0.56 -0.18 0.04 0.83 0.13 0.45   

Zinc -0.62 -0.51 0.12 -0.08 -0.82 -0.03 -0.45 -0.88 

  PM2.5 NO2 O3 1,3-Butadiene Benzene Chromium Lead Nickel 

2012-2018               

NO2 0.43               

O3 0.27 -0.12             

1,3-Butadiene 0.06 0.08 0.07           

Benzene 0.57 0.70 0.14 0.12         

Chromium 0.14 0.41 -0.31 0.02 0.31       

Lead 0.54 0.49 0.18 0.07 0.65 0.18     

Nickel 0.12 0.02 -0.08 -0.37 -0.13 0.14 0.04   

Zinc -0.35 -0.22 -0.06 -0.03 -0.50 -0.02 -0.30 0.15 

  PM2.5 NO2 O3 1,3-Butadiene Benzene Chromium Lead Nickel 

2005-2011               

NO2 0.40               

O3 0.19 -0.17             

1,3-Butadiene 0.17 0.24 0.06           

Benzene 0.59 0.73 0.06 0.35         

Chromium 0.18 0.43 -0.32 0.05 0.33       



 нмм 

Lead 0.52 0.46 0.15 0.16 0.64 0.26     

Nickel 0.30 0.37 -0.16 0.38 0.52 0.23 0.18   

Zinc -0.27 -0.17 -0.08 -0.27 -0.41 0.01 -0.27 -0.48 

  PM2.5 NO2 O3 1,3-Butadiene Benzene Chromium Lead Nickel 

1998-2004               

NO2 0.57               

O3 0.06 -0.20             

1,3-Butadiene 0.18 0.21 -0.05           

Benzene 0.74 0.74 0.02 0.35         

Chromium 0.28 0.45 -0.35 0.07 0.38       

Lead 0.66 0.53 0.07 0.23 0.75 0.26     

Nickel 0.30 0.29 -0.23 0.59 0.36 0.28 0.26   

Zinc -0.24 -0.11 0.03 -0.53 -0.33 -0.05 -0.32 -0.58 

  PM2.5 NO2 O3 1,3-Butadiene Benzene Chromium Lead Nickel 

1990-1997               

NO2 0.57               

O3 0.08 -0.20             

1,3-Butadiene 0.06 0.15 0.12           

Benzene 0.76 0.78 0.04 0.12         

Chromium 0.30 0.42 -0.26 0.13 0.37       

Lead 0.46 0.37 0.09 0.15 0.52 0.61     

Nickel 0.53 0.41 -0.17 -0.26 0.44 0.31 0.22   

Zinc -0.37 -0.17 0.01 0.42 -0.31 0.06 -0.04 -0.67 

  PM2.5 NO2 O3 1,3-Butadiene Benzene Chromium Lead Nickel 
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Stratified by Race 

  
  

Table S2. Associations Between Prenatal Criteria Air Pollutants and ASD Risk by Time Period Stratified By 

Race/Ethnicity (1990-2018)  

  Time Period White Hispanic Black API 

PM2.5 

1990-1997 1.17 (1.12, 1.22) 1.21 (1.14, 1.28) 1.29 (1.14, 1.46) 1.21 (1.09, 1.34) 

1998-2004 1.06 (1.03, 1.10) 1.18 (1.13, 1.22) 1.06 (0.96, 1.17) 1.13 (1.06, 1.21) 

2005-2011 1.05 (1.02, 1.09) 1.07 (1.04, 1.11) 1.01 (0.93, 1.10) 1.00 (0.94, 1.07) 

2012-2018 1.09 (1.05, 1.13) 1.05 (1.03, 1.08) 1.10 (1.02, 1.19) 1.00 (0.94, 1.06) 

Overall 1.09 (1.04, 1.14) 1.12 (1.05, 1.20) 1.10 (1.00, 1.21) 1.08 (0.98, 1.18) 

  I2 82.4% 92.6% 74.6% 85.0% 

  H2 5.7 13.6 3.9 6.7 

NO2 

1990-1997 1.33 (1.27, 1.38) 1.45 (1.38, 1.51) 1.40 (1.27, 1.54) 1.36 (1.27, 1.47) 

1998-2004 1.20 (1.16, 1.25) 1.44 (1.39, 1.48) 1.13 (1.04, 1.24) 1.20 (1.13, 1.26) 

2005-2011 1.14 (1.10, 1.19) 1.34 (1.30, 1.38) 1.17 (1.08, 1.27) 1.12 (1.06, 1.18) 

2012-2018 1.21 (1.15, 1.28) 1.19 (1.15, 1.22) 1.17 (1.06, 1.28) 1.09 (1.02, 1.16) 

Overall 1.22 (1.15, 1.30) 1.35 (1.23, 1.47) 1.21 (1.10, 1.33) 1.19 (1.08, 1.31) 

  I2 88.8% 96.9% 76.2% 89.7% 

  H2 8.9 32.1 4.2 9.8 

O3 

1990-1997 1.01 (0.98, 1.04) 0.96 (0.93, 0.99) 0.98 (0.91, 1.06) 0.99 (0.93, 1.06) 

1998-2004 1.04 (1.01, 1.07) 0.93 (0.91, 0.95) 0.98 (0.92, 1.03) 1.05 (1.00, 1.09) 

2005-2011 1.05 (1.02, 1.07) 0.99 (0.97, 1.00) 0.97 (0.93, 1.02) 1.08 (1.04, 1.13) 

2012-2018 1.02 (1.00, 1.05) 0.97 (0.96, 0.99) 0.97 (0.93, 1.01) 1.01 (0.98, 1.05) 

Overall 1.03 (1.02, 1.05) 0.96 (0.94, 0.99) 0.97 (0.95, 1.00) 1.04 (1.00, 1.07) 

  I2 20.4% 86.1% 0.00% 64.2% 

  H2 1.3 7.2 1 2.8 

Notes: Overall (1990-2018) estimates calculated using a random effects meta analyses; IQRs = PM2.5: 3.53 ug/m3; 

NO2: 10.23 ppb; O3: 3.55 ppb;  all models adjusted for infant sex, parity, maternal age, nativity, education, payment of 

prenatal care, neighborhood socioeconomic status, and birth year; IĮ: Represents the proportion of variability due to 

true heterogeneity across time periods, not random error; HĮ: Measures the extent to which the observed variability 

reflects true differences rather than being due to random error; API = Asian and Pacific Islander 
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Table S3. Associations Between Prenatal Air Toxics and ASD Risk by Time Period Stratified By Race/Ethnicity (1990-

2018)  

  Time Period White Hispanic Black API 

1,3-Butadiane 

1990-1997 1.26 (1.17, 1.36) 1.23 (1.14, 1.32) 1.23 (1.04, 1.45) 1.27 (1.12, 1.44) 

1998-2004 1.01 (0.98, 1.05) 1.09 (1.05, 1.13) 1.03 (0.94, 1.12) 1.02 (0.97, 1.08) 

2005-2011 1.06 (1.03, 1.10) 1.06 (1.03, 1.09) 0.96 (0.90, 1.03) 1.04 (0.99, 1.09) 

2012-2018 1.02 (1.00, 1.04) 1.02 (1.01, 1.03) 1.01 (0.97, 1.05) 1.03 (1.00, 1.05) 

Overall 1.08 (0.98, 1.19) 1.09 (1.01, 1.17) 1.01 (0.96, 1.07) 1.06 (0.99, 1.15) 

  I2 97.3% 95.2% 48.8% 89.0% 

  H2 36.5 20.7 2 9.1 

Benzene 

1990-1997 1.36 (1.28, 1.44) 1.81 (1.67, 1.95) 1.66 (1.44, 1.92) 1.45 (1.30, 1.62) 

1998-2004 1.35 (1.26, 1.44) 1.98 (1.85, 2.12) 1.31 (1.11, 1.53) 1.37 (1.23, 1.52) 

2005-2011 1.30 (1.20, 1.41) 2.06 (1.92, 2.21) 1.48 (1.23, 1.78) 1.60 (1.41, 1.82) 

2012-2018 1.46 (1.33, 1.61) 1.79 (1.67, 1.91) 1.72 (1.41, 2.11) 1.78 (1.56, 2.03) 

Overall 1.36 (1.31, 1.41) 1.91 (1.78, 2.04) 1.53 (1.35, 1.73) 1.53 (1.37, 1.72) 

  I2 0.0% 74.0% 53.7% 72.2% 

  H2 1 3.9 2.2 3.6 

Chromium 

1990-1997 1.05 (1.03, 1.07) 1.10 (1.08, 1.12) 1.08 (1.04, 1.13) 1.01 (0.97, 1.05) 

1998-2004 1.11 (1.08, 1.14) 1.24 (1.21, 1.27) 1.10 (1.03, 1.18) 1.08 (1.03, 1.14) 

2005-2011 1.07 (1.05, 1.09) 1.18 (1.16, 1.20) 1.13 (1.07, 1.19) 0.98 (0.94, 1.02) 

2012-2018 1.08 (1.05, 1.10) 1.17 (1.15, 1.19) 1.17 (1.11, 1.22) 0.99 (0.95, 1.02) 

Overall 1.08 (1.05, 1.10) 1.17 (1.11, 1.23) 1.12 (1.08, 1.16) 1.01 (0.97, 1.05) 

  I2 76.0% 96.3% 48.7% 76.8% 

  H2 4.2 27.2 2 4.31 

Lead 

1990-1997 1.03 (1.01, 1.05) 1.06 (1.04, 1.09) 1.04 (0.99, 1.10) 1.01 (0.97, 1.05) 

1998-2004 1.05 (1.02, 1.08) 1.17 (1.14, 1.21) 1.05 (0.98, 1.14) 1.11 (1.05, 1.16) 

2005-2011 1.00 (0.97, 1.02) 1.14 (1.11, 1.16) 1.06 (0.99, 1.13) 1.11 (1.06, 1.16) 

2012-2018 1.01 (0.98, 1.03) 1.08 (1.06, 1.10) 1.07 (1.00, 1.14) 1.19 (1.14, 1.25) 

Overall 1.02 (1.00, 1.04) 1.11 (1.06, 1.16) 1.05 (1.02, 1.09) 1.10 (1.03, 1.18) 

  I2 70.1% 91.5% 0% 89.2% 

  H2 3.3 11.8 1 9.30 

Nickel 

1990-1997 1.43 (1.27, 1.61) 1.54 (1.29, 1.85) 1.44 (0.99, 2.08) 1.96 (1.46, 2.64) 

1998-2004 1.35 (1.19, 1.54) 1.44 (1.24, 1.68) 1.06 (0.73, 1.54) 0.94 (0.74, 1.21) 

2005-2011 1.51 (1.31, 1.74) 1.44 (1.26, 1.65) 1.69 (1.17, 2.44) 0.85 (0.66, 1.09) 

2012-2018 1.41 (1.24, 1.59) 1.18 (1.08, 1.29) 1.20 (0.93, 1.54) 0.87 (0.73, 1.04) 

Overall 1.42 (1,33, 1.51) 1.37 (1.22, 1.56) 1.30 (1.09, 1.56) 1.07 (0.73, 1.57) 

  I2 0.0% 70.7% 17.1% 90.3% 

  H2 1 3.4 1.2 10.4 
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Zinc 

1990-1997 1.13 (0.87, 1.46) 2.06 (1.42, 3.01) 0.97 (0.42, 2.22) 0.91 (0.48, 1.70) 

1998-2004 1.23 (1.09, 1.38) 1.71 (1.47, 2.00) 1.27 (0.85, 1.91) 1.21 (0.93, 1.59) 

2005-2011 1.08 (1.00, 1.16) 1.26 (1.16, 1.37) 1.24 (0.99, 1.55) 0.88 (0.75, 1.03) 

2012-2018 1.07 (1.01, 1.13) 1.16 (1.10, 1.22) 1.27 (1.09, 1.48) 0.84 (0.76, 0.94) 

Overall 1.10 (1.04, 1.17) 1.45 (1.14, 1.84) 1.26 (1.11, 1.42) 0.93 (0.78, 1.10) 

  I2 34.2% 94.9% 0% 61.2% 

  H2 1.5 19.7 1 2.58 

Notes: Overall (1990-2018) estimates calculated using a random effects meta analyses; IQRs = 1,3-Butadiene: 1.04 

ppb; Benzene: 0.44 ppb; Chromium: 0.0011 ug/m3; Iron: 0.0008 ug/m3; Nickel: 0.0005 ug/m3; Zinc: 0.0017 ug/m3; 

all models adjusted for infant sex, parity, maternal age, nativity, education, payment of prenatal care, neighborhood 

socioeconomic status, and birth year; IĮ: Represents the proportion of variability due to true heterogeneity across 

time periods, not random error; HĮ: Measures the extent to which the observed variability reflects true differences 

rather than being due to random error; API = Asian and Pacific Islander 
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Stratified by Area-Level Socioeconomic Status 

  

  

  

Table S4. Associations Between Prenatal Criteria Air Pollutants and ASD Risk by Time Period Stratified By Neighborhood 

Socioeconomic Status (1990-2018)  

  

Time 

Period 
Low SES Low-Middle Middle Middle-High High SES 

PM2.5 

1990-1997 1.04 (0.97, 1.12) 1.16 (1.08, 1.24) 1.14 (1.06, 1.22) 1.23 (1.15, 1.32) 1.45 (1.34, 1.57) 

1998-2004 1.04 (0.99, 1.09) 1.10 (1.05, 1.15) 1.10 (1.04, 1.15) 1.18 (1.11, 1.24) 1.24 (1.16, 1.33) 

2005-2011 0.99 (0.96, 1.03) 1.02 (0.98, 1.06) 1.11 (1.06, 1.16) 1.10 (1.05, 1.15) 1.10 (1.03, 1.18) 

2012-2018 0.99 (0.96, 1.02) 1.07 (1.03, 1.10) 1.11 (1.07, 1.16) 1.08 (1.03, 1.14) 1.19 (1.09, 1.30) 

Overall 1.01 (0.98, 1.03) 1.08 (1.03, 1.13) 1.11 (1.08, 1.14) 1.14 (1.08, 1.21) 1.24 (1.11, 1.39) 

  I2 9.7% 76.9% 0% 76.7% 88.9% 

  H2 1.1 4.3 1 4.3 9 

NO2 

1990-1997 1.41 (1.33, 1.50) 1.36 (1.29, 1.43) 1.32 (1.25, 1.40) 1.35 (1.28, 1.43) 1.47 (1.37, 1.57) 

1998-2004 1.43 (1.38, 1.49) 1.28 (1.23, 1.33) 1.24 (1.19, 1.29) 1.24 (1.18, 1.31) 1.25 (1.17, 1.32) 

2005-2011 1.39 (1.34, 1.44) 1.18 (1.13, 1.23) 1.14 (1.09, 1.19) 1.19 (1.13, 1.25) 1.28 (1.20, 1.37) 

2012-2018 1.21 (1.16, 1.27) 1.13 (1.08, 1.18) 1.08 (1.03, 1.14) 1.19 (1.11, 1.26) 1.39 (1.26, 1.52) 

Overall 1.36 (1.26, 1.47) 1.23 (1.14, 1.34) 1.19 (1.10, 1.30) 1.24 (1.17, 1.32) 1.34 (1.24, 1.45) 

  I2 91.7% 92.3% 91.7% 78.8% 78.6% 

  H2 12.0 12.9 12 4.7 4.7 

O3 

1990-1997 0.94 (0.90, 0.99) 0.98 (0.93, 1.02) 0.94 (0.89, 0.99) 1.01 (0.96, 1.06) 1.15 (1.08, 1.21) 

1998-2004 0.89 (0.86, 0.92) 0.98 (0.95, 1.01) 1.02 (0.99, 1.06) 1.05 (1.01, 1.09) 1.12 (1.06, 1.17) 

2005-2011 0.92 (0.90, 0.94) 1.04 (1.01, 1.06) 1.05 (1.02, 1.08) 1.09 (1.05, 1.13) 1.15 (1.10, 1.20) 

2012-2018 0.93 (0.91, 0.94) 0.99 (0.97, 1.01) 1.02 (0.99, 1.04) 1.04 (1.01, 1.07) 1.23 (1.18, 1.29) 

Overall 0.92 (0.90, 0.94) 1.00 (0.97, 1.03) 1.01 (0.97, 1.06) 1.05 (1.02, 1.08) 1.16 (1.11, 1.21) 

  I2 62.8% 73.2% 86.9% 61.9% 67% 

  H2 2.7 3.70 7.61 2.6 3.0 

Notes: Overall (1990-2018) estimates calculated using a random effects meta analyses; IQRs = PM2.5: 3.53 ug/m3; NO2: 10.23 ppb; 

O3: 3.55 ppb;  all models adjusted for infant sex, parity, maternal age, nativity, race/ethnicity, education, payment of prenatal care, 

and birth year; IĮ: Represents the proportion of variability due to true heterogeneity across time periods, not random error; HĮ: 

Measures the extent to which the observed variability reflects true differences rather than being due to random error; SES = 

Socioeconomic Status 
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Table S5. Associations Between Prenatal Air Toxics and ASD Risk by Time Period Stratified By Neighborhood Socioeconomic 

Status (1990-2018) 

  Time Period Low SES Low-Middle Middle Middle-High High SES 

1,3-Butadiene 

1990-1997 1.22 (1.10, 1.35) 1.25 (1.13, 1.38) 1.21 (1.09, 1.35) 1.20 (1.08, 1.33) 1.37 (1.23, 1.53) 

1998-2004 1.03 (0.98, 1.08) 1.05 (0.99, 1.10) 1.05 (1.00, 1.10) 1.05 (1.00, 1.09) 1.03 (0.98, 1.07) 

2005-2011 1.04 (0.99, 1.09) 0.99 (0.95, 1.04) 1.07 (1.02, 1.12) 1.08 (1.04, 1.13) 1.06 (1.02, 1.10) 

2012-2018 1.00 (0.98, 1.02) 1.02 (1.00, 1.04) 1.02 (1.00, 1.04) 1.04 (1.02, 1.06) 1.04 (1.01, 1.07) 

Overall 1.05 (0.98, 1.13) 1.06 (0.97, 1.16) 1.07 (1.01, 1.12) 1.07 (1.03, 1.11) 1.11 (0.98, 1.25) 

  I 2 90.5% 94.0% 81.6% 70% 96.9% 

  H2 10.5 16.6 5.4 3.34 32.1 

Benzene 

1990-1997 1.61 (1.45, 1.79) 1.50 (1.37, 1.64) 1.38 (1.26, 1.50) 1.39 (1.28, 1.51) 1.75 (1.59, 1.93) 

1998-2004 1.79 (1.63, 1.97) 1.48 (1.36, 1.61) 1.42 (1.30, 1.54) 1.51 (1.38, 1.66) 1.68 (1.51, 1.86) 

2005-2011 2.07 (1.88, 2.28) 1.36 (1.25, 1.49) 1.43 (1.30, 1.58) 1.78 (1.59, 2.00) 2.01 (1.75, 2.32) 

2012-2018 1.78 (1.62, 1.95) 1.42 (1.30, 1.55) 1.45 (1.30, 1.61) 1.82 (1.61, 2.07) 3.18 (2.66, 3.79) 

Overall 1.81 (1.64, 1.99) 1.44 (1.38, 1.50) 1.41 (1.35, 1.48) 1.61 (1.41, 1.83) 2.07 (1.56, 2.74) 

  I 2 76.0% 0% 0% 84.2% 95.2% 

  H2 4.2 1 1 6.3 20.7 

Chromium 

1990-1997 1.08 (1.05, 1.10) 1.09 (1.06, 1.11) 1.08 (1.05, 1.11) 1.04 (1.02, 1.07) 1.03 (1.01, 1.06) 

1998-2004 1.25 (1.22, 1.29) 1.21 (1.17, 1.25) 1.11 (1.07, 1.15) 1.09 (1.04, 1.13) 1.04 (0.99, 1.09) 

2005-2011 1.23 (1.21, 1.26) 1.12 (1.10, 1.15) 1.06 (1.03, 1.09) 1.04 (1.01, 1.07) 0.97 (0.93, 1.01) 

2012-2018 1.23 (1.20, 1.25) 1.14 (1.11, 1.17) 1.09 (1.07, 1.12) 1.01 (0.98, 1.04) 0.92 (0.88, 0.95) 

Overall 1.20 (1.12, 1.28) 1.14 (1.09, 1.18) 1.08 (1.07, 1.10) 1.04 (1.01, 1.07) 0.99 (0.93, 1.05) 

  I 2 97.0% 89.9% 15.5% 68.6% 89.4% 

  H2 33.4 9.9 1.2 3.2 9.5 
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Lead 

1990-1997 1.02 (0.99, 1.06) 1.01 (0.98, 1.05) 1.00 (0.97, 1.04) 1.04 (1.01, 1.07) 1.10 (1.07, 1.13) 

1998-2004 1.06 (1.02, 1.11) 1.06 (1.02, 1.10) 1.03 (0.99, 1.07) 1.13 (1.08, 1.18) 1.25 (1.20, 1.31) 

2005-2011 1.06 (1.03, 1.10) 0.98 (0.95, 1.01) 1.05 (1.01, 1.08) 1.11 (1.07, 1.15) 1.27 (1.21, 1.33) 

2012-2018 1.01 (0.98, 1.04) 1.00 (0.97, 1.02) 1.05 (1.02, 1.09) 1.16 (1.11, 1.21) 1.41 (1.33, 1.48) 

Overall 1.04 (1.01, 1.06) 1.01 (0.98, 1.04) 1.03 (1.01, 1.05) 1.11 (1.06, 1.16) 1.25 (1.13, 1.38) 

  I 2 50.6% 75.2% 30.5% 84.2% 95.5% 

  H2 2 4 1.4 6.30 22.1 

Nickel 

1990-1997 1.43 (1.11, 1.83) 1.54 (1.25, 1.89) 1.65 (1.36, 2.01) 1.37 (1.14, 1.65) 1.43 (1.19, 1.74) 

1998-2004 1.22 (1.00, 1.49) 1.57 (1.29, 1.91) 1.28 (1.07, 1.54) 1.36 (1.12, 1.66) 1.09 (0.89, 1.33) 

2005-2011 1.37 (1.14, 1.64) 1.38 (1.15, 1.65) 1.52 (1.25, 1.83) 1.32 (1.07, 1.62) 1.20 (0.95, 1.52) 

2012-2018 1.18 (1.05, 1.33) 1.33 (1.17, 1.52) 1.41 (1.22, 1.62) 0.95 (0.81, 1.11) 0.86 (0.69, 1.06) 

Overall 1.26 (1.15, 1.38) 1.42 (1.30, 1.54) 1.45 (1.32, 1.59) 1.23 (1.02, 1.47) 1.13 (0.91, 1.4) 

  I 2 9.7% 0% 12.7% 74.2% 75.5% 

  H2 1.1 1 1.2 3.9 4.1 

Zinc 

1990-1997 1.54 (0.90, 2.66) 3.59 (2.34, 5.49) 1.40 (0.93, 2.09) 1.08 (0.72, 1.62) 0.57 (0.38, 0.87) 

1998-2004 1.56 (1.27, 1.92) 1.64 (1.36, 1.98) 1.63 (1.38, 1.94) 1.31 (1.08, 1.60) 0.78 (0.63, 0.95) 

2005-2011 1.29 (1.15, 1.43) 1.36 (1.23, 1.51) 1.19 (1.07, 1.32) 0.98 (0.87, 1.10) 0.78 (0.67, 0.89) 

2012-2018 1.33 (1.24, 1.43) 1.07 (1.00, 1.15) 1.09 (1.01, 1.18) 1.00 (0.92, 1.09) 0.77 (0.69, 0.87) 

Overall 1.34 (1.26, 1.42) 1.66 (1.03, 2.67) 1.28 (1.06, 1.56) 1.06 (0.93, 1.22) 0.77 (0.71, 0.83) 

  I 2 0.0% 98.1%% 87.2% 67.3% 0.1% 

  H2 1 53.9 7.8 3.1 1 

Notes: Overall estimates calculated using a random effects meta analyses; IQRs = 1,3 Butadiene: 1.04 ppb; Benzene: 0.44 ppb; 

Chromium: 0.0011 ug/m3; Iron: 0.0008 ug/m3; Nickel: 0.0005 ug/m3; Zinc: 0.0017 ug/m3; all models adjusted for infant sex, 

parity, maternal age, nativity, race/ethnicity, education, payment of prenatal care,  and birth year; I²: Represents the proportion of 

variability due to true heterogeneity across time periods, not random error; H²: Measures the extent to which the observed 

variability reflects true differences rather than being due to random error. 
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Stratified by Region 

  

Table S6. Associations Between Prenatal Criteria Air Pollutants and ASD Risk by Time Period Stratified By Region 

(1990-2018)  

  Time Period Northern CA Coastal CA Central CA Southern CA 

PM2.5 

1990-1997 0.89 (0.82, 0.96) 1.15 (1.02, 1.29) 0.86 (0.77, 0.96) 1.40 (1.32, 1.47) 

1998-2004 0.99 (0.93, 1.05) 0.96 (0.87, 1.05) 0.85 (0.79, 0.92) 1.20 (1.15, 1.25) 

2005-2011 0.99 (0.95, 1.04) 0.88 (0.82, 0.95) 0.83 (0.78, 0.88) 1.10 (1.06, 1.14) 

2012-2018 1.00 (0.96, 1.04) 1.13 (1.04, 1.22) 0.88 (0.83, 0.92) 1.01 (0.98, 1.04) 

Overall 0.98 (0.93, 1.02) 1.02 (0.90, 1.15) 0.85 (0.83, 0.88) 1.17 (1.02, 1.33) 

  I2 61.8% 86.8% 7.4% 97.9% 

  H2 2.6 7.6 1.1 46.8 

NO2 

1990-1997 0.89 (0.77, 1.03) 1.20 (1.04, 1.38) 1.43 (1.09, 1.87) 1.36 (1.31, 1.41) 

1998-2004 0.86 (0.77, 0.97) 1.02 (0.90, 1.15) 1.67 (1.33, 2.11) 1.29 (1.25, 1.32) 

2005-2011 0.85 (0.77, 0.94) 1.01 (0.89, 1.14) 1.84 (1.54, 2.20) 1.18 (1.14, 1.21) 

2012-2018 0.85 (0.76, 0.94) 1.57 (1.37, 1.80) 1.82 (1.55, 2.13) 1.05 (1.01, 1.08) 

Overall 0.86 (0.81, 0.91) 1.18 (0.96, 1.44) 1.74 (1.58, 1.92) 1.21 (1.08, 1.35) 

  I2 0% 89.7% 0% 98.1% 

  H2 1 9.7 1 52 

O3 

1990-1997 1.00 (0.93, 1.06) 1.10 (1.03, 1.17) 1.02 (0.94, 1.11) 0.96 (0.93, 0.98) 

1998-2004 1.07 (1.02, 1.12) 1.15 (1.09, 1.21) 1.04 (0.99, 1.10) 0.95 (0.93, 0.97) 

2005-2011 1.09 (1.05, 1.13) 1.19 (1.14, 1.25) 0.99 (0.96, 1.04) 0.96 (0.95, 0.98) 

2012-2018 1.04 (1.01, 1.07) 1.14 (1.09, 1.19) 0.95 (0.92, 0.98) 0.93 (0.92, 0.94) 

Overall 1.06 (1.02, 1.09) 1.15 (1.12, 1.18) 1.00 (0.95, 1.04) 0.95 (0.93, 0.96) 

  I2 56% 21.3% 72.4% 69.3% 

  H2 2.3 1.3 3.6 3.3 

Notes: Overall estimates calculated using a random effects meta analyses; IQRs = PM2.5: 3.53 ug/m3; NO2: 10.23 ppb; 

O3: 3.55 ppb;  all models adjusted for infant sex, parity, maternal age, nativity, race/ethnicity, education, payment of 

prenatal care, neighborhood socioeconomic status, and birth year; IĮ: Represents the proportion of variability due to true 

heterogeneity across time periods, not random error; HĮ: Measures the extent to which the observed variability reflects 

true differences rather than being due to random error. 
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Table S7. Associations Between Prenatal Air Toxics and ASD Risk by Time Period Stratified By Neighborhood Socioeconomic 

Status (1990-2018) 

  Time Period Northern CA  Coastal CA Central CA Southern CA 

1,3-Butadiene 

1990-1997 0.90 (0.78, 1.03) 1.14 (1.00, 1.30) 0.88 (0.73, 1.05) 1.17 (1.11, 1.25) 

1998-2004 1.05 (0.99, 1.12) 0.97 (0.92, 1.01) 1.00 (0.91, 1.11) 1.02 (0.99, 1.05) 

2005-2011 1.08 (1.03, 1.13) 0.98 (0.94, 1.02) 0.87 (0.80, 0.94) 1.03 (1.01, 1.05) 

2012-2018 1.03 (1.01, 1.06) 1.01 (0.98, 1.04) 0.99 (0.97, 1.02) 1.01 (1.00, 1.02) 

Overall 1.04 (1.01, 1.07) 1.00 (9,97, 1.03) 0.94 (0.87, 1.02) 1.05 (0.99, 1.12) 

  I 2 35.8% 40.4% 71.3% 96.5% 

  H2 1.6 1.7 3.5 28.2 

Benzene 

1990-1997 0.84 (0.76, 0.93) 1.27 (1.02, 1.60) 0.86 (0.69, 1.08) 1.83 (1.70, 1.98) 

1998-2004 1.04 (0.94, 1.15) 1.14 (0.91, 1.42) 0.84 (0.68, 1.04) 1.76 (1.63, 1.89) 

2005-2011 0.96 (0.86, 1.06) 0.98 (0.76, 1.28) 0.94 (0.78, 1.15) 1.64 (1.52, 1.77) 

2012-2018 0.89 (0.80, 0.99) 3.00 (2.17, 4.16) 1.40 (1.14, 1.71) 1.54 (1.43, 1.66) 

Overall 0.93 (0.85, 1.02) 1.43 (0.88, 2.30) 0.99 (0.79, 1.25) 1.69 (1.57, 1.82) 

  I 2 69.2% 93.0% 79.9% 74.1% 

  H2 3.2 14.2 5 3.9 

Chromium 

1990-1997 1.00 (0.97, 1.03) 1.02 (0.98, 1.06) 1.01 (0.97, 1.05) 1.08 (1.06, 1.09) 

1998-2004 1.01 (0.97, 1.05) 0.99 (0.95, 1.03) 1.11 (1.05, 1.16) 1.23 (1.20, 1.25) 

2005-2011 1.02 (0.99, 1.05) 0.93 (0.90, 0.97) 1.14 (1.10, 1.18) 1.17 (1.15, 1.19) 

2012-2018 1.03 (1.00, 1.06) 0.97 (0.93, 1.01) 1.17 (1.14, 1.21) 1.19 (1.18, 1.21) 

Overall 1.01 (1.00, 1.03) 0.98 (0.94, 1.02) 1.11 (1.04, 1.18) 1.17 (1.10, 1.23) 

  I 2 0% 71.4% 90.9% 97.7% 

  H2 1 3.5 10.9 44 
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Lead 

1990-1997 0.94 (0.91, 0.98) 0.98 (0.93, 1.03) 1.03 (0.97, 1.09) 1.01 (0.99, 1.03) 

1998-2004 0.99 (0.95, 1.03) 0.97 (0.91, 1.03) 0.91 (0.84, 0.99) 1.06 (1.03, 1.10) 

2005-2011 0.97 (0.94, 1.00) 0.98 (0.93, 1.03) 0.81 (0.76, 0.86) 1.05 (1.02, 1.08) 

2012-2018 0.96 (0.93, 0.99) 1.07 (1.01, 1.13) 0.90 (0.86, 0.95) 1.03 (1.01, 1.06) 

Overall 0.97 (0.95, 0.98) 1.00 (0.95, 1.04) 0.91 (0.83, 1.00) 1.04 (1.02, 1.06) 

  I 2 12.3% 62% 89.2% 60.5% 

  H2 1.1 2.6 9.2 2.50 

Nickel 

1990-1997 1.03 (0.84, 1.27) 1.19 (0.98, 1.44) 1.20 (0.85, 1.69) 1.65 (1.45, 1.88) 

1998-2004 1.25 (1.02, 1.53) 0.85 (0.69, 1.04) 0.97 (0.71, 1.33) 1.62 (1.44, 1.82) 

2005-2011 1.46 (1.21, 1.77) 1.10 (0.87, 1.39) 0.89 (0.68, 1.16) 1.72 (1.53, 1.94) 

2012-2018 1.51 (1.29, 1.77) 1.13 (0.93, 1.38) 1.23 (1.04, 1.46) 1.31 (1.20, 1.43) 

Overall 1.31 (1.10, 1.55) 1.06 (0.91, 1.23) 1.08 (0.91, 1.28) 1.56 (1.38, 1.77) 

  I 2 69.6% 53.3% 40.9% 79.8% 

  H2 3.3 2.1 1.7 5 

Zinc 

1990-1997 0.87 (0.57, 1.33) 0.48 (0.28, 0.81) 0.78 (0.35, 1.72) 3.50 (2.64, 4.64) 

1998-2004 0.93 (0.78, 1.11) 0.71 (0.56, 0.89) 0.89 (0.64, 1.24) 2.23 (1.97, 2.54) 

2005-2011 0.97 (0.88, 1.07) 0.65 (0.55, 0.76) 1.15 (0.98, 1.36) 1.39 (1.29, 1.50) 

2012-2018 0.89 (0.83, 0.96) 0.74 (0.66, 0.83) 0.96 (0.86, 1.07) 1.31 (1.24, 1.38) 

Overall 0.92 (0.87, 0.98) 0.69 (0.63, 0.76) 1.00 (0.87, 1.16) 1.92 (1.24, 2.97) 

  I 2 13.8% 13.6% 40.60% 98.9% 

  H2 1.2 1.2 1.7 88 

Notes: Overall estimates calculated using a random effects meta analyses; IQRs = 1,3 Butadiene: 1.04 ppb; Benzene: 0.44 ppb; 

Chromium: 0.0011 ug/m3; Iron: 0.0008 ug/m3; Nickel: 0.0005 ug/m3; Zinc: 0.0017 ug/m3; all models adjusted for infant sex, parity, 

maternal age, nativity, race/ethnicity, education, payment of prenatal care, neighborhood socioeconomic status, and birth year; I²: 

Represents the proportion of variability due to true heterogeneity across time periods, not random error; H²: Measures the extent to 

which the observed variability reflects true differences rather than being due to random error. 
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Table S8. Associations Between Criteria Air Pollutants and ASD Risk by Time Period for Specific Sensitivity Windows (1990-2018)  

  Time Period T1 T2 T3 Prenatal Postnatal 

PM2.5 

1990-1997 1.10 (1.07, 1.13) 1.11 (1.09, 1.14) 1.15 (1.12, 1.19) 1.19 (1.15, 1.23) 1.22 (1.18, 1.26) 

1998-2004 1.09 (1.07, 1.11) 1.06 (1.04, 1.08) 1.07 (1.05, 1.09) 1.11 (1.09, 1.14) 1.13 (1.10, 1.15) 

2005-2011 1.03 (1.01, 1.04) 1.02 (1.01, 1.04) 1.04 (1.02, 1.06) 1.05 (1.03, 1.07) 1.07 (1.04, 1.09) 

2012-2018 1.04 (1.02, 1.05) 1.04 (1.02, 1.06) 1.03 (1.02, 1.04) 1.06 (1.04, 1.08) 1.07 (1.05, 1.09) 

Overall 1.06 (1.03, 1.10) 1.06 (1.02, 1.10) 1.07 (1.02, 1.13) 1.10 (1.04, 1.16) 1.12 (1.05, 1.19) 

  I 2 92.2% 93.3% 97% 96.0% 96.3% 

  H2 12.8 15 31.3 25.1 26.9 

NO2 

1990-1997 1.28 (1.25, 1.30) 1.25 (1.22, 1.28) 1.28 (1.25, 1.31) 1.37 (1.34, 1.41) 1.41 (1.37, 1.45) 

1998-2004 1.23 (1.21, 1.25) 1.19 (1.17, 1.21) 1.19 (1.17, 1.21) 1.29 (1.26, 1.31) 1.32 (1.29, 1.34) 

2005-2011 1.16 (1.15, 1.18) 1.14 (1.12, 1.16) 1.14 (1.12, 1.16) 1.22 (1.20, 1.24) 1.26 (1.24, 1.29) 

2012-2018 1.10 (1.08, 1.12) 1.08 (1.06, 1.10) 1.07 (1.05, 1.09) 1.15 (1.12, 1.18) 1.19 (1.16, 1.22) 

Overall 1.19 (1.11, 1.27) 1.16 (1.09, 1.24) 1.17 (1.08, 1.26) 1.25 (1.16, 1.35) 1.29 (1.20, 1.39) 

  I 2 98.1% 97.9% 98.5% 97.8% 97.3% 

  H2 52.2 46.6 65.6 45.4 36.6 

O3 

1990-1997 1.00 (0.99, 1.01) 1.01 (0.99, 1.02) 0.98 (0.97, 1.00) 0.99 (0.97, 1.01) 0.95 (0.93, 0.98) 

1998-2004 0.99 (0.98, 1.00) 1.00 (0.99, 1.01) 1.00 (0.99, 1.00) 0.99 (0.97, 1.00) 0.96 (0.95, 0.98) 

2005-2011 1.00 (0.99, 1.01) 1.01 (1.00, 1.02) 1.00 (1.00, 1.01) 1.02 (1.00, 1.03) 1.00 (0.99, 1.01) 

2012-2018 1.00 (0.99, 1.00) 1.00 (0.99, 1.00) 1.00 (0.99, 1.00) 0.99 (0.98, 1.00) 0.98 (0.97, 0.99) 

Overall 1.00 (0.99, 1.00) 1.00 (1.00, 1.01) 1.00 (0.99, 1.00) 1.00 (0.98, 1.01) 0.97 (0.96, 0.99) 

  I 2 0% 68.6% 73.5% 77.9% 81.9% 

  H2 1 3.2 3.8 4.5 5.5 

Notes: Overall estimates calculated using a random effects meta analyses; IQRs = PM2.5: 3.53 ug/m3; NO2: 10.23 ppb; O3: 3.55 ppb;  all models adjusted 

for infant sex, parity, maternal age, nativity, race/ethnicity, education, payment of prenatal care,  neighborhood socioeconomic status and birth year; I²: 

Represents the proportion of variability due to true heterogeneity across time periods, not random error; H²: Measures the extent to which the observed 

variability reflects true differences rather than being due to random error; T1-T3 = Trimester 1-3; Prenatal = full term pregnancy period; Postnatal = 1 

year post-pregnancy period.  
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Table S9. Associations Between Criteria Air Pollutants and ASD Risk by Time Period with Mutual Time 

Period Adjustment (1990-2018)  

  Time Period Prenatal Postnatal 

PM2.5 

1990-1997 0.91 (0.81, 1.02) 1.33 (1.18, 1.50) 

1998-2004 1.04 (0.99, 1.09) 1.09 (1.03, 1.15) 

2005-2011 1.00 (0.96, 1.03) 1.07 (1.03, 1.11) 

2012-2018 1.00 (0.97, 1.04) 1.06 (1.02, 1.10) 

Overall 1.00 (0.98, 1.03) 1.12 (1.02, 1.22) 

  I 2 0% 92.2% 

  H2 1 12.9 

NO2 

1990-1997 0.76 (0.67, 0.86) 1.86 (1.64, 2.12) 

1998-2004 0.86 (0.78, 0.94) 1.53 (1.39, 1.68) 

2005-2011 0.85 (0.78, 0.92) 1.50 (1.37, 1.63) 

2012-2018 0.93 (0.87, 1.00) 1.27 (1.18, 1.38) 

Overall 0.86 (0.79, 0.93) 1.52 (1.31, 1.76) 

  I 2 67.8% 90.1% 

  H2 3.1 10.1 

O3 

1990-1997 1.05 (1.01, 1.09) 0.91 (0.87, 0.95) 

1998-2004 1.04 (1.01, 1.07) 0.93 (0.90, 0.96) 

2005-2011 1.05 (1.03, 1.07) 0.95 (0.93, 0.98) 

2012-2018 1.01 (1.00, 1.03) 0.96 (0.94, 0.98) 

Overall 1.04 (1.02, 1.06) 0.94 (0.92, 0.97) 

  I 2 57.9% 61.8% 

  H2 2.4 2.60 

Notes: Overall estimates calculated using a random effects meta analyses; IQRs = PM2.5: 3.53 ug/m3; NO2: 

10.23 ppb; O3: 3.55 ppb;  all models adjusted for infant sex, parity, maternal age, nativity, race/ethnicity, 

education, payment of prenatalt care,  neighborhood socioeconomic status and birth year; I²: Represents the 

proportion of variability due to true heterogeneity across time periods, not random error; H²: Measures the 

extent to which the observed variability reflects true differences rather than being due to random error; 

Prenatal = full term pregnancy period; Postnatal = 1 year post-pregnancy period.  
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4.3 Parkinsonôs Disease (PD) 

4.3.1 Abstract 

Background: Air pollution is emerging as a risk factor for Parkinsonôs disease (PD), yet studies 

on air toxics ï specific components of particulate matter ¢  2.5 mm (PM2.5) and/or volatile organic 

compounds ï remain limited compared to criteria pollutants.  

 

Objectives: We assessed whether long-term exposure to modeled traffic-related air toxics (nickel, 

benzene, 1,3-butadiene) and industrial/urban-related air toxics (lead, chromium) was associated 

with PD risk and compared these findings with criteria pollutants (nitrogen dioxide [NO2], PM2.5). 

 

Methods: We used a population-based case-control study (770 PD cases,1,112 controls) in Central 

California. Land use regression models estimated concentrations of annual air toxics and daily 

criteria air pollutants based on participantsô lifetime residential and occupational histories (1989-

2019). 10-year average exposures were aggregated before PD diagnosis for cases and the interview 

date for controls. We used logistic regression to calculate odds ratios (ORs) and 95% confidence 

intervals (CIs), adjusting for demographics and pesticide exposure.  

 

Results: Traffic-related air toxics, especially nickel, as well as benzene and 1,3-butadiene, were 

strongly associated with PD risk. - Per interquartile range (IQR) increase in nickel was associated 

with an OR of 2.61 (95% CI: 2.10, 3.25) at residences and an OR of 3.87 (95% CI: 2.73, 5.57) at 

workplaces. Among industrial/urban-related pollutants, lead and chromium were associated with 

PD risk, particularly at workplaces. Positive associations for NO2, a traffic marker, and PM2.5, fine 
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particulates from multiple sources, reinforce that traffic and industrial pollution contribute to PD 

risk. Associations remained robust across co-pollutant models and alternate exposure periods. 

 

Conclusions: Our findings highlight the need to go beyond criteria pollutants and provide critical 

evidence that traffic- and industry-related air toxics contribute to PD risk. Future research should 

explore the biological mechanisms underlying these associations and develop interventions to 

reduce exposures, particularly in regions like Californiaôs Central Valley, where air pollution 

remains high. 
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4.3.2 Introduction 

The prevalence and incidence of Parkinsonôs disease (PD) are rising, particularly among 

aging populations,1 suggesting that environmental risk factors may play a crucial role. Air 

pollution is emerging as a risk factor of concern for the development of PD, but the impacts of air 

pollution on neurodegenerative disorders, including PD, are not yet included in the global burden 

of disease evaluations.2 Identifying modifiable risk factors is important, as current medical 

treatments are largely symptomatic and unable to modify PD progression. Epidemiological 

research on the effects of air pollution on PD is still in early stages,3-6 especially studies 

investigating the role of specific air toxic components of particulate matter ¢  2.5 mm (PM2.5) 

and/or volatile organic compounds (VOCs) in PD.7  

 We investigated whether long-term exposure to traffic-related (nickel, benzene, 1,3-

butadiene) and industrial/urban air toxics (lead, chromium) affects PD risk and also compared 

these associations with those for criteria pollutants (nitrogen dioxide [NO2], PM2.5) in a 

population-based case-control study in Central California. The Central Valley is one of the most 

polluted regions in the US due to its unique geography, which traps pollutants, combined with 

emissions from agriculture, industry, and traffic, further exacerbated by meteorological inversion 

conditions. A recent State of the Air 2024 report by the American Lung Association gave Fresno, 

Kern, and Tulare counties failing grades for unhealthy PM levels, with Fresno ranking among the 

most polluted cities in the US.8 Notably, air toxics were not considered in this report, despite their 

potential importance as toxins in their own right or as markers of toxic mixtures. Understanding 

the influence of air toxics on PD risk is necessary for identifying the components or mixture most 
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relevant for neurotoxicity and for providing new insights to inform public health interventions, 

particularly for vulnerable populations. 

4.3.3 Methods 

4.3.3.1 Study population 

The Parkinsonôs Environment and Genes (PEG) study is a population-based case-control 

study conducted in three counties of Central California: Fresno, Kern, and Tulare (for study design 

and recruitment details, see prior publications9,10). Participants were recruited in two waves (PEG1: 

2001-2007; PEG2: 2011-2017). PEG1 participants were recruited from multiple sources, including 

local neurologist offices, PD support groups, local media, and public radio. PEG2 participants 

were recruited as part of a population-based PD registry pilot program, in addition to the previously 

utilized sources listed above.  

Patients were eligible if they were early in their disease at enrollment (<5 years since 

diagnosis, on average 3 years), had their PD diagnosis confirmed by a UCLA study movement 

disorder specialist, resided in California for at least five years prior to diagnosis, had no other 

severe neurological or terminal health conditions, and agreed to participate in the study. Population 

controls were recruited using several strategies to ensure representativeness. In PEG1, controls 

were contacted through mailed letters to randomly selected residential units provided by tax 

assessors records and during the first year of study by Medicare, with enrollment completed via 

mail or phone. In PEG2, clusters of five neighboring households were randomly selected, and 

study staff visited these households to enroll one participant per household in person. Controls met 

the same eligibility criteria as patients except they did not have PD.  



 ннт 

This study included 770 PD patients and 1,112 controls who provided lifetime residential 

and occupational address histories, along with information about lifestyle and health conditions. 

Pesticide exposures were estimated using a geographic information system (GIS)-based model 

linking California Pesticide Use Reporting (PUR) records to participantsô geocoded home and 

work addresses.11,12 For each pesticide and participant, we calculated annual pounds applied per 

acre within a 500m buffer of each address, adjusting for the portion of acreage treated (lbs/are).13 

All participants provided informed consent, and the study was approved by the UCLA Institutional 

Review Board. 

4.3.3.2 Air pollution exposure assessment 

We used land use regression (LUR) models incorporating advanced machine learning 

techniques with a 100m spatial resolution to estimate annual concentrations of five air toxics 

(nickel, benzene, 1,3-butadiene, lead, and chromium) and daily concentrations of criteria air 

pollutants (NO2 and PM2.5).
14  These surfaces were then used to assign exposure levels based on 

the geocoded lifelong home and work addresses of participants from 1989-2019. Model 

performance (adjusted R2) is detailed in eTable S1. 

For five air toxics, annual concentration maps were developed using primary data sources 

including speciation data from the California Air Resources Board (CARB) and emission estimates 

from the California Toxics Inventory (CTI) under the Air Toxics ñHot Spotsò Program. Predictors 

included traffic data, land use/land cover characteristics, meteorological conditions, and satellite-

derived spectral bands (e.g., Sentinel). To reconstruct toxics levels in years without direct 

measurements, we incorporated long-term emissions trends and statistical methods. 
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For criteria pollutants, daily NO2 pollutant concentrations were estimated using fixed-site 

government-regulatory monitoring data, research-based saturation observations, and mobile 

measurements from Google Streetcar, while PM2.5 estimates relied on government monitoring 

stations and Google Streetcar data. The models incorporated predictors such as daily vehicle miles 

traveled, remote sensing data (aerosol optical depth [AOD] and NO2), biweekly vegetation indices 

from remote sensing, daily weather data, and land use/land cover features. A V-fold out-of-sample 

cross-validation technique was used to improve the modelsô generalizability and prevent 

overfitting. To extend the predictions back to 1989, missing predictors (e.g., traffic data, vegetation 

indices, AOD, satellite-based NO2) were reconstructed using regression models and statistical 

methods.  

To assess long-term air pollution exposure, we computed 10-year average exposure 

concentrations prior to PD diagnosis for patients and the interview year for controls. The exposure 

windows were similar in length and temporal coverage for patients and controls in each study 

wave. For PEG1, we adjusted the control interview year by offsetting it with the average PD 

duration at baseline (1.9 years), ensuring comparable exposure periods in length and timing. 

Consequently, the mean index year was 2001.9 (SD = 2.5 years) for PD patients and 2004.4 (SD 

= 1.5 years) for controls. For PEG2, we did not need any adjustment as the average index year was 

already the same for patients and controls. The mean index year was 2009.1 (SD = 3.1 years) for 

patients and 2009.2 (SD = 0.5 years) for controls. If yearly data were missing for ¢ 40% of the 10-

year period (4 patients and 3 controls), the missing values were imputed by averaging the 

concentrations from the previous and subsequent years. 

4.3.3.3 Statistical Analysis 
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Using unconditional logistic regression models, we generated effect estimates (odds ratios 

[ORs] and 95% confidence intervals [CIs]) separately for residential and occupational addresses. 

Air pollutant exposures were analyzed as continuous variables (per interquartile range (IQR); 

Table S2). Model 1 was adjusted for age (in years), sex, race (white vs. non-white), education level 

(in years), study wave (PEG1 vs. PEG2). Model 2 additionally adjusted for pesticide exposure, 

defined as the total count of all pesticides applied during the same exposure period as air pollution, 

either at the residential or occupational address.  

In sensitivity analyses, we investigated co-pollutant models to explore the impact of 

potential confounding or collinearity of multiple pollutants by including up to two pollutants. 

Additionally, we evaluated alternate exposure periods (including 1-year, 3-year, and 5-year 

exposure prior to PD diagnosis for patients and interview date for controls) to assess potential 

variability in the timing of exposure effects on PD risk.  

4.3.4 Results 

The mean age at diagnosis for PD patients was 68 years, while the controls had a mean age 

of 66 years at their index date (Table 1). A higher proportion of patients were male (64%) compared 

to controls (53%), and most participants were white (76% patients, 70% controls). Education 

levels were similar, with both groups averaging about 14 years of education. Pesticide exposure 

was higher among PD patients compared to controls. Among the air toxics, we found high 

correlations between LUR-modeled traffic-related air toxics, including nickel, benzene, and 1,3-

butadiene (r ² 0.71; Figure S1). Correlations between NO2 and traffic-related air toxics ranged 

from moderate to strong, including nickel (r = 0.72), benzene (r = 0.67), and 1,3-butadiene (r = 
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0.57), reflecting their shared traffic-related sources. Correlations between the remaining air 

pollutants were moderate.  

4.3.4.1 Traffic-related pollutants 

Air toxics modeled based on traffic emissions (Figure 1), including nickel, benzene, and 

1,3-butadiene, were strongly associated with elevated PD risk after adjusting for age, sex, race, 

education, study wave, and pesticide exposure (Table 2; Model 2). For residential location-based 

exposure, a per IQR increase in 10-year nickel exposure was associated with a more than 2.5-fold 

increase in the odds of PD (OR: 2.61; 95% CI: 2.10, 3.25). Similarly, a per IQR increase in benzene 

and 1,3-butadiene were associated with a more than 50% increase in odds (OR: 1.58; 95% CI: 

1.34, 1.86 and OR: 1.53; 95% CI: 1.29, 1.80, respectively). Occupational location-based exposure 

showed even stronger associations, with a per IQR increase in nickel exposure corresponding to 

nearly a 4-fold increase in the odds (OR: 3.87; 95% CI: 2.73, 5.57). For benzene and 1,3-butadiene 

exposure we estimated  ORs of 1.93 (95% CI: 1.50, 2.52) and 1.89 (95% CI: 1.50, 2.40), 

respectively.  

Unlike criteria pollutants, air toxics showed larger effect sizes, suggesting that specific 

toxic components may play a stronger role in PD risk. NO2, a standard marker of traffic-related 

exhaust pollution, was associated with a 40% increase in PD risk per IQR for residential location 

exposure averages (OR: 1.40; 95% CI: 1.23, 1.59) and a 64% increase in risk for occupational 

(OR: 1.64; 95% CI: 1.38, 1.95). PM2.5, which is partially attributed to traffic, showed smaller 

residential location-based effect estimates (OR: 1.09; 95% CI: 0.98, 1.20) but exhibited stronger 

effects in occupational settings (OR: 1.25; 95% CI: 1.07, 1.46). 
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 Two-pollutant models, conducted as part of the sensitivity analyses, showed that the effect 

estimates for nickel on PD remained largely unchanged compared to single-pollutant models 

(Figure 2-3), supporting its role as a strong traffic marker. The associations for PM2.5 decreased 

when we adjusted for other traffic-related pollutants, highlighting its interdependence with co-

pollutants. Shorter periods (1-year, 3-year, and 5-year averages) were also evaluated in addition to 

the 10-year average exposure period. Nickel demonstrated strong and consistent associations 

across periods, except for the 1-year averages (Figure S2-3). Benzene and 1,3-butadiene exhibited 

stronger associations during shorter 1-year or 3-year than longer exposure averages. NO2 

maintained stable associations with PD across all periods, while PM2.5 effect estimate sizes 

increased as exposure periods became longer. 

4.3.4.2 Industrial and urban-related pollutants 

Lead and chromium, markers of industrial emissions and urban development, also 

increased PD risk. For lead, before pesticide adjustment, a per IQR increase resulted in a 15% 

increase in PD risk at residences (OR: 1.15; 95% CI: 1.03, 1.30; Table 2; Model 1), but this effect 

diminished after pesticide exposure adjustment (OR: 1.06; 95% CI: 0.94, 1.20; Table2; Model 2). 

At workplaces, however, the association remained after pesticide adjustment, with a per IQR 

increase in lead linked to an 8% increase in PD risk (OR: 1.08; 95% CI: 0.99, 1.19). Chromium 

showed stronger associations with PD at workplaces as well (OR: 1.19; 95% CI: 1.05, 1.35) 

compared to residences (OR: 1.16; 95% CI: 1.00-1.35). Two-pollutant models reveled that lead 

and chromium exhibited weaker, less consistent associations in the presence of co-pollutants 

(Figure 2-3). When examining different exposure periods, lead and chromium exhibited consistent 

associations with PD across all averaging periods (Figure S2-3).  
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4.3.5 Discussion 

Our study provides further evidence that long-term exposure to air toxics and criteria 

pollutants is associated with an increased risk of PD. We found positive associations between 

traffic-related air toxics (e.g., nickel, benzene, and 1,3-butadiene) and PD in Central California, 

with nickel showing the strongest association, exceeding a 2.5-fold increase per IQR increase. 

Among industrial and urban-related air toxics, we observed moderate size associations between 

lead and chromium exposure and PD, mostly based on occupational addresses. While positive 

associations for NO2 and PM2.5 reinforce the role of traffic-related and industrial/urban pollution 

in PD, these criteria pollutants represent broad exposure mixtures rather than specific toxic 

components. NO2 marks traffic exhaust, including brake and tire wear pollution, and PM2.5  

includes particulate pollution from various sources and compositions. However, they do not 

distinguish individual components or their relative contributions to PD risk. In contrast, our air 

toxics findings help identify specific metals and VOCs that may be driving the association with 

PD. By focusing on air toxics, our study highlights the need to move beyond criteria pollutant 

measures to examine the impact of specific components that may be most relevant to PD risk.  

 The only other study to date that addressed the role of air toxics in PD, the Nursesô Health 

Study, investigated nickel, lead, and chromium exposures derived from a dispersion model,15 but 

found no evidence for associations with PD. These exposure estimates were generated solely for 

residential areas, with measurements taken in 1990, 1996, and 1999, i.e., shorter exposure periods 

on average that also overlapped with the early prodromal or symptomatic phase of PD in this 

cohort. In contrast, our LUR model covered a longer and potentially more relevant exposure 

window, spanning a decade prior to diagnosis and may better account for the long latency period 

of PD.  
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 Our findings, based on a new LUR model we developed for all of California, align with 

our previous results using the CALINE4 dispersion model for local traffic-related air pollution and 

the chemical transport model for PM2.5
 exposure, both of which showed positive associations with 

PD.5 The consistency of these results across different modeling approaches underscores the 

robustness of the link between air pollution from traffic and other sources and PD. Especially, the 

associations with PM2.5 highlight the contribution of particulate pollution from diverse sources, 

suggesting that various air pollution sources plays a role in PD risk. 

 Traffic-related air toxics, largely from vehicle exhaust and gasoline evaporation, have been 

a major focus of public health efforts. Emissions of these pollutants in California dropped by over 

88% from 1990 to 2012 following the implementation of a toxic air contaminant identification and 

control program initiated 1984.16  Still, our findings in Central California, based on modeled 

pollutant estimates from 1989 to 2016, found positive associations between these air toxics and 

PD risk, underscoring their ongoing public health relevance. Furthermore, nickel, which showed 

the strongest association with PD in our study and is linked to brake and tire wear, underscores 

that reducing exhaust pollutants alone will be insufficient unless non-exhaust traffic-related 

pollutants, such as nickel, are addressed through targeted mitigation strategies. 

While epidemiological studies have established a link between air pollution exposure and 

an increased risk of PD,5,17 the underlying biological mechanisms remain poorly understood. 

Investigating the molecular pathways altered by air pollution is necessary to uncover how these 

exposures contribute to the development and possibly progression of PD. It is plausible that air 

pollutants exacerbate pathological processes associated with genetic susceptibility to PD,18,19 



 ноп 

particularly through mechanisms such as oxidative stress, neuroinflammation, and alpha-synuclein 

aggregation.20,21  

 One of the key strengths of our study is the use of high-resolution land use regression 

models with the lifelong history of participantsô residential and occupational addresses. This 

modeling approach allowed us to estimate long-term exposure to traffic-related and 

urban/industry-related air pollutants, including air toxics and criteria pollutants, at both home and 

workplace locations. Unlike previous studies with shorter exposure periods,3,4,22-25 we assessed 

longer-term exposures, as PD has a long latency period and cumulative exposures may better 

capture relevant exposure periods. Assessing long-term exposure periods helps identify 

environmental factors contributing to prodromal PD, supporting efforts to prevent disease onset 

or delay its progression by addressing modifiable risk factors. Additionally, our models accounted 

for pesticide exposure, an important environmental risk factor for PD, further strengthening the 

robustness of our findings. Sensitivity analyses, including two-pollutant models and assessments 

across different exposure periods, provided insights into the role of co-pollutants and variations in 

effect estimates based on exposure duration and proximity to diagnosis. Additionally, the primary 

PD diagnosis status of our patients was confirmed by movement disorder specialists, minimizing 

outcome classification and strengthening the reliability of our findings. 

 However, our study has several limitations. The lack of pollutant exposure data prior to 

1989 restricted our assessment of even longer-term exposures. Additionally, we did not have 

species-level information for PM2.5, limiting our ability to identify the contributions of specific 

PM2.5 components to PD risk. The study population was predominantly composed of white 

individuals, which may limit the generalizability of the results to more diverse populations. Finally, 
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we did not account for multi-exposure scenarios involving various chemicals or other 

environmental stressors which may also contribute to PD risk. 

4.3.6 Conclusion 

Our findings from the large population-based case-control study in Central California add 

to the evidence that air pollution contributes to PD risk, with a particular focus on air toxics, which 

have been much less studied compared to criteria pollutants in the context of PD. While criteria 

pollutants such as NO2 and PM2.5 are commonly used as indicators of air pollution, they do not 

fully capture the role of specific toxicants. Our results highlight the importance of distinguishing 

which air toxics may be driving PD risk, providing insights beyond criteria pollutants. Given that 

there is currently no cure for PD, our results underscore the needs for reducing environmental 

exposures and sources. Future research should focus on elucidating the biological mechanisms 

underlying the observed associations and interventions to reduce individual and community-level 

exposures. Our study may also help to identify areas where air quality improvements could reduce 

risk of neurodegenerative disease and inform policies to mitigate the burden of PD, particularly in 

highly impacted areas like the Central Valley. 
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Tables and Figures 

Table 1. Demographic characteristics [mean ° SD or n(%)] of 1,882 PEG participants by PD 

status. 

 

PD Case Control  

(n = 770) (n = 1,112) 

Age (years) 67.9 ° 10.5 65.7 ° 10.6  

Sex   

   Male 490 (63.6%) 589 (53.0%) 

   Female 280 (36.4%) 523 (47.0%) 

Race/ethnicity   

   White 589 (76.5%) 778 (70.0%) 

   Latino 133 (17.3%) 221 (19.9%) 

   Native American 23 (3.0%) 45 (4.0%) 

   Asian 20 (2.6%) 34 (3.1%) 

   African American 5 (0.6%) 34 (3.1%) 

Education (years) 13.6 ° 4.5 13.5 ° 4.1 

Study wave   

   PEG1 315 (40.9%) 385 (34.6%) 

   PEG2 455 (59.1%) 727 (65.4%) 

Pesticide exposure (counts) 116.8 ° 180.4 88.3 ° 141.6 

Abbreviations: PD, Parkinsonôs disease.  
 

  



 нот 

Table 2. Association between 10-year average air pollution exposure and Parkinsonôs disease. 

  Residence  

(770 

cases/1112 

controls) 

Residence  

(770 

cases/1112 

controls) 

Workplace 

(344 cases/446 

controls)  

Workplace 

(344 cases/446 

controls)  

Air toxic IQR 

Model 1a 

OR (95% CI) 

Model 2b 

OR (95% CI) 

Model 1a 

OR (95% CI) 

Model 2b 

OR (95% CI) 

   Nickel 0.00025 

mg/m3 

2.64 (2.13, 

3.28) 
2.61 (2.10, 

3.25) 

3.89 (2.76, 

5.59) 
3.87 (2.73, 

5.57) 

   Benzene 0.20 ppb 1.64 (1.40, 

1.93) 

1.58 (1.34, 

1.86) 

2.01 (1.56, 

2.61) 

1.93 (1.50, 

2.52) 

   1,3-

Butadiene 

0.32 ppb 1.57 (1.33, 

1.85) 

1.53 (1.29, 

1.80) 

1.92 (1.53, 

2.43) 

1.89 (1.50, 

2.40) 

   Lead 0.00059 

mg/m3 

1.15 (1.03, 

1.30) 
1.06 (0.94, 

1.20) 

1.11 (1.02, 

1.22) 
1.08 (0.99, 

1.19) 

   Chromium 0.0015 

mg/m3 

1.02 (0.89-

1.16) 
1.16 (1.00, 

1.35) 

1.11 (0.99, 

1.26) 
1.19 (1.05, 

1.35) 

Criteria 

pollutant 

 
    

   NO2 2.84 

mg/m3 

1.32 (1.17, 

1.50) 
1.40 (1.23, 

1.59) 

1.52 (1.29, 

1.80) 
1.64 (1.38, 

1.95) 

   PM2.5 1.82 

mg/m3 

1.14 (1.04, 

1.26) 
1.09 (0.98, 

1.20) 

1.31 (1.13, 

1.53) 
1.25 (1.07, 

1.46) 
aAdjusted for age, race, sex, education, and study wave. bAdjusted as in model 1 + pesticide 

exposure. Abbreviations: IQR, interquartile range; OR, odds ratio; CI, confidence interval. 
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Figure 1. Estimated annual average concentrations of air toxics and criteria pollutants generated 

by land-use regression models (30x30m resolution) for the Central California area in 1990. 
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Figure 2. Two-pollutant model of 10-year average air pollution exposure at residential 

addresses and its association with Parkinsonôs disease. This figure shows the adjusted odds ratio 

(OR) per interquartile range (IQR) increase of pollutant exposure with 95% confidence intervals 

(CI) for Parkinsonôs disease risk. Each panel represents a primary pollutant, with the x-axis 

showing the primary pollutant and additional co-pollutant. Results are adjusted for age, race, sex, 

education, study wave, and pesticide exposure. The colors and shapes correspond to different 

pollutants. Abbreviation: NO2, nitrogen dioxide; PM2.5, particular matter ¢2.5 mm. 
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Figure 3. Two-pollutant model of 10-year average air pollution exposure at occupational 

addresses and its association with Parkinsonôs disease. This figure shows the adjusted odds ratio 

(OR) per interquartile range (IQR) increase of pollutant exposure with 95% confidence intervals 

(CI) for Parkinsonôs disease risk. Each panel represents a primary pollutant, with the x-axis 

showing the primary pollutant and additional co-pollutant. Results are adjusted for age, race, sex, 

education, study wave, and pesticide exposure. The colors and shapes correspond to different 

pollutants. Abbreviation: NO2, nitrogen dioxide; PM2.5, particular matter ¢2.5 mm. 
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4.4 Alzheimerôs Disease and Related Dementias (ADRD) 

 

4.4.1 Introduction  

Alzheimer's disease (AD) and related dementias (ADRD) are major public health 

challenges in societies with aging populations1, due in part to the healthcare burden associated 

with these disorders2. In the United States, the number of people with ADRD is expected to 

increase by at least 6.7% from 2020 to 2025, and the annual number of new cases of Alzheimerôs 

and other dementias is projected to double by 20503. Therefore, identifying modifiable risk factors 

for dementia is urgently needed to address and combat this costly and growing global health crisis4. 

Meta-analyses conducted in the past years have consistently linked higher levels of PM2.5 

to increased risk of AD and ADRD (Task 1 - Table x). Specifically, for every 10 mg/m3 increase 

in PM2.5, the risk of AD has been estimated to increase from 1.5 to up to 5-fold. The review that 

reported the highest hazard ratio (HR) of 4.82 (95% CI: 2.28,7.36),48 included data from only three 

studies with region-specific high effect estimates: the United Kingdom (HR = 2.88, 95% CI: 1.25, 

6.29), the United States (HR = 4.05, 95% CI: 2.84,5.69), and Taiwan (HR = 7.08, 95% CI: 5.99, 

8.35). This underscores the variability in the PM2.5 impact size on AD estimated in different studies 

that translated in some meta-analyses and likely reflect differences between populations as well as 

study methodologies including the way dementia or cognitive outcomes were defined and the 

exposure periods available to investigators for modeling effects. Associations between nitrogen 

dioxide (NO2) and ground-level ozone (O3) and this neurodegenerative disorder are less 

consistently reported. While some meta-analyses report no associations, others have found modest 

positive associations that did not reach formal statistical significance (Task 1 - Table x). Even 

small or modest size increases in disease risk for these air pollutants and neurodegenerative 
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diseases can have profound public health implications, as air pollution is widespread in nature and 

may amplify the overall health burden in an aging human population. Remaining questions include 

whether NO2 and ozone affect dementia risk independently or in concert with PM2.5, especially as 

both PM2.5 and NO2 levels have been reduced considerably in the USA while controlling ozone 

levels has proven more difficult and levels have been relatively stable. Air toxics have not been 

addressed in dementia research and can help us better understand the contributions of components 

of the air pollution mixture on dementia. Finally, it is not well-known yet whether vulnerable 

subgroups are affected disproportionately due to exposure disparities or other factors that may 

increase susceptibility such as socio-economic factors.   

4.4.2 Methods 

4.4.2.1 Study population 

Study participants were enrolled in the Sacramento Area Latino Study on Aging (SALSA), 

a longitudinal cohort of older Mexican Americans residing in the Sacramento Valley area from 

1998 to 2007. Participants were recruited from the Sacramento metropolitan area and surrounding 

suburban and rural counties via mail, telephone, and door-to-door neighborhood enumeration5. 

Participants who (a) were 60 years or older; (b) lived in the six counties of the Sacramento Valley; 

(c) self-identifying as Latino, Mexican, Central American, or Mexican American; (d) were Spanish 

or English speakers; and (e) were living in a noninstitutionalized setting were eligible to be 

enrolled6. The participation rate was 83.5% among those eligible and contacted, and 1,789 

participants in total were recruited at baseline. Participants were interviewed at home for both 

baseline interview and follow-up visits. Follow-up visits were conducted every 12ï15 months with 

a maximum of seven follow-up visits. The average annual attrition rate from mortality and loss to 

follow-up was 2.6% and 2.3%, respectively. Between home visits, a 10-minute phone call every 6 
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months was performed to update participantsô contact information, health status, and medication 

information5. We excluded those who (1) did not participate in the interview at baseline (n = 3); 

(2) lived too far from traffic sources to generate air pollution and noise exposure measures (n = 3); 

(3) only had a baseline visit (n = 57); and (4) already had dementia/CIND (n = 114) at baseline, 

leaving 1,612 in total for the analysis (Figure 1). 

All procedures described here were approved by the Institutional Review Boards of the 

Universities of California, San Francisco, Los Angeles, and Davis; the University of North 

Carolina; and the University of Michigan. All participants provided written informed consent. 

 

Figure 1. Flow chart of study population, Sacramento Area Latino Study on Aging (SALSA), 

1998ï2007. Note: CIND, cognitive impaired without dementia. 

4.4.2.2 Exposure Assessment 

Exposure estimation is described in Task 3 of this report.  

4.4.2.3 Outcome measurement 
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Two cognitive screening tests ï the Modified MiniïMental State Examination (3MSE) and 

a delayed word recall trial from the Spanish English Verbal Learning Test (SEVLT) ï were 

performed with each participant at baseline and follow-up visits. A geriatrician referred the 

participants for a neuropsychological test battery and a standard neuropsychological examination 

(Informant Questionnaire on Cognitive Decline in the Elderly) if their scores (1) were below the 

20th percentile at baseline on the 3MSE or SEVLT, or (2) had decreased Ó 8 points on the 3MSE 

or Ó 3 points on the SEVLT between baseline and follow-up. The cases were reviewed by a team 

of neurologists and neuropsychologist and given a diagnosis of ñcognitively normalò, ñcognitively 

impaired but not dementia (CIND),ò or ñdementiaò according to standard diagnostic criteria. Those 

diagnosed with dementia or CIND were also referred for a magnetic resonance imaging (MRI) 

examination7. Detailed procedures for dementia and CIND screening and classification are 

described elsewhere5. In this study, we used (1) dementia and (2) a combined outcome which 

included incident dementia or CIND cases and those who were CIND at baseline and converted to 

dementia during the follow-up to capture both cognitive decline prior to dementia and dementia 

incidence to improve our statistical power. 

4.4.2.4 Covariates 

Demographic information including age, sex, years of education, and longest held 

occupation during the lifetime were collected at baseline. At each interview, participants also 

reported household income, marital status, smoking, general health status, and medication use. We 

evaluated physical activity level according to time spent performing 18 different activities that 

older adults commonly engage in during a regular week8. Urban or rural residential location was 

generated as an indicator according to Census tract 2000 information9. Neighborhood 
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socioeconomic status (nSES) is represented as a score ranging from 1 to 5 (lowïhigh NSES) 

depending on six census (2000) estimates10: percentage of (1) individuals aged 25+ years without 

a high school diploma, (2) individuals below the poverty limit, (3) individuals aged 16+ who had 

been in the workforce at one time but are unemployed, (4) households owning their home, (5) 

vacant housing units, and (6) median number of rooms in a household. 

4.4.2.5 Statistical methods 

Cox proportional hazards regression models with a calendar time scale were used to 

estimate the impact of air pollutants (NO2, PM2.5 and O3) and air toxics (1,3-Butadiene, Benzene, 

Zinc, Nickel, Lead and Chromium) exposures on incident dementia/CIND or dementia, 

respectively. Participants were censored at their last date of contact if they did not return for a 

follow-up visit or at the time of death before the end of 2007. Time-varying air pollutant and air 

toxics exposures were calculated by averaging over 1-, 3-, 5- and 10-calendar years prior to the 

onset of an event for everyone in the risk set at the event time and each pollutant concentration 

was a continuous variables scaled by its inter-quartile range (IQR). To examine the influence of 

the air pollutants and air toxics exposures on cognitive impairment, covariates were selected based 

on the prior literature for air pollution and dementia for adjustment11-13. We first estimated effects 

using a model that only adjusted for baseline age, sex and years of education. Then, we added the 

longest held occupation and household income, outdoor physical activity and smoking status 

which are risk factors for the outcome, and finally added also an nSES indicator, considering that 

air pollutants vary spatially. We additionally adjusted for marital status and comorbidity 

considering these factors might influence lifestyle or where participants live and, thus, act as 
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potential confounders. Finally, we co-adjusted for the other air pollutants in separate models to 

address their potential for confounding the association. 

In sensitivity analyses, we also repeated the analyses using 1-, 3-, 5- and 10-year averages 

for criteria air pollutants and air toxics exposures prior to the baseline year only as time invariant 

exposure variables and examined their relationship with cognitive impairment. Statistical analyses 

were performed using SAS 9.4 (SAS Institute Inc., Cary, NC). 

4.4.3 Results 

The average age of participants at baseline was 70 years and Ḑ 60% were women. About 

78% of the participants resided in Sacramento County and 87% in urban areas. Around 60% of 

participants held a manual job during most of their lifetime, 12% were current smokers, and Ḑ 

20% were physically active at baseline. Those who developed incident dementia/CIND were older, 

less educated, had a lower household income and needed more assistance to perform daily 

activities at baseline. 

The average annual concentrations of NO2, PM2.5, O3, 1,3-butadiene, benzene, zinc, nickel, 

lead and chromium exposures during the baseline year were 13.2 ppb, 13.3 µg/m3, 37.3 ppb, 6.33 

ppb, 0.94 ppb, 0.001 µg/m3, 0.002 µg/m3, 0.005 µg/m3 and 0.004 µg/m3 respectively (Table 1, 

Figure 1 and 2). Pearsonôs correlation coefficients for the three air pollutants and air toxics 

exposure at baseline ranged from ī0.54 (for NO2 and O3) to 0.84 (for Benzene and PM2.5 exposure) 

(Table 2). 

A total of 104 incident dementia and 159 incident dementia/CIND cases were identified 

during the 10 years of follow-up. Each participant on average completed about 5 follow-up visits. 

The average length of follow-up was 6.5 years, with a maximum of 10 years. In our single pollutant 
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Cox proportional hazard models, NO2 and PM2.5 were positively associated with the incidence of 

dementia/CIND but not dementia alone (Figure 3 and 4). Specifically, for each IQR increase in 

time-varying 1-, 3- , 5-, and 10-year average NO2 exposure we estimated a ~20% increase in the 

hazard for dementia/CIND (e.g. HR = 1.22, 95% CI:0.99, 1.51 for each IQR (1.74 ppb) increase 

in time-varying 5-year average NO2 exposure). The hazard ratio for incident dementia/CIND 

increased ~50% for each IQR increase in time-varying 1-, 3- ,5- and 10-year average PM2.5 

exposure (e.g. HR = 1.49, 95% CI:1.02, 2.17 for each IQR (1.05 µg/m3) increase in time-varying 

5-year average PM2.5 exposure). While the effect estimates for PM2.5 changed only minimally 

when we co-adjusted for the two criteria pollutants or the air toxics, the effect estimates for NO2 

in criteria pollutant co-adjusted models were attenuated towards the null but did change no more 

than minimally with co-adjustment for the air toxics (Fig. 5). The associations with O3 were 

negative in single pollutant models and null in co-pollutant adjusted models for dementia/CIND 

or dementia alone.  

Considering the air toxics, higher 1,3-butadiene levels were positively associated with 

increased incident dementia/CIND and dementia only (Figure 3 and 4), with a HR of 1.12 (95% 

CI: 1.00, 1.25) for incident dementia/CIND per IQR increase for time-varying 1- to 10 year average 

1,3-butadiene exposures. While benzene, zinc and nickel were also positively and even more 

strongly associated with dementia/CIND or dementia alone, but the 95% confidence intervals 

crossed the null (Figure 3 and 4). For example, each IQR increase in time-varying 10-year average 

benzene exposure, the estimated HR for incident dementia/CIND increased by 57% (HR=1.57, 

95% CI: 0.90, 2.74) and adding co-pollutants did not change estimates more than minimally except 

when adding PM2.5, which was highly correlated with benzene in this cohort. The effect estimates 

for other air toxics (1,3-butadiene, zinc, nickel, lead, and chromium) in single and co-pollutant 
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adjusted models were also very similar (Figure 5 and 6). Finally, using time-invariant 1-, 3-, 5- 

and 10-year average exposures prior to baseline year, the HRs for dementia/CIND or dementia 

only were either similar or slightly attenuated for all pollutants (Figure S1 and S2). 

4.4.4 Discussion 

In this cohort of older Mexican American individuals, we estimated increased hazard ratios 

for incident dementia/CIND for 1- to 10-year average NO2 and PM2.5 exposures, but found no 

associations with O3. We also found that the air toxic 1,3 butadiene (1- to 10-year averages) was 

positively associated with incident dementia/CIND, and possibly also incident dementia only, and 

stronger positive associations were suggested with benzene, nickel and zinc but these estimates 

were imprecise, and all 95% confidence intervals crossed the null. No associations were observed 

with other air toxics. 

Previous studies reported results for air pollution and cognitive outcomes that are 

consistent with our findings.14 Short- and long-term exposure to nitrogen dioxides (NO2), 

particulate matter (PM2.5) have been reported to increase the incidence of dementia11, 13-16, even 

though some studies did not find associations between these air pollutants and incident dementia 

of the Alzheimer's type17. The Betula study18 and the Womenôs Health Initiative Memory Study19 

have estimated that the population attributable fraction of ambient air pollution exposure to 

dementia is about 16ï21%. Even in places with comparatively low air pollution, association with 

dementia has been observed. Recently, the Swedish National Study on Aging and Care in 

Kungsholmen (SNAC-K) reported a 75% increase in the hazard ratio for incident CIND per 1 

µg/m3 increase in 3-year moving average PM2.5 exposure and an 18% per 10 ɛg/m3 increase in 

NOx, respectively20. For the same cohort, it has been reported that air pollution also increased the 
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risk for conversion from CIND to dementia21. An Australian cohort study of 11,243 men more 

than 65 years of age, however, found no association between air pollutants and incident dementia 

or Alzheimer's disease, on the other hand, in this Australian study PM2.5 increased the risk of 

vascular dementia (per 5 µg/m3 PM2.5 increase HR = 1.39, 95% CI: 0.93, 2.08)17. A retrospective 

cohort study of 130,978 adults ages 50ï79 years who lived in London observed risk increases of 

~16% and 7% for dementia diagnoses derived from primary care records for each IQR increase in 

NO2 (IQR = 7.47 µg/m3) and PM2.5 (0.95 µg/m3) exposure (1-year average prior to baseline), 

respectively; and, also saw no associations with O3 exposure22. Similarly, In the Adult Changes in 

Thought (ACT) population-based cohort study in Seattle that enrolled 4,166 participants, the 

researchers linked spatiotemporal model-based PM2.5 exposures to the participantsô addresses and 

observed that for each 1 ɛg/m3 increase in time-varying 10-year average PM2.5, the hazard of 

developing all-cause dementia increased by 16% (HR = 1.16, 95% CI: 1.03, 1.31)23. In the 

Environmental Predictors of Cognitive Health and Aging study in the U.S., higher residential 

levels of fine particulate matter were associated with greater rates of incident dementia, especially 

for fine particulate matter generated by agriculture (HR =  1.13; 95% CI: 1.01, 1.27) and wildfires 

(HR = 1.05; 95% CI: 1.02, 1.08)24. 

Generally, PM2.5 captures both local and regional pollution sources for fine particles, while 

compared to PM2.5, NO2 better represents the smaller scale variability of traffic-related pollution 

from roadways25. In the SALSA study, this difference in the spatial distribution of NO2 and PM2.5 

can be seen in Figure 1 that depicts the LUR model derived maps for the two pollutants. Also, our 

O3 map represents a mirror image of the NO2 distribution map, and this is also further supported 

by the negative correlation of O3 and NO2 exposures among our study participants (Table 2). O3 

is a secondary pollutant generated from traffic pollutants by atmospheric chemistry that is 



нро 
 
 

generally distributed more homogenously across a region26. Thus, in our study as well as more 

generally, O3 is expected to correlate negatively with modelled traffic-related air pollutants as 

atmospheric chemistry predicts O3 to be lower near sources of NO and NO2 and higher away for 

these sources. Indeed, such local patterns are well-captured by our model and may explain the 

strong inverse directions of the O3 associations with dementia/CIND or dementia alone, i.e. the 

mirror image of the NO2 associations we observed.  

Exposure to metals, chemicals, and other compounds may also contribute to acute and 

chronic neurotoxicity leading to degenerative diseases27.  On the other hand, most of the air toxics 

we investigated are related to traffic and fewer to industrial pollution sources. Further 

corroborating the importance of traffic as a source for NO2 and PM2.5, we found some indication 

for positive associations with dementia outcomes in our study for the traffic-source related air toxic 

exposures to zinc, nickel, and benzene, although the estimates were imprecise and 95% CIs for 

crossed null and also a weaker association with 1,3-butadiene.  

Benzene has neurotoxic qualities30 and studies have suggested associations with cognitive 

function impairment31.  A case-control study in Seattle, Washington, reported strong associations 

between benzene exposure and Alzheimer's disease (OR = 3.9, 95% CI: 1.1,13.4)32. Environmental 

exposure to nickel in the SALSA study represents near-road non-exhaust traffic exposures and 

nickel can reach the brain via olfactory neurons and may contribute to neurodegenerative 

diseases36-38 39. Similarly, zinc in our study represents non-exhaust traffic contributions from tire 

wear. Interestingly, deposits of zinc have been found in senile plaques and vascular amyloid  which 

may result in AD type cognitive impairment 27. 1,3-butadiene is a gas that is primarily formed as 

a product of incomplete combustion of fossil fuels and biomass and but also has some industrial 



нрп 
 
 

sources28, and has previously been linked to adverse neurodevelopmental outcomes29. In the 

SALSA cohort area, this pollutant is most likely traffic related as well. 

In the SALSA study, we did not find associations between lead and Chromium exposures 

and incident dementia/CIND or dementia only. This may suggest either inadequate timing of 

exposure or limitations in our LUR exposure assessment methods for this low exposure ambient 

environment as both metals have previously been shown to be neurotoxic. 40-44 

This study has several strengths. It is one of few population-based longitudinal cohort 

studies focusing on effects of air pollution and toxics exposures on cognitive function among older 

Mexican Americans, one of the most highly environmentally exposed population subgroup in 

California45. We used repeated cognitive function testing and further confirmed diagnoses by 

imaging examination (MRI), leading to a high accuracy for the dementia or CIND diagnosis and 

its timing in SALSA. Both air pollution and air toxics exposures were estimated based on 

participantsô residential addresses which were geocoded by global positioning system readings 

during home visits, ensuring high geo-location quality. We built and employed LUR models 

integrated comprehensive data sources, including traffic, land use, land cover, meteorological 

conditions, vegetation dynamics, and satellite data to generate the air pollution and toxic estimates 

within the study area46. The spatial resolution is 30-meters so that captured important air pollution 

sources such as traffic and modeled variations in pollutants on a small spatial scale. 

Some limitations also merit mentioning. This study focused on elderly Mexican American 

participants living in the Sacramento Valley area which may limit the generalizability of our results 

to other age and ethnic groups. We lacked lifetime residential history and assessed the air pollution 

and noise exposures based on the participantsô geocoded addresses recorded at baseline, thus 
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exposure misclassification cannot be ruled out. However, in the SALSA cohort, the average age 

of the participants was 70 years or older at baseline and most were already retired and consequently 

are expected to be at home regularly during the day. The spatial pollution pattern likely remained 

consistent throughout the study years given the relative stable land use47. Additionally, the average 

length that participants reported having lived at their baseline residences was 22 years, and 90% 

remained in California throughout the study period. Thus, the exposure estimates based on the 

baseline addresses likely serve as a good indicator to characterize long-term spatial air pollution 

and toxic exposures around each participantsô residence before and throughout the study period. 

Selection bias due to loss of follow-up would be a concern if continued participation was 

dependent on exposure history and also differed between diseased and non-diseased. In our study, 

however, the percentage of subjects lost to follow-up was minimal (2.3% per year), and subjects 

were not asked to report environmental exposures or metabolic syndrome status. Thus, differential 

loss to follow-up due to awareness about exposures and disease status is unlikely. 
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Tables and Figures 

Table 1. Summary of characteristics of the participants at baseline used for incidence analyses, Sacramento Area Latino Study of Aging, 1998ï2007. 
 

Total 

(n = 1612) 

DEMENTIA/CIND   DEMENTIA  

Characteristics, Mean ± SD / N (%) Event 

(n = 159) 

Non-event 

(n = 1453) 

P-value 
 

Event 

(n = 104) 

Non-event 

(n = 1508) 

P-value 

Baseline Age (Years, mean ± SD) 70.2 (±6.8) 75.3 (±7.8) 69.7 (±6.5) <0.01 
 

76.5 (±7.6) 69.8 (±6.5) <0.01 

Male 680 (42.2) 58 (36.5) 622 (42.8) 0.12 
 

36 (34.6) 644 (42.7) 0.11 

Years of Education (Years, mean ± SD) 7.4 (±5.3) 5.8 (±5.2) 7.6 (±5.3) <0.01 
 

5.6 (±4.4) 7.5 (±5.4) <0.01 

Sacramento County Residence 1255 (77.9) 118 (74.2) 1137 (78.3) 0.24 
 

80 (76.9) 1175 (77.9) 0.81 

Urban Residence 1400 (86.9) 136 (85.5) 1264 (87.0) 0.61 
 

90 (86.5) 1310 (86.9) 0.92 

Occupation held during most of the lifetime 
   

<0.01 
   

<0.01 

 Non-Manual 346 (21.8) 14 (9.0) 332 (23.2) 
  

8 (7.9) 338 (22.7) 
 

 Manual 960 (60.5) 104 (66.7) 856 (59.8) 
  

69 (68.3) 891 (59.9) 
 

 Other (Housewives and Unemployed) 282 (17.8) 38 (24.4) 244 (17.0) 
  

24 (23.8) 258 (17.4) 
 

Marriage status 
   

<0.01 
   

<0.01 

 Single/Never married 47 (2.9) 6 (3.8) 41 (2.8) 
  

3 (2.9) 44 (2.9) 
 

 Married 946 (59.0) 82 (51.9) 864 (59.8) 
  

54 (52.4) 892 (59.4) 
 

 Widowed 379 (23.6) 58 (36.7) 321 (22.2) 
  

41 (39.8) 338 (22.5) 
 

 Divorced 171 (10.7) 9 (0.6) 162 (11.2) 
  

4 (3.9) 167 (11.1) 
 

 Separated 47 (2.9) 1 (0.6) 46 (3.2) 
  

1 (1.0) 46 (3.1) 
 

 Living with someone as a spouse 14 (0.9) 2 (1.3) 12 (0.8) 
  

0 (0.0) 14 (0.9) 
 

Household Income ($/month): 
   

0.06 
   

0.06 

 Less than 1000 691 (43.7) 81 (51.6) 610 (42.8) 
  

55 (52.9) 636 (43.0) 
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Total 

(n = 1612) 

DEMENTIA/CIND   DEMENTIA  

Characteristics, Mean ± SD / N (%) Event 

(n = 159) 

Non-event 

(n = 1453) 

P-value 
 

Event 

(n = 104) 

Non-event 

(n = 1508) 

P-value 

 1000 TO 1499 321 (20.3) 35 (22.3) 286 (20.1) 
  

25 (24.0) 296 (20.0) 
 

 1500 TO 1999 184 (11.6) 17 (10.8) 167 (11.7) 
  

10 (9.6) 174 (11.8) 
 

 2000 TO 2499 154 (9.7) 9 (5.7) 145 (10.2) 
  

6 (5.8) 148 (10.0) 
 

 2500 or more 233 (14.7) 15 (9.6) 218 (15.3) 
  

8 (7.7) 225 (15.2) 
 

Neighborhood Socio-Economic Status (NSES) 
   

0.18 
   

0.06 

 Low NSES  544 (33.8) 64 (40.3) 480 (33.0) 
  

46 (44.2) 498 (33.0) 
 

 Low-Middle/Middle NSES  912 (56.6) 80 (50.3) 832 (57.3) 
  

49 (47.1) 863 (57.2) 
 

 Middle-High/High NSES  156 (9.7) 15 (9.4) 141 (9.7) 
  

9 (8.7) 147 (9.8) 
 

Baseline Smoking Status 
   

0.83 
   

0.97 

 Never/Non-Smoker 735 (45.8) 75 (47.2) 660 (45.6) 
  

47 (45.2) 688 (45.8) 
 

 Former Smoker 681 (42.4) 64 (40.3) 617 (42.7) 
  

44 (42.3) 637 (42.4) 
 

 Current Smoker 189 (11.8) 20 (12.6) 169 (11.7) 
  

13 (12.5) 176 (11.7) 
 

Baseline High Outdoor Physical Activity 341 (21.2) 27 (17.0) 314 (21.6) 0.17 
 

15 (14.4) 326 (21.6) 0.08 

NO2 level at baseline (ppb, mean ± SD) 13.2 (±1.4) 13.3 (±1.3) 13.2 (±1.4) 0.56 
 

13.1 (±1.2) 13.2 (±1.4) 0.48 

PM2.5 level at baseline (µg/m3, mean ± SD) 13.3 (±0.6) 13.4 (±0.5) 13.3 (±0.6) 0.04 
 

13.3 (±0.5) 13.3 (±0.6) 0.24 

O3 level at baseline (ppb, mean ± SD) 37.3 (±1.0) 37.3 (±1.0) 37.3 (±1.0) 0.21 
 

37.3 (±0.9) 37.3 (±1.0) 0.78 

1,3-Butadiene level at baseline (ppb, mean ± SD) 6.3 (±1.1) 6.5 (±2.1) 6.3 (±1.0) 0.01 
 

6.5 (±2.0) 6.3 (±1.1) 0.04 

Benzene level at baseline (ppb, mean ± SD) 0.9 (±0.05) 0.9 (±0.04) 0.9 (±0.05) 0.11  0.9 (±0.04) 0.9 (±0.05) 0.54 

Zinc level at baseline (µg/m3, mean ± SD) 0.001 (±0.0002) 0.001 (±0.0002) 0.001 (±0.0002) 0.58  0.001 (±0.0002) 0.001 (±0.0002) 0.89 

Nickel level at baseline (µg/m3, mean ± SD) 0.002 (±0.0001) 0.002 (±0.0001) 0.002 (±0.0001) 0.77  0.002 (±0.0001) 0.002 (±0.0001) 0.96 

Lead level at baseline (µg/m3, mean ± SD) 0.005 (±0.0004) 0.005 (±0.0005) 0.005 (±0.0004) 0.83  0.005 (±0.0003) 0.005 (±0.0004) 0.86 
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Total 

(n = 1612) 

DEMENTIA/CIND   DEMENTIA  

Characteristics, Mean ± SD / N (%) Event 

(n = 159) 

Non-event 

(n = 1453) 

P-value 
 

Event 

(n = 104) 

Non-event 

(n = 1508) 

P-value 

Chromium level at baseline (µg/m3, mean ± SD) 0.004 (±0.0009) 0.004 (±0.0009) 0.004 (±0.0009) 0.72  0.004 (±0.0006) 0.004 (±0.0009) 0.35 

Note: SD, standard deviation;  NSES, neighborhood socioeconomic status; NO2, nitrogen dioxide; PM2.5, fine particulate matter (diameter small than 2.5 ɛm); 

O3, ozone; ppb, parts per billion. 

https://www.sciencedirect.com/topics/medicine-and-dentistry/fine-particulate-matter
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Table 2. Pearson correlation among the air pollutants and toxics for SALSA participants (Sacramento Area) 

at baseline (1998/1999). 

  NO2 PM2.5 O3 
1,3-

Butadiene 
Benzene Zinc Nickel Lead Chromium 

NO2 1             

PM2.5 0.53 1            

O3 -0.54 -0.16 1          

1,3-Butadiene 0.05 -0.1 -0.55 1         

Benzene 0.43 0.84 -0.03 -0.17 1       

Zinc 0.16 0.11 0.03 -0.12 0.26 1      

Nickel 0.37 0.13 -0.58 0.41 -0.02 -0.02 1    

Lead 0.01 0.12 -0.14 0.13 -0.06 -0.09 0.13 1   

Chromium 0.44 0.32 -0.2 0.06 0.31 0.08 0.21 0.55 1 

Note: NO2, nitrogen dioxide; PM2.5, fine particulate matter (diameter small than 2.5ɛm); O3, ozone. 
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Figure 1. Estimated annual average NO2, O3 and PM2.5 concentration surface generated by the 

land-use regression models (30×30m) in the Sacramento area, Sacramento Area Latino Study on 

Aging (SALSA, 1998ï2007) in 2000.  
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Figure 2. Estimated annual average toxics (1,3-Butadiene, Benzene, Zinc, Nickel, Lead and 

Chromium) concentration surface generated by the land-use regression models (30×30m) in the 

Sacramento area, Sacramento Area Latino Study on Aging (SALSA, 1998ï2007) in 2000.  

 



 нсо 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Effect estimates for time-varying air pollution and toxic exposures on incident 

dementia/CIND. Model was adjusted for age, sex, education, longest held occupation, NSES, 

living county, outdoor physical activity, smoking status, household income, comorbidity and 

residential location. 
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Figure 4. Effect estimates for time-varying air pollution and toxic exposures on incident 

dementia only. Model was adjusted for age, sex, education, longest held occupation, NSES, 

living county, outdoor physical activity, smoking status, household income, comorbidity and 

residential location. 
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Figure 5. Effect estimates for time-varying air pollution and toxic exposures on incident 

dementia/CIND after co-adjusting for other air pollutants or toxics. Model was adjusted for age, 

sex, education, longest held occupation, NSES, living county, outdoor physical activity, smoking 

status, household income, comorbidity and residential location. 
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Figure 6. Effect estimates for time-varying air pollution and toxic exposures on incident 

dementia only after co-adjusting for other air pollutants or toxics. Model was adjusted for age, 

sex, education, longest held occupation, NSES, living county, outdoor physical activity, smoking 

status, household income, comorbidity and residential location. 
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Supplemental materials 

 

 

Figure S1. Effect estimates for time-invariant air pollution and toxic exposures (1-, 3-, 5- and 

10-year average prior to baseline year) on incident dementia/CIND. Model was adjusted for age, 

sex, education, longest held occupation, NSES, living county, outdoor physical activity, smoking 

status, household income, comorbidity and residential location. 
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Figure S2. Effect estimates for time-invariant air pollution and toxic exposures (1-, 3-, 5- and 

10-year average prior to baseline year) on incident dementia only. Model was adjusted for age, 

sex, education, longest held occupation, NSES, living county, outdoor physical activity, smoking 

status, household income, comorbidity and residential location. 
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Task 5: Analysis of Economic Burden of Disease  

 
4.5 Introduction 

Ambient air pollution has been linked to numerous adverse health outcomes across the 

lifespan, including adverse birth outcomes, autism spectrum disorder, Parkinsonôs disease, and an 

increased risk of dementia 1ï4. Significant efforts have been made to improve air quality by 

reducing pollutant emissions and promoting clean technology 5. For example, California has 

implemented a cap-and-trade emissions-reduction program and promoted the adoption of zero-

emission vehicles to reduce traffic- and industry-related air pollution 6,7. As a result, air pollution 

levels have significantly decreased since the 2000s at both the national and state levels 8. These 

reductions have had a notable impact on public health. Nationally, it is estimated that PM2.5-

attributable mortality declined by over 80% from 1990 to 2016 9. In California, estimates for 2012 

indicate that PM2.5 was associated with 12,700 to 26,700 deaths, while ozone (O ) was associated 

with up to 13,700 deaths 10. However, these analyses did not account for conditions such as adverse 

birth outcomes and neurodegenerative diseases. 

Quantifying the health costs or benefits of air quality improvements is important for 

informing clean air and public health policies. Translating the health benefits of regulating air 

pollution into economic value provides a compelling argument for stricter regulation 11. When 

assessing and justifying the expenses of air pollution policies, policymakers should consider the 

healthcare costs saved due to these interventions. For instance, the 1990 Clean Air Act is estimated 

to have saved $2 trillion in healthcare expenditure compared to its cost of $65 billionða benefit 

that exceeded its cost by a factor of more than 30 12. 
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Although there has been ongoing research assessing the disease burden attributable to air 

pollution 13,14, international or national-level estimates may not be as informative as local analyses, 

given the geographic variability in air pollution exposure across the US. California, for example, 

has historically experienced some of the worst air quality 15(pp1990ï2010), so the significant reductions 

in air pollution there may lead to substantial health benefits and economic savings that would not 

be observed elsewhere. To date, no studies in California have formally quantified the economic 

savings due to air pollution reductions over the past 30 years. Furthermore, because air pollution 

is associated with a wide range of health outcomes 16, assessing only one condition at a time would 

underestimate its overall impact. No previous studies in California have evaluated a 

comprehensive range of health outcomes that span the entire lifespan. In the present study, we 

aimed to estimate the economic savings in healthcare expenditure for two outcomes early in life ï 

adverse birth outcomes and autism spectrum disorders ï and two that occur late in life ï dementia 

and Parkinsonôs disease. 

4.6 Methods 

 

4.6.1 Study Population, Area, and Incidence 

For adverse birth outcomes, including preterm birth (PTB) and term-birth low birth weight 

(TLBW), we utilized administrative birth records from 1990 to 2021 in California (California 

Department of Public Health). For Autism Spectrum Disorder (ASD), annual incidence rates were 

based on data from the California Department of Developmental Services (DDS). We then 

calculated the annual incidence rate for PTB, TLBW, and ASD. 

The incidence of PD among individuals aged 45 and older was reported as 572 per 100,000 

17, while the incidence of AD among individuals aged 65 and older was estimated as 0.025 per 

person-year 18. We obtained population size for individuals aged 45 and older (15,667,314) and 65 
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and older (5,964,526) in California from the 2024 U.S. Census. For this analysis, we assumed 

constant prevalence rates for PD and AD over time. 

To calculate population density, we used Californiaôs total area: 423,967 square km. 

ὖέὴόὰὥὸὭέὲ έὶ ὄὭὶὸὬ ὈὩὲίὭὸώ
ὖέὴόὰὥὸὭέὲ έὶ ὄὭὶὸὬί

ὅὥὰὭὪέὶὲὭὥ ὃὶὩὥ
 

We did not account for spatial variation in population density. 

4.6.2 Changes in Air Pollution 

We generated annual average air pollution surfaces for PM2.5 and NO2 from the daily air 

pollution surfaces we generated for this study between 1990 and 2020. 

We calculated changes in air pollution levels during the following periods, between: 

1) 1990 and 2000 (10 Years) 

2) 1990 and 2010 (20 Years) 

3) 1990 and 2020 (30 Years) 

ЎὃὭὶ ὖέὰὰόὸὭέὲὃὭὶ ὖέὰὰόὸὭέὲ ὃὭὶ ὖέὰὰόὸὭέὲ 

For PTB, and TLBW, we calculated the change in air pollution up to 2020. For ASD outcome data 

was only available for children born until 2018, thus, we only calculated air pollution changes up 

to 2018.  A positive change in air pollution indicates a reduction in air pollution from t0 to t1 and 

a negative change an increase in air pollution. 

4.6.3 Effect Estimates of Air Pollution on Health 
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We obtained effect estimates for air pollution on the following health outcomes from the 

epidemiological studies we conducted in California separately for adverse birth outcomes, ASD, 

Parkinsonôs disease, and Alzheimerôs disease.  

For PTB and TLBW, we used the effect estimates for air pollution during the entire 

pregnancy (rather than trimesters) and the exposure period from 1990 and 2021. We converted all 

effect estimates to a per one-unit increase as described below. For PD and AD, we only used effect 

estimates for a 10-year average of air pollution exposure. We did not assess O3 here as there was 

little change in ozone levels over time. 

4.6.4 Cost of Health Outcomes 

Similar to a prior study19, we used the Institute of Medicine (IOM) report on the lifetime 

cost of PTB: $64,686 (in 2017 dollars) 20. This amount included both direct (medical expenses, 

special education services, transportation to hospitals) and indirect (loss of productivity) economic 

costs of PTB. We also obtained the cost of LBW, PD, and AD from existing literature. For LBW, 

the estimated healthcare spending was $114,437 in the first six months of life (in 2016 dollars) 

21(pp2008ï2016). For PD, it was $23,041 per patient per year (in 2020 dollars) 22 and for AD, it was 

$41,757 (in 2021 dollars) 23. 

We adjusted costs for inflation and discounted them to reflect present value using a two-

step approach. First, costs were adjusted for inflation based on the Consumer Price Index (CPI). 

For a given cost C, the inflation-adjusted cost in year i was calculated as: 

ὅ ὅ
ὅὖὍ

ὅὖὍ
 

Where ὅὖὍ is the CPI value for year i andὅὖὍ is the CPI value for the base year. 
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Second, the inflation-adjusted costs were discounted to reflect the present value, 

accounting for the time elapsed since the baseline year. The discounted cost was calculated as: 

ὅ
ὅ

ρ ὶ
 

Where r is the annual discount rate (set at 3%) and t is the number of years between the baseline 

year and year i. In this study, the baseline year was 2024 to represent economic values in 2024 

dollars such that cost estimations are comparable to each other. 

4.6.5 Statistical Analysis 

To estimate the potential reduction/addition in adverse birth outcomes associated with a 

decrease/increase in pollutant exposure, we applied a health impact function based on our 

epidemiologic studies. The function calculates the change in the number of adverse health events 

(e.g., preterm births) attributable to a change in pollutant concentrations, following the formula: 

Ὕέὸὥὰ ὌὩὥὰὸὬ Ὅάὴὥὧὸ

ὄὥίὩὰὭὲὩ ὍὲὧὭὨὩὲὧὩ ὙὥὸὩὖέὴόὰὥὸὭέὲρ Ὡ
Ў  

ὣὩὥὶί 

Where: 

The baseline incidence rate is the incidence rate for each health outcome, population is the number 

of people in the population and for PTB and LBW, the total population is the total number of births. 

For ASD, the total population is the total number of records with an ASD diagnoses we received 

from DDS. For AD, the total population is the number of Californians more than 65 years of age 

in California, and for PD, the total population the number of Californians older than 45 years of 

age. 
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Thus, we used the beta coefficient (ɓ) from our epidemiologic studies, ЎὥὭὶ ὴέὰὰόὸὭέὲ is 

our estimate of total change in pollutant concentration across the time interval, and Years stands 

for the time interval over which the health outcome occurs. We calculated the 95% CI of the health 

impact based on the 95% CI of the beta coefficients obtained from the epidemiological studies. 

Using raster-based spatial modeling, we applied each of the five pollution change scenarios 

described above. The total health impact was calculated by overlaying the pollution change raster 

and applying the health impact function to each grid cell. The total change in adverse health events 

was then summed across all cells to provide an estimate of the statewide impact. 

We then calculated cost savings using the following formula: 

ὅέίὸ ὛὥὺὭὲὫίὝέὸὥὰ ὌὩὥὰὸὬ Ὅάὴὥὧὸὅέίὸ έὪ ὌὩὥὰὸὬ ὕόὸὧέάὩ 

For ASD, PD, and AD, we additionally accounted for the costs for people living with these 

conditions. A positive cost saving indicated money saved from preventing air-pollution-related 

health outcomes and a negative cost saving indicated additional expenses due to air-pollution-

related health outcomes. Finally, we subtracted 1990-2000 estimates from 1990-2010 estimates to 

obtain 2000-2010 interval-specific health impacts and costs and similarly, for 2010-2018/2020 

estimates. 

4.7 Results 

Between 1990 and 2020, ambient air quality in California changed notably. On average, PM2.5 

concentrations decreased by 1.19ɛg/mį (SD = 2.28) and NO  concentrations declined by 7.30 ppb 

(SD = 1.79). 

4.7.1 Adverse birth outcomes 
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For PTB, changes in pollutant exposures yielded different economic outcomes over the 

three study periods. Reductions in PM25 were associated with substantial cost savings during the 

first two decades. Specifically, cost savings were estimated at 9.54 billion (95% CI: 8.19, 10.89) 

for 1990ï2000 and 5.69 billion (95% CI: 4.88, 6.50) for 2000ï2010. However, during 2010ï2020, 

the trend reversed, with PM2.5 changes corresponding to a loss of 10.65 billion (95% CI: 9.14, 

12.16). In contrast, NO  exposure consistently led to cost savings across all periods, with the 

highest savings observed in 1990ï2000 (3.23 billion, 95% CI: 2.42, 4.03). 

A similar pattern was observed for TLBW. For PM2.5, cost savings were estimated at 4.20 

billion (95% CI: 2.97, 5.42) during 1990ï2000 and 3.55 billion (95% CI: 2.52, 4.59) during 2000ï

2010, whereas a loss of 5.42 billion (95% CI: 3.84, 7.00) was estimated for the 2010ï2020 period. 

NO  exposure was again associated with cost savings throughout, peaking at 2.33 billion (95% CI: 

1.90, 2.91) in the earliest period. 

4.7.2 Autism spectrum disorder (ASD) 

Economic analyses for ASD showed that the health impacts related to PM2.5 exposure 

resulted in cost savings across the entire study period. Savings were estimated at 0.57 billion (95% 

CI: ï0.36, 1.52) during 1990ï2000, increasing to 3.89 billion (95% CI: ï2.43, 10.41) for 2000ï

2010, and a further increase to 8.11 billion (95% CI: ï5.08, 21.75) during 2010ï2018. The impact 

of NO  was more pronounced for ASD, with the greatest cost reduction of 30.27 billion (95% CI: 

15.85, 44.76) estimated for the 2010ï2018 period. 

4.7.3 Parkinsonôs Disease (PD) 

For PD, reductions in PM2.5 exposure were associated with significant cost savings during 

the earlier periods. The estimated savings were 9.62 billion (95% CI: 2.90, 16.83) for 1990ï2000 

and 22.78 billion (95% CI: 6.85, 39.98) for 2000ï2010. However, during 2010ï2020, PM25 
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changes were linked to a loss of 16.01 billion (95% CI: ï4.82, ï28.04). In contrast, NO  exposure 

consistently generated savings throughout the study periods, with the highest savings of 62.08 

billion (95% CI: 35.22, 90.35) in 2010ï2020. 

4.7.4 Alzheimerôs Disease 

The analysis of AD revealed complex trends across pollutants and time periods. For PM2.5 

exposure, the cumulative cost savings were 15,336.4 billion (95% CI: 1,184.53, 25,926.25) during 

1990ï2000 and 38,682.59 billion (95% CI: 2,803.25, 69,159.88) during 2000ï2010; however, 

during 2010ï2020, PM2.5 was associated with a loss of 26,508.83 billion (95% CI: 1,969.85, 

47,043.02). NO  exposure resulted in cost savings of 2,682.15 billion (95% CI: 0, 5,285.24) for 

1990ï2000, 8,515.95 billion (95% CI: 0, 16,832.32) for 2000ï2010, and 9,599.02 billion (95% CI: 

0, 19,192.42) for 2010ï2020. We accounted for the costs of a patient living with AD, so the costs 

are compounded rather than a one-time occurrence (for example, if a person develops AD at year 

0, the cumulative costs included the cost per year over the next 10 years). 

4.8 Discussion 

In this study, we evaluated the economic impacts of changes in ambient PM2.5 and NO  levels 

in California over three decades, linking these changes to adverse health outcomes specifically to 

PTB, TLBW, ASD, PD, and AD. Overall, our analysis suggests that reductions in NO  consistently 

yielded substantial cost savings for all health outcomes and time periods. In contrast, while early 

reductions in PM2.5 were associated with economic benefits for all outcomes, the later period 

(2010ï2020) saw a reversal, with PM25 changes corresponding to net cost losses for health 

conditions. The divergence in economic estimates for NO2 and PM2.5 can be largely attributed to 

the recent rise in PM2.5 concentrations observed in the 2010ï2020 period. This increase appears to 

have offset earlier gains in 1990-2010 due to the reduction in PM2.5 and this increase in pollution 

Commented [AM12]: ¢Ƙƛǎ ƴǳƳōŜǊ ǎǝƭƭ ŘƻŜǎ ƴƻǘ ƳŀƪŜ 
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resulted in net economic losses for most of the adverse health outcomes we evaluated. In contrast, 

the consistent reductions in NO  have translated into stable economic savings, underscoring the 

effectiveness of regulatory measures targeting vehicular and industrial emissions. The recent rise 

in PM2.5 level reflects the change in sources ï specifically the contributions of wildfires - or 

possibly other regional influences that warrant further investigation. 

Our findings are generally consistent with earlier studies that have demonstrated significant 

economic benefits associated with improvements in air quality. In the US, it was estimated that 

roughly 5 percent of the yearly gross domestic product (GDP) was lost due to air pollution 24. One 

previous study that focused on San Joaquin Valley, California, showed that O3 would cost $32.64 

million per year while PM2.5 would cost $3,206 million per year 
25. Similarly, a report by LA 

County Department of Public Health showed that meeting O3 and PM2.5 standards would resulted 

in $22 billion in savings in the South Coast Air Basin 26. More recently, wildfire has been more 

frequent and intensive which is likely contributing to the recent rise of PM2.5 in California 
27,28. 

One recent study estimated that PM2.5 exposure resulted in $310ï390 million loss per year due to 

work-loss between 2015 and 2018 and wildfire smoke alone would contribute to $129ï521 million 

loss per year 29(pp2015ï2018).  

Our analysis has several limitations. As every economic analysis, ours is dependent on the 

parameters we used in the analysis and thus, any uncertainties in the parameters (i.e., effect 

estimates) also affect our economic cost estimates. For AD and PD, we did not account for 

temporal variation in incidence rates due to a lack of population level data on such trends for 

California. We also did not account for the potential spatial variation in incidence rates or possible 

spatial variation in effect estimates of air pollution and these health outcomes due to limitations in 

the data. Since we couldnôt find an AD incidence in the literature we used prevalence rate for 
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calculation instead, which would inflate our estimates. Lastly, we did not assess economic burden 

due to the O3 surfaces we have generated. 

Our findings support the great value of the continued implementation of emission-control 

strategies including stricter vehicle emission standards. The recent rise in PM. levels due to 

wildfire emissions has reversed earlier economic benefits. Policy that would reduce these impacts 

are urgently needed as is continued investment into the PM. monitoring infrastructure in support 

of adaptive strategies that respond to changing environmental conditions. 
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Tables 

Table 1. Parameters used in the analysis. 

  PM2.5 

  PTB TLBW ASD PD AD 

Incidence Rate 0.09; 0.09; 0.09 0.021; 0.022; 0.023 0.003; 0.008; 0.020 0.000134 0.025 

Total Population 

468,808; 

464,468; 389,285 

433,534; 

433,692;  

362,233 

530,655;  

509,898;  

454,144 

15,667,314 5,964,526 

Effect Estimates 

1.014  

[1.012, 1.016] 

1.017  

[1.012, 1.022] 

1.05  

[0.97, 1.14] 

1.14  

[1.04, 1.26] 

1.56  

[1.03, 2.38] 

Cost per case per 

year 64,686 114,437 5,164 23,041 41,757 

Year of the costs 2017 2016 2014 2020 2021 

IQR 2.23 2.23 2.4 1.82 1.15 

  NO2 

  PTB TLBW ASD PD AD 

Effect Estimates 

1.01  

[1.01, 1.01] 

1.02  

[1.01, 1.02] 

1.2  

[1.1, 1.31] 

1.32  

[1.17, 1.50] 

1.27  

[1.00, 1.62] 

IQR 5.07 5.07 5.9 2.84 1.94 

Notes: Incidence Rate (time varying for PTB, TLBW and ASD at 2000, 2010, 2021): 

            

 

 

Table 2. Mean and standard deviations of the change in 

air pollution levels. 

  PM2.5 NO2 

1990-2000 2.83 (0.84) 3.82 (0.47) 

1990-2010 4.05 (0.89) 6.77 (1.22) 

1990-2020 1.19 (2.28) 7.30 (1.79) 
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Table 3. Cost Savings and willingness to pay savings due to change of PM2.5. 

Scenario Cumulative Health Impact Cumulative Cost Savings in billions [95% CI] 

PTB, PM2.5 

1990-2000 76,832 [65,930.17, 87,709.38] 9.54 [8.19, 10.89] 

2000-2010 22,937.78 [19,679.46, 26,189.99] 5.69 [4.88, 6.5] 

2010-2020 -73,704.88 [-63,244.34, -84142.77] -10.65 [-9.14, -12.16] 

TLBW, PM 2.5 

1990-2000 18,709.66 [13,243.99, 24,144.83] 4.2 [2.97, 5.42] 

2000-2010 9,402.54 [6653.66, 12,137.82] 3.55 [2.52, 4.59] 

2010-2020 -20,774.89 [-14704.49, -26,812.57] -5.42 [-3.84, -7] 

ASD, PM2.5 

1990-2000 10,058.23 [-6311.25, 26870.02] 0.57 [-0.36, 1.52] 

2000-2010 23,580.35 [-14762.64, 63140.75] 3.89 [-2.43, 10.41] 

2010-2018 25,992.63 [-16244.1, 69727.48] 8.11 [-5.08, 21.75] 

PD, PM2.5 

1990-2000 41,773.95 [12,601.42, 73,064.89] 9.62 [2.9, 16.83] 

2000-2010 18,132.97 [5,426.54, 31,988.81] 22.78 [6.85, 39.98] 

2010-2020 -42,081.59 [-12,667.15, -73,774.23] -16.01 [-4.82, -28.04] 

AD, PM2.5 

1990-2000 38,468,209.07 [2,971,151.22, 65,030,663.19] 15,336.4 [1,184.53, 25,926.25] 

2000-2010 19,250,031.7 [1,289,719.39, 36,567,017.4] 38,682.59 [2,803.25, 69,159.88] 

2010-2020 -40,434,175.6 [-2,993,045.09, -71,413,181.6] -26,508.83 [-1,969.85, -47,043.02] 
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Table 4. Cost Savings and willingness to pay savings due to change of NO2. 

Scenario Cumulative Health Impact Cumulative Cost Savings in billions [95% CI] 

PTB, NO2 

1990-2000 26,007.63 [19,526.6, 32,474.82] 3.23 [2.42, 4.03] 

2000-2010 15,910.87 [11,945.7, 19,867.74] 3.17 [2.38, 3.96] 

2010-2020 -1914.99 [-1,438.31, -2,390.3] 0.64 [0.48, 0.8] 

TLBW, NO 2 

1990-2000 10,404.33 [8,467.01, 12,977.86] 2.33 [1.9, 2.91] 

2000-2010 8,999.01 [7,323.19, 11,225.29] 3.02 [2.46, 3.77] 

2010-2020 -903.09 [-735.32, -1,125.67] 0.53 [0.42, 0.65] 

ASD, NO2 

1990-2000 20,458.43 [10,725.37, 30,213.04] 1.15 [0.61, 1.71] 

2000-2010 64,456.45 [33,779.03, 9,5224.47] 10.1 [5.29, 14.91] 

2010-2018 112,049.2 [58,665.13, 165,692.57] 30.27 [15.85, 44.76] 

PD, NO2 

1990-2000 75,525.58 [43,061.52, 109,351.05] 17.4 [9.92, 25.19] 

2000-2010 134,256.78 [76,486.65, 194,549.57] 55.2 [31.44, 80.02] 

2010-2020 146,446.49 [83,269.74, 212,647.71] 62.08 [35.22, 90.35] 

AD, NO2 

1990-2000 6,727,631.81 [0, 13,256,943.53] 2,682.15 [0, 5,285.24] 

2000-2010 5,237,321.39 [0, 10,375,234.87] 8,515.95 [0, 16,832.32] 

2010-2020 1,101,450.32 [0, 2,322,032.48] 9,599.02 [0, 19,192.42] 
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Task 6: Outreach and Community Engagement 

As part of our commitment to translating research into public engagement and policy impact, 

our team has actively participated in various outreach efforts. These activities have included media 

engagements, conference presentations, journal manuscripts, and community lectures designed to 

communicate the importance of air pollution research to diverse audiences. Our outreach has 

aimed to raise awareness about the health impacts of air pollution, highlight the role of regulatory 

policies, and encourage public discourse on mitigating environmental health risks. Through 

interviews with major news outlets, presentations at international scientific conferences, and 

community engagement initiatives, we have contributed to bridging the gap between research and 

public understanding, fostering informed decision-making at both individual and policy levels. 

Furthermore, the modeled air pollution surfaces have been utilized by various institutions for 

research fostering collaboration, including UC Berkeley's Betsey Noth in collaboration with 

CARB on children's health studies and Yale's Zeyan Liew who is using these surfaces in an 

NIEHS-funded analysis that examines the potential effects of ambient air pollution during 

pregnancy on offspring cerebral palsy. Below, we summarize key outreach activities undertaken 

by our team. 

4.10 Conference Presentations 

¶ ISEE North American Chapter 2023  

o Daily PM2.5 During Pregnancy and Adverse Birth Outcomes in California (2013-

2021) 

¶ ISEE 2025 (Upcoming)  

o Prenatal Exposure to Criteria Air Pollution and Traffic-Related Air Toxics and 

Risk of Autism Spectrum Disorder: A Population-Based Cohort Study of 

California Births (1990ï2018) 

o Exploring the Link Between Grandmaternal Air Pollution Exposure and 

Grandchild's ASD Risk: A Multigenerational Population-Based Study in 

California 
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o Air Toxics and Late-life Dementia and Cognitive Impairment in Mexican 

Americans 

o Prenatal Exposure to Criteria Air Pollution and Traffic-Related Air Toxics and 

Risk of Adverse Birth Outcomes: A Population-Based Cohort Study of California 

Births (1990ï2021) 

 

4.11 Published Manuscripts 

 

¶ O'Sharkey K, Mitra S, Paik SA, Chow T, Cockburn M, Ritz B. Trends in the Prevalence 
of Autism Spectrum Disorder in California: Disparities by Sociodemographic Factors 

and Region Between 1990-2018. J Autism Dev Disord. Published online May 3, 2024. 

doi:10.1007/s10803-024-06371-w 

 

4.12 Manuscripts Submitted to Academic Journals 

 

¶ Air Pollution and Autism Spectrum Disorder: Unveiling Multipollutant Risks and 
Sociodemographic Influences in California ï Environment Health Perspectives (Under 

Review) 

¶ Prenatal Exposure to Criteria Air Pollution and Traffic-Related Air Toxics and Risk of 

Autism Spectrum Disorder: A Population-Based Cohort Study of California Births 

(1990ï2018) - Environment International (Under Review)  

¶ Exploring the Link Between Grandmaternal Air Pollution Exposure and Grandchild's 
ASD Risk: A Multigenerational Population-Based Study in California - Environment 

International (Under Review)  

¶ Air toxics and Parkinsonôs disease in Central California ï Environment Health 

Perspectives 

¶ Association of Prenatal Exposure to Criteria Air Pollutants and Traffic-Related Air 

Toxics with Adverse Birth Outcomes: A Population-Based Cohort Study in California 

(1990ï2021) ï Environmental Research (Under Review) 

 

4.13 Media Outreach 

¶ NBC Bay Area News: We provided an interview discussing the link between air 

pollution and Parkinsonôs disease in Californiaôs Central Valley, emphasizing the 

potential health risks associated with long-term exposure. 

o Link: NBC Bay Area News - Air Pollution and Parkinson's Disease 

 

https://www.nbcbayarea.com/news/local/climate-in-crisis/air-pollution-concern-for-respiratory-health-study-says/3723478/
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4.14 SATO Academy of Math and Science, Long Beach 

¶ Program: Why Healthy Air Matters 

¶ Date: October 21, 2022 

¶ Focus: This presentation introduced high school students to the health impacts of air 

pollution and the importance of environmental policies in mitigating these risks. The 

session covered key findings from CARB-funded air pollution studies, emphasizing their 

role in shaping public health policies. We discussed real-world examples of how air 

quality regulations have improved health outcomes in California and explored ongoing 

research linking air pollution exposure to conditions such as autism spectrum disorder 

and neurodegenerative diseases. 

¶ During the presentation, students engaged in interactive discussions and case studies, 

including: 

o Air Quality Trends:  How pollution levels have changed over time in California. 

o Sources of Air Pollution: The role of traffic, industry, and wildfires. 

o Health Effects: Short- and long-term health impacts of pollutants like PM2.5 and 

NO2. 

o Solutions: What individuals, communities, and policymakers can do to reduce air 

pollution exposure. 

¶ Student Feedback & Discussion Topics: 

o CARBôs Role: Students were curious about how the California Air Resources 

Board enforces regulations and ensures compliance. 

o Reducing Air Pollution:  Many asked about what actions individuals can take 

versus what requires government intervention. 

o Economic Impact: Some were interested in how public health research 

influences policy decisions and funding allocations. 
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Supplementary Materials 

1 Task 1: Literature Review 

1.1  Search Strategy and Flow Charts 

1.1.1 Databases: 1) PubMed, 2) EMBASE; Similar search strategies were used across databases, 

using equivalent functions and filters pertaining to a given database.   

1.1.2 Filters: ñMeta-analysisò, ñReviewò, ñSystematic Reviewò, ñHumansò; ñCaliforniaò for 

California specific studies.  

1.1.3 Exposure Search Terms (same for all outcomes):  

'air':ab,ti AND 'pollu*':ab,ti OR 'air pollutant*':ab,ti OR 'air pollution':ab,ti OR 'particulate 

matter*':ab,ti OR 'pm':ab,ti OR 'pm2.5':ab,ti OR 'particulate*':ab,ti OR 'particle*':ab,ti OR 

'ozone':ab,ti OR 'o3':ab,ti OR 'nitrogen oxide*':ab,ti OR 'nox':ab,ti OR 'nitrogen dioxide':ab,ti OR 

'no2':ab,ti OR (('ultrafine' OR 'ultra-fine' OR 'ultra fine') AND ('particulate*' OR 'particle*')) OR 

'ufp' OR 'black carbon' OR 'soot' OR 'benzene' OR 'butadiene' OR 'chromium' OR 'cr' OR (('lead' 

OR 'pb') AND 'air') OR 'nickel' OR 'zinc' OR 'zn' OR 'vehicle emission*' OR 'trap' OR ('traffic' 

AND 'air' AND 'pollu*') OR (('vehicle' OR 'traffic' OR 'automobile') AND 'emission*') 
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1.1.3.1  

Birth Outcomes:  

ópreterm birthô:ab,ti OR 'premature birth':ab,ti OR 'term birth':ab,ti OR 'gestational age':ab,ti OR 

'birth weight':ab,ti OR 'preterm':ab,ti OR 'pre-term':ab,ti OR 'ptb':ab,ti OR 'low birthweight':ab,ti 

OR 'low birth weight':ab,ti OR 'tlbw':ab,ti OR 'lbw':ab,ti OR 'bw':ab,ti 
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1.1.3.2  

Autism Spectrum Disorder (ASD):  

'autism spectrum disorder':ab,ti OR 'asperger syndrome':ab,ti OR 'aspergers syndrome':ab,ti OR 

'autistic disorder':ab,ti OR 'development disorder*':ab,ti OR 'pervasive developmental 

disorder*':ab,ti OR 'autis*':ab,ti OR 'asd':ab,ti OR 'asperg*':ab,ti OR 'neurodevelop*':ab,ti OR 

'pdd':ab,ti OR 'pdds':ab,ti OR 'pddnos':ab,ti OR 'pdd-nos':ab,ti 
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1.1.3.3  

Parkinsonôs Disease (PD): 

'parkinson disease':ab,ti OR 'parkinsonian disorders':ab,ti OR 'parkinson*':ab,ti OR 

'parkinsons':ab,ti OR 'pd':ab,ti 
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1.1.3.4  

Alzheimerôs Disease (AD):  

'alzheimer diseaseô OR ódementia' OR 'alzheimer*' OR 'alzheimers' OR (('cognition' OR 

'cognitive') AND ('dysfunction*' OR 'function*' OR 'decline' OR 'impairment*' OR 'change*' OR 

'aging' OR 'disorder*')) OR 'neurobehavioral' OR 'neuropsycholog*' OR 'neurodegenerative' OR 

'neurocognitive' 
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1.2 Tables  
1.2.1 Adverse Birth Outcomes (BO) 

1.2.1.1 Adverse Birth Outcomes - Low Birthweight (LBW), Small for Gestational Age (SMG) & Preterm Birth (PTB): Reviews 
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ŀƴŘ ƳŜǘŀπŀƴŀƭȅǎƛǎΦ 

мнκлтκнн 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦлс όIƛƎƘ Ǿǎ 
[ƻǿΣ hwύ όмΦлоΣ мΦлуύ 
t¢.Υ мΦлу όлΦфтΣ мΦмфύ 
¢мϝϝϝϝΥ мΦлр όлΦфтΣ мΦмрύ 
¢нΥ лΦфт όлΦфпΣ мΦлмύ 
¢оΥ мΦлс όлΦфсΣ мΦмтύ 
¦ƴƛǘ ǳƴŎƭŜŀǊ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦмс όIƛƎƘ Ǿǎ 
[ƻǿΣ hwύ όмΦлпΣ мΦнфύ 
¢мΥ мΦлн όлΦфтΣ мΦлтύ 

¢нΥ мΦлф όлΦфуΣ мΦноύ 
¢оΥ лΦфу όлΦфоΣ мΦлпύ 
¦ƴƛǘ ǳƴŎƭŜŀǊ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦло όIƛƎƘ Ǿǎ 
[ƻǿΣ hwύ όлΦупΣ мΦнсύ 
¢мΥ мΦлф όлΦуфΣ мΦопύ 

¢нΥ лΦфп όлΦтсΣ мΦмтύ 
¢оΥ лΦфф όлΦфоΣ мΦлрύ 
¦ƴƛǘ ǳƴŎƭŜŀǊ 

   
9ȄǇƻǎǳǊŜ ǘƻ bhн ŀƴŘ hо ǿŀǎ ƴƻǘ ŦƻǳƴŘ ǘƻ ōŜ ŀǎǎƻŎƛŀǘŜŘ 

ǿƛǘƘ [.² 
πтκнсκнлнн 

/ƻŎƘǊŀƴŜ 
[ƛōǊŀǊȅΣ 

tǳōaŜŘΣ 
ŀƴŘ 9ƳōŀǎŜ 

мт 

¦{!Σ 
CǊŀƴŎŜΣ 
LǘŀƭȅΣ 
/ƘƛƴŀΣ 
[ƛǘƘǳŀƴƛŀΣ 
bŜǘƘŜǊƭŀ

ƴŘǎΣ 
/ƘƛƴŀΣ 
¦YΣ 
!ǳǎǘǊŀƭƛŀΣ 
tŜǊǳΣ 
.ǊŀȊƛƭ 

bŜǿŎŀǎǘƭŜ hǧŀǿŀ 

{ŎŀƭŜ όbh{ύ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
осптп
лплκ 

Wǳ нлно {w a! 

aŀǘŜǊƴŀƭ ŀǘƳƻǎǇƘŜǊƛŎ ǇŀǊǝŎǳƭŀǘŜ 
ƳŀǧŜǊ ŜȄǇƻǎǳǊŜ ŀƴŘ Ǌƛǎƪ ƻŦ 
ŀŘǾŜǊǎŜ ǇǊŜƎƴŀƴŎȅ ƻǳǘŎƻƳŜǎΥ ! 
ƳŜǘŀπŀƴŀƭȅǎƛǎ ƻŦ ŎƻƘƻǊǘ ǎǘǳŘƛŜǎ 

ммκнпκнн 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦлфо όǇŜǊ 
млҡƎκƳоΣ wwύ όмΦлспΣ мΦмннύ 
¢мΥ мΦлмт όлΦффлΣ мΦлппύ 

¢нΥ мΦлон όмΦллуΣ мΦлрсύ 
¢оΥ мΦлнт όмΦллтΣ мΦлпуύ 
Ƴt¢.ϝϝϝϝϝΥ мΦоуп όлΦфтсΣ мΦфсоύ 
¢мΥ мΦмно όлΦфпоΣ мΦоотύ 
¢нΥ мΦлпл όлΦфслΣ мΦмнрύ 
¢оΥ мΦллс όлΦфонΣ мΦлурύ 
Ǿt¢.Υ мΦмфо όмΦмлсΣ мΦнууύ 
¢мΥ мΦмпн όмΦлртΣ мΦнопύ 
¢нΥ мΦмлр όмΦлофΣ мΦмтрύ 
¢оΥ мΦлтл όлΦффлΣ мΦмрсύ 
ŜȄǘǊŜƳŜƭȅ t¢.Υ нΦолн όлΦспнΣ уΦнрнύ 
¢мΥ нΦнфр όлΦртнΣ фΦнмоύ 
¢нΥ лΦтсс όлΦотлΣ мΦрусύ 
¢оΥ мΦпмп όлΦтммΣ нΦуммύ 
¢[.²Υ мΦлуо όмΦлоуΣ мΦмолύ 
¢мΥ мΦлпф όлΦфупΣ мΦммуύ 
¢нΥ мΦлпс όлΦффлΣ мΦмлпύ 
¢оΥ мΦлрп όлΦффмΣ мΦмнмύ 
¢.²Υ ҍ моΦнтп όҍ мфΦфмсΣ ҍ сΦсонύ 
¢мΣ ¢.²Υ ҍ оΦпрм όҍ тΦмнлΣ лΦнмфύ 
¢нΣ ¢.²Υ ҍ пΦфмс όҍ уΦсффΣ ҍ мΦмопύ 

¢оΣ ¢.²Υ ҍ мΦопп όҍ пΦтутΣ нΦлффύ 
{D!Υ мΦмлм όмΦлртΣ мΦмпуύ 
¢мΥ мΦлнл όлΦффоΣ мΦлптύ 
¢нΥ мΦлмр όлΦфуоΣ мΦлпуύ 
¢оΥ мΦлнф όлΦффсΣ мΦлсоύ 

         πмлκнлнм 
²Ŝō ƻŦ 
{ŎƛŜƴŎŜ ŀƴŘ 
tǳōaŜŘ 

ру 

!ǳǎǘǊŀƭƛŀΣ 
/ŀƴŀŘŀΣ 
¦{!Σ 
bŜǘƘŜǊƭŀ
ƴŘǎΣ 
9ǳǊƻǇŜΣ 
¦YΣ 
/ƘƛƴŀΣ 
LǘŀƭȅΣ 
tŜǊǳΣ 
YƻǊŜŀΣ  

  

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
оспос
сссκ 

/ƘŜƴ 
нлнн 

{w a! 

IŜŀƭǘƘ ŜũŜŎǘǎ ƻŦ ŜȄǇƻǎǳǊŜ ǘƻ ǎǳƭŦǳǊ 
ŘƛƻȄƛŘŜΣ ƴƛǘǊƻƎŜƴ ŘƛƻȄƛŘŜΣ ƻȊƻƴŜΣ 
ŀƴŘ ŎŀǊōƻƴ ƳƻƴƻȄƛŘŜ ōŜǘǿŜŜƴ 
мфул ŀƴŘ нлмфΥ ! ǎȅǎǘŜƳŀǝŎ 
ǊŜǾƛŜǿ ŀƴŘ ƳŜǘŀπŀƴŀƭȅǎƛǎΦ 

ммκмуκнн   
t¢.Υ мΦлтф όǇŜǊ млҡƎκƳоΣ wwύ 
όмΦллтΣ мΦмртύ 

t¢.Υ мΦлоф όǇŜǊ млҡƎκƳоΣ wwύ 
όмΦллпΣ мΦлтрύ 

     
лмκмфулπ
лмκнлмф  

²Ŝō ƻŦ 
{ŎƛŜƴŎŜΣ 
tǳōaŜŘΣ 
²!bC!bD 
όŀ ǎŎƛŜƴǝŬŎ 
ƭƛǘŜǊŀǘǳǊŜ 
ŘŀǘŀōŀǎŜ ƛƴ 
/ƘƛƴŜǎŜ 
ƭŀƴƎǳŀƎŜύΣ 
ŀƴŘ /bYL 
ό/Ƙƛƴŀ 
bŀǝƻƴŀƭ 
YƴƻǿƭŜŘƎŜ 
LƴŦǊŀǎǘǊǳŎǘǳǊ
ŜΣ ŀ 
ŘŀǘŀōŀǎŜ ƛƴ 

/ƘƛƴŜǎŜύ 

мо όbhнύΤ т 
όhоύ 

/ƘƛƴŀΣ 
!ǳǎǘǊŀƭƛŀΣ 
¦{!Σ 
CǊŀƴŎŜΣ 
/ŀƴŀŘŀΣ 
[ƛǘƘǳŀƴƛŀΣ 
{ǿƛǘȊŜǊƭŀ
ƴŘ 

bŜǿŎŀǎǘƭŜ hǧŀǿŀ 
{ŎŀƭŜ όbh{ύ ŦƻǊ 
ŎƻƘƻǊǘ ŀƴŘ ŎŀǎŜπ
ŎƻƴǘǊƻƭ ǎǘǳŘƛŜǎ ŀƴŘ 
ǘƘŜ ŎǊƛǝŎŀƭ ǘƻƻƭǎ ƻŦ 
ǘƘŜ Wƻŀƴƴŀ .ǊƛƎƎǎ 
LƴǎǝǘǳǘŜ ŦƻǊ ŎǊƻǎǎπ
ǎŜŎǝƻƴŀƭ ŀƴŘ ǝƳŜπ
ǎŜǊƛŜǎ ǎǘǳŘƛŜǎ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
оспот
ссрκ 

tŜǊŜƛǊŀ 
нлнн 

a! 

! {ƛƳǇƭŜ aŜǘƘƻŘ ǘƻ 9ǎǘŀōƭƛǎƘ 
{ǳŶŎƛŜƴŎȅ ŀƴŘ {ǘŀōƛƭƛǘȅ ƛƴ aŜǘŀπ
!ƴŀƭȅǎŜǎΥ ²ƛǘƘ !ǇǇƭƛŎŀǝƻƴ ǘƻ CƛƴŜ 
tŀǊǝŎǳƭŀǘŜ aŀǧŜǊ !ƛǊ tƻƭƭǳǝƻƴ ŀƴŘ 
tǊŜǘŜǊƳ .ƛǊǘƘΦ 

лнκммκнн 
t¢.Υ мΦлт όǇŜǊ млҡƎκƳоΣ Ŏwwύ 
όмΦлоΣ мΦмнύ 

     

¢Ƙƛǎ ǇŀǇŜǊ ǊŜǇǊŜǎŜƴǘǎ ŀ ǊŜŀƴŀƭȅǎƛǎ ƻŦ ǘƘŜ ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿ 
ŀƴŘ ƳŜǘŀπŀƴŀƭȅǎƛǎ ŎƻƴŘǳŎǘŜŘ ōȅ Wǳ Ŝǘ ŀƭΦ ƛƴ нлнмΦ ¢ƘŜ Ƴŀƛƴ 
Ǝƻŀƭ ƻŦ ǘƘƛǎ ǊŜǎŜŀǊŎƘ ǿŀǎ ǘƻ ŦƻǊƳǳƭŀǘŜ ŀƴŘ ŜƳǇƭƻȅ ŀ 
ǘŜŎƘƴƛǉǳŜ ǘƻ ŜǎǘŀōƭƛǎƘ ǘƘŜ ǎǳŶŎƛŜƴŎȅ ŀƴŘ ǎǘŀōƛƭƛǘȅ ƻŦ 
ŜǎǝƳŀǘŜǎ ƻŦ ŀǎǎƻŎƛŀǝƻƴǎ ŀǎ ǘƘŜȅ ƘŀǾŜ ōŜŜƴ ǇǳōƭƛǎƘŜŘ ƻǾŜǊ 
ǝƳŜΦ ¢ƘŜ ǊŜǎǳƭǘǎ ǎǳƎƎŜǎǘ ǘƘŀǘ ǘƘŜ ŎƻƳōƛƴŜŘ ǊŜƭŀǝǾŜ Ǌƛǎƪǎ 
ŦƻǊ taнΦр όŎww мΦлтΣ фр҈ /L мΦлоΣ мΦмнύ ǊŜŀŎƘŜŘ ŀ 
ŎƻƴǾŜǊƎŜƴŎŜ Ǉƻƛƴǘ ƛƴ нлмрΦ CƻǊ ŀƴȅ ƴŜǿ ƛƴǾŜǎǝƎŀǝƻƴΣ ƛǘ 
ǿƻǳƭŘ ōŜ ƴŜŎŜǎǎŀǊȅ ǘƻ ƛŘŜƴǝŦȅ ŀ ǇǊƻǘŜŎǝǾŜ ǊŜƭŀǝǾŜ Ǌƛǎƪ όwwύ 
ƻŦ лΦфо όфр҈ /L ƭƛƳƛǘ мΦлнύ ŀƴŘ ŀǧŀƛƴ ŀ ƭŜǾŜƭ ƻŦ ǇǊŜŎƛǎƛƻƴ 
ŜǉǳƛǾŀƭŜƴǘ ǘƻ ǘƘŜ ŎƻƭƭŜŎǝǾŜ ŬƴŘƛƴƎǎ ƻŦ ŀƭƭ ǇǊŜŎŜŘƛƴƎ нп 
ŎƻƘƻǊǘ ǎǘǳŘƛŜǎΦ ¢ƘŜ ƭƛƴƪ ōŜǘǿŜŜƴ taнΦр ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘ 
Ƙŀǎ ōŜŜƴ ŜǎǘŀōƭƛǎƘŜŘΣ ŀƴŘ ǘƘŜ ǇǊƻōŀōƛƭƛǘȅ ƻŦ ŀƴȅ ŦǳǘǳǊŜ 
ƻōǎŜǊǾŀǝƻƴŀƭ ǎǘǳŘȅ ŀƭǘŜǊƛƴƎ ǘƘƛǎ ŎƻƴŎƭǳǎƛƻƴ ƛǎ ǉǳƛǘŜ ǊŜƳƻǘŜΦ 
!ǎ ŀ ǊŜǎǳƭǘΣ ǘƘŜ ǇǊƛƳŀǊȅ ƻōƧŜŎǝǾŜ ŦƻǊ ŦǳǘǳǊŜ ǊŜǎŜŀǊŎƘ Ƴǳǎǘ 
ǎƘƛƊ ŦǊƻƳ ŘŜǘŜǊƳƛƴƛƴƎ ǘƘŜ ŜȄƛǎǘŜƴŎŜ ƻŦ ŀƴ ƻōǎŜǊǾŀǝƻƴŀƭ 
ŀǎǎƻŎƛŀǝƻƴ ǘƻ ŎƻƳǇǊŜƘŜƴǎƛǾŜƭȅ ŜȄŀƳƛƴƛƴƎ Ǌƛǎƪ ŦŀŎǘƻǊǎ 
όƳŀƎƴƛǘǳŘŜΣ ŎƻƴǎŜǉǳŜƴŎŜǎΣ ǇŀǘƘǿŀȅǎΣ ǇƻǇǳƭŀǝƻƴǎΣ ŀƴŘ 
ǇƻǘŜƴǝŀƭ ōƛŀǎŜǎύ ŀǎ ǿŜƭƭ ŀǎ ƛƴǘŜǊǾŜƴǝƻƴǎΦ 

ƴƛƭ ό.ŀǎŜŘ 
ƻƴ ǇǊƛƻǊ 
{ȅǎǘŜƳŀǝŎ 
wŜǾƛŜǿ ŀƴŘ 
aŜǘŀπ
ŀƴŀƭȅǎƛǎύ 

ƴƛƭ ό.ŀǎŜŘ 
ƻƴ ǇǊƛƻǊ 
{ȅǎǘŜƳŀǝŎ 
wŜǾƛŜǿ ŀƴŘ 
aŜǘŀπ
ŀƴŀƭȅǎƛǎύ 

ом 

¦{!Σ 
/ƘƛƴŀΣ 
9ǳǊƻǇŜŀƴ 
ǊŜƎƛƻƴΣ 
/ŀƴŀŘŀΣ 
!ǳǎǘǊŀƭƛŀΣ 
tŜǊǳ 

 

ƘǧǇǎΥκ
κǿǿǿΦ

ƴŎōƛΦƴƭ
ƳΦƴƛƘΦ
ƎƻǾκǇ
ƳŎκŀǊǘ
ƛŎƭŜǎκt
a/уу
тмтмн
κ 

wŀǇǇŀȊȊ
ƻ нлнм 

{w a! 

hȊƻƴŜ ŜȄǇƻǎǳǊŜ ŘǳǊƛƴƎ ŜŀǊƭȅ 
ǇǊŜƎƴŀƴŎȅ ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘΥ ! 
ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿ ŀƴŘ ƳŜǘŀπ

ŀƴŀƭȅǎƛǎΦ 

лтκлмκнн     
¢мΣ t¢.Υ мΦлс όǇŜǊ мл ǇǇōΣ hwύ 
όмΦлоΣ мΦмлύ 
¢нΥ мΦлр όмΦлнΣ мΦлуύ 

     πмκомκнлнм 
tǳōaŜŘ 
ŀƴŘ ²Ŝō ƻŦ 
{ŎƛŜƴŎŜ  

мф ό¢мΥмуΤ 
¢нΥмрύ 

²ƻǊƭŘǿƛŘ
Ŝ 

aƻŘƛŬŜŘ hŶŎŜ ƻŦ 
IŜŀƭǘƘ !ǎǎŜǎǎƳŜƴǘ 
ŀƴŘ ¢Ǌŀƴǎƭŀǝƻƴ 

όhI!¢ύ ŦǊŀƳŜǿƻǊƪ 

ƘǧǇǎΥκ
κǿǿǿΦ
ƴŎōƛΦƴƭ
ƳΦƴƛƘΦ
ƎƻǾκǇ
ƳŎκŀǊǘ

ƛŎƭŜǎκt
a/ун
нмпрс
κ 
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нфф 

¸ǳ нлнн {w a! 

DŜǎǘŀǝƻƴŀƭ ŜȄǇƻǎǳǊŜ ǘƻ ŀƳōƛŜƴǘ 
ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ŀƴŘ ǇǊŜǘŜǊƳ 
ōƛǊǘƘΥ !ƴ ǳǇŘŀǘŜŘ ǎȅǎǘŜƳŀǝŎ 
ǊŜǾƛŜǿ ŀƴŘ ƳŜǘŀπŀƴŀƭȅǎƛǎΦ 

лрκлпκнн 

tǊŜπǇǊŜƎƴŀƴŎȅΣ t¢.Υ лΦфпр όǇŜǊ 
млҡƎκƳоΣ wwύ όлΦфосΣ лΦфрпύ 
¢мΥ лΦффф όлΦфулΣ мΦлмуύ 
¢нΥ мΦлнм όмΦллмΣ мΦлпмύ 
¢оΥ мΦлнл όмΦллуΣ мΦлооύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦлуп όмΦлррΣ 
мΦммоύ 

 
мǎǘ ƳƻƴǘƘ ƻŦ ƎŜǎǘŀǝƻƴΣ t¢.Υ мΦлнм 
όлΦфтуΣ мΦлсрύ 
нƴŘ ƳƻƴǘƘ ƻŦ ƎŜǎǘŀǝƻƴΥ мΦлно όлΦфууΣ 
мΦлрфύ 
оǊŘ ƳƻƴǘƘ ƻŦ ƎŜǎǘŀǝƻƴΥ мΦллр όмΦллмΣ 
мΦллфύ 
мƳƻ ǇǊƛƻǊ ǘƻ ōƛǊǘƘΥ мΦллм όлΦфтмΣ 
мΦлонύ 
сǿ ǇǊƛƻǊ ǘƻ ōƛǊǘƘΥ мΦлму όлΦфснΣ мΦлтрύ 
оƳƻ ǇǊƛƻǊ ǘƻ ōƛǊǘƘΥ лΦффн όлΦфунΣ 
мΦллмύ 
 
¢мΣ Ƴt¢.Υ мΦлоп όлΦфтфΣ мΦлфлύ 
¢нΥ мΦлпм όмΦлммΣ мΦлтлύ 
¢оΥ мΦлмф όлΦфусΣ мΦлрмύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦмор όмΦлпфΣ 
мΦннлύ 
 
¢мΣ Ǿt¢.Υ мΦлфу όмΦлпрΣ мΦмрмύ 
¢нΣ Ǿt¢.Υ мΦлту όмΦлноΣ мΦмонύ 
¢оΣ Ǿt¢.Υ мΦллл όлΦфооΣ мΦлстύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ Ǿt¢.Υ мΦмсл όмΦммлΣ 
мΦнлфύ 
 
[ŀƎ л ŘŀȅǎΣ t¢.Υ мΦллл όлΦффнΣ мΦллфύ 
[ŀƎ м ŘŀȅǎΥ мΦллм όлΦффоΣ мΦллуύ 
[ŀƎ нŘΥ мΦлло όмΦллмΣ мΦллпύ 
[ŀƎ оŘΥ мΦлло όмΦллмΣ мΦллрύ 
!ǾŜ тŘΥ лΦффт όлΦфтуΣ мΦлмрύ 

         πоκомκнлнн 

tǳōaŜŘΣ 
²Ŝō ƻŦ 
{ŎƛŜƴŎŜΣ 
9ƳōŀǎŜΣ 
ŀƴŘ 
/ƻŎƘǊŀƴŜ 
[ƛōǊŀǊȅ 

со 

¦{!Σ 
!ǳǎǘǊŀƭƛŀΣ 
¦YΣ 
/ŀƴŀŘŀΣ 
/ƘƛƴŀΣ 
9ǳǊƻǇŜΣ 

LǘŀƭȅΣ LǊŀƴΣ 
tŜǊǳΣ YƻǊ 

ƛύ hŶŎŜ ƻŦ IŜŀƭǘƘ 
!ǎǎŜǎǎƳŜƴǘ ŀƴŘ 
¢Ǌŀƴǎƭŀǝƻƴ ǘƻƻƭ 
όhI!¢ύ ǿŀǎ ŀǇǇƭƛŜŘ 
ǘƻ ŎƻƴŘǳŎǘ wƻ. 
ŜǾŀƭǳŀǝƻƴ 
ƛƛύbŜǿŎŀǎǘƭŜ hǧŀǿŀ 
{ŎŀƭŜ όbh{ύ ǿŀǎ 
ǳǎŜŘ ǘƻ ŀǎǎŜǎǎ ǘƘŜ 
ǉǳŀƭƛǘȅ ƻŦ ŎƻƘƻǊǘ 
ǎǘǳŘƛŜǎ ƛƛƛύ DǊŀŘƛƴƎ ƻŦ 
wŜŎƻƳƳŜƴŘŀǝƻƴǎΣ 
!ǎǎŜǎǎƳŜƴǘΣ 
5ŜǾŜƭƻǇƳŜƴǘΣ ŀƴŘ 
9Ǿŀƭǳŀǝƻƴ όDw!59ύ 
ǘƻƻƭ ǎƻǳǊŎŜŘ ŦǊƻƳ 
[ŜŜ Ŝǘ ŀƭΦ ŀƴŘ ǘƘŜ 
²ƻǊƭŘ IŜŀƭǘƘ 
hǊƎŀƴƛȊŀǝƻƴ ǘƻ 
ŀǎǎŜǎǎ ǘƘŜ ŎŜǊǘŀƛƴǘȅ 
ƻŦ ŜǾƛŘŜƴŎŜ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
оррно
нтрκ 

DƻƴƎ 
нлнн 

{w a! 

aŀǘŜǊƴŀƭ ŜȄǇƻǎǳǊŜ ǘƻ ŀƳōƛŜƴǘ 
taόнΦрύ ŀƴŘ ǘŜǊƳ ōƛǊǘƘ ǿŜƛƎƘǘΥ ! 
ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿ ŀƴŘ ƳŜǘŀπ
ŀƴŀƭȅǎƛǎ ƻŦ ŜũŜŎǘ ŜǎǝƳŀǘŜǎΦ 

млκлпκнм 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢.²όƎύΥ πмсΦрп όǇŜǊ 
млҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ 
όπнлΦлтΣ πмоΦлнύ 
¢мΥ πрΦум όπуΦофΣ πоΦноύ 
¢нΥ πсΦмт όπуΦпсΣ πоΦутύ 
¢оΥ πрΦлн όπуΦннΣ πмΦунύ 

         πоκоκнлнм 

tǳōaŜŘΣ 
9a.!{9Σ 
²Ŝō ƻŦ 
{ŎƛŜƴŎŜΣ ŀƴŘ 
hǾƛŘ 
a95[Lb9 

сн 
ό{ȅǎǘŜƳŀǝŎ 
ǊŜǾƛŜǿύ Τ ом 
όaŜǘŀπ
ŀƴŀƭȅǎƛǎύΤ  

¦{!Σ 
/ƘƛƴŀΣ 
/ŀƴŀŘŀΣ 
9ǳǊƻǇŜ 

bŜǿŎŀǎǘƭŜ hǧŀǿŀ 
{ŎŀƭŜ όbh{ύ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
опсмф
ннлκ 

DƘƻǎƘ 
нлнм 

{w a! 

!ƳōƛŜƴǘ ŀƴŘ ƘƻǳǎŜƘƻƭŘ taнΦр 
Ǉƻƭƭǳǝƻƴ ŀƴŘ ŀŘǾŜǊǎŜ ǇŜǊƛƴŀǘŀƭ 
ƻǳǘŎƻƳŜǎΥ ! ƳŜǘŀπǊŜƎǊŜǎǎƛƻƴ ŀƴŘ 
ŀƴŀƭȅǎƛǎ ƻŦ ŀǧǊƛōǳǘŀōƭŜ Ǝƭƻōŀƭ 
ōǳǊŘŜƴ ŦƻǊ нлп ŎƻǳƴǘǊƛŜǎ ŀƴŘ 
ǘŜǊǊƛǘƻǊƛŜǎΦ 

лфκнуκнм 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ π
ннΦп όǇŜǊ млҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ 
όπонΦпΣ πмнΦоύ 
[.²Υ мΦмм όwwύ όмΦлтΣ мΦмсύ 
t¢.Υ мΦмн όмΦлсΣ мΦмфύ 

         πпκпκнлнм 

tǳōaŜŘΣ 
9ƳōŀǎŜΣ 
ŀƴŘ ²Ŝō ƻŦ 
{ŎƛŜƴŎŜ 

пп ό.ƛǊǘƘ 
ǿŜƛƎƘǘύΤ пл 
ό[.²ύΤ пл 
όt¢.ύ 

²ƻǊƭŘǿƛŘ
Ŝ 

{ǘǳŘȅ ǉǳŀƭƛǘȅ ǿŀǎ 
ŀǎǎŜǎǎŜŘ ǳǎƛƴƎΥ όмύ 
!ƎŜƴŎȅ ŦƻǊ 
IŜŀƭǘƘŎŀǊŜ wŜǎŜŀǊŎƘ 
ŀƴŘ vǳŀƭƛǘȅ 
ŎƘŜŎƪƭƛǎǘΤ ŀƴŘ όнύ 
bŀǝƻƴŀƭ LƴǎǝǘǳǘŜ ƻŦ 
9ƴǾƛǊƻƴƳŜƴǘŀƭ 
IŜŀƭǘƘ {ŎƛŜƴŎŜǎ 
όbL9I{ύ Ǌƛǎƪ ƻŦ ōƛŀǎ 
ǉǳŜǎǝƻƴǎΦ 

bh¢9Υ aŜǘŀ 
ǊŜƎǊŜǎǎƛƻƴ ŜǎǝƳŀǘŜ 
ƛƴŎƭǳŘŜǎ ƘƻǳǎŜƘƻƭŘ 
ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀǎ ǿŜƭƭ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
опрун
пппκ 

Wǳ нлнм {w a! 

aŀǘŜǊƴŀƭ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŜȄǇƻǎǳǊŜ 
ƛƴŎǊŜŀǎŜǎ ǘƘŜ Ǌƛǎƪ ƻŦ ǇǊŜǘŜǊƳ ōƛǊǘƘΥ 
9ǾƛŘŜƴŎŜ ŦǊƻƳ ǘƘŜ ƳŜǘŀπŀƴŀƭȅǎƛǎ ƻŦ 
ŎƻƘƻǊǘ ǎǘǳŘƛŜǎΦ 

лтκлфκнм 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦлтл όǇŜǊ 
млҡƎκƳоΣ wwύ όмΦлпсΣ мΦлфрύ 
¢мΥ лΦфун όлΦфртΣ мΦллтύ 
¢нΥ мΦлоп όмΦллмΣ мΦлсфύ 
¢оΥ мΦлму όлΦфффΣ мΦлотύ 
[ŀǎǘ ƳƻƴǘƘΥ лΦффт όлΦфтсΣ мΦлмуύ 
 
Ƴt¢.Υ мΦлтс όмΦлофΣ мΦммрύ 
¢мΥ лΦффф όлΦфусΣ мΦлмнύ 
¢нΥ мΦлпт όмΦлопΣ мΦлсмύ 
¢оΥ мΦллу όлΦфстΣ мΦлрмύ 
 
Ǿt¢.Υ мΦмсф όмΦмнлΣ мΦннмύ 
¢мΥ мΦлфл όмΦлпнΣ мΦмпмύ 

¢нΥ мΦмрм όмΦлупΣ мΦнноύ 
¢оΥ мΦлпс όлΦфумΣ мΦммрύ 
 
ŜȄǘǊŜƳŜƭȅ t¢.Υ мΦмнф όмΦлмфΣ мΦнрлύ 

¢мΥ мΦмпл όмΦммлΣ мΦмулύ 
¢нΥ мΦлфл όмΦлслΣ мΦмолύ 
¢оΥ мΦллл όлΦфслΣ мΦлплύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦлмл όǇŜǊ 
млҡƎκƳоΣ wwύ όлΦффлΣ мΦлолύ 
¢мΥ лΦфтн όлΦфрлΣ лΦффпύ 
¢нΥ мΦллн όлΦфтлΣ мΦлопύ 
¢оΥ мΦлсс όмΦломΣ мΦмлнύ 
[ŀǎǘ ƳƻƴǘƘΥ мΦлоо όлΦфумΣ мΦлутύ 
 
Ƴt¢.Υ мΦлсс όмΦлопΣ мΦлффύ 
¢мΥ лΦуфс όлΦупмΣ лΦфррύ 
¢нΥ мΦмро όмΦлсоΣ мΦнрмύ 
¢оΥ мΦлмл όлΦфтоΣ мΦлпуύ 
 
Ǿt¢.Υ мΦмфп όмΦмммΣ мΦнуоύ 
¢мΥ лΦфоф όлΦтулΣ мΦмомύ 
¢нΥ мΦотл όмΦмсрΣ мΦсмнύ 
¢оΥ мΦмлф όмΦлтлΣ мΦмпфύ 
 
ŜȄǘǊŜƳŜƭȅ t¢.Υ мΦнну όмΦлотΣ мΦпрпύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦлон όǇŜǊ 
млҡƎκƳоΣ wwύ όмΦлмуΣ мΦлптύ 
¢мΥ мΦлор όмΦлнлΣ мΦлрмύ 
¢нΥ мΦлнл όмΦллмΣ мΦлплύ 
¢оΥ мΦлпо όмΦлмпΣ мΦлтнύ 
[ŀǎǘ ƳƻƴǘƘΥ лΦффп όлΦфрфΣ мΦлолύ 
 
Ƴt¢.Υ мΦлум όмΦлслΣ мΦмлоύ 
¢мΥ мΦллф όлΦфуфΣ мΦлнфύ 
¢нΥ мΦлмм όлΦфумΣ мΦлпнύ 
¢оΥ мΦлмр όлΦффуΣ мΦлонύ 
 
Ǿt¢.Υ мΦммф όмΦлтсΣ мΦмспύ 
¢мΥ лΦфуф όлΦуфнΣ мΦлфсύ 
¢нΥ мΦлнр όлΦфтпΣ мΦлтуύ 
¢оΥ лΦффо όлΦфтлΣ мΦлмтύ 
 
ŜȄǘǊŜƳŜƭȅ t¢.Υ мΦнрф όмΦлупΣ мΦпсоύ 

     πмлκнлнл 
tǳōaŜŘ 
ŀƴŘ ²Ŝō ƻŦ 
{ŎƛŜƴŎŜ 

taнΦр ŀƴŘ 
t¢.Υ от 
taнΦр ŀƴŘ 
Ƴt¢.Υ т 
taнΦр ŀƴŘ 
Ǿt¢.Υ ф 
taнΦр ŀƴŘ 
ŜȄǘǊŜƳŜƭȅ 
t¢.Υ н 
bhн ŀƴŘ 
t¢.Υ нс 
bhн ŀƴŘ 
Ƴt¢.Υ р 
bhн ŀƴŘ 
Ǿt¢.Υ р 
bhн ŀƴŘ 
ŜȄǘǊŜƳŜƭȅ 

t¢.Υ н 
hо ŀƴŘ t¢.Υ 
мт 
hо ŀƴŘ 

Ƴt¢.Υ о 
hо ŀƴŘ 
Ǿt¢.Υ о 
hо ŀƴŘ 
ŜȄǘǊŜƳŜƭȅ 
t¢.Υ м 

/ƘƛƴŀΣ 
¦{!Σ ¦YΣ 
/ŀƴŀŘŀΣ 
[ƛǘƘǳŀƴƛŀΣ 
wƻƳŜΣ 
LǘŀƭȅΣ 
{ǇŀƛƴΣ 
{ǿŜŘŜƴΣ 
bŜǘƘŜǊƭŀ
ƴŘǎΣ 
ƻǘƘŜǊ 

9ǳǊƻǇŜŀƴ 
ŎƻǳƴǘǊƛŜǎΣ 
!ǳǎǘǊŀƭƛŀΣ 
tŜǊǳ 

bŜǿŎŀǎǘƭŜ hǧŀǿŀ 
{ŎŀƭŜ όbh{ύ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
опнрн
полκ 

tǳƴ 
нлнм 

{w a! 

!ƳōƛŜƴǘ ŀƴŘ ƘƻǳǎŜƘƻƭŘ ŀƛǊ 
Ǉƻƭƭǳǝƻƴ ƻƴ ŜŀǊƭȅπƭƛŦŜ ŘŜǘŜǊƳƛƴŀƴǘǎ 
ƻŦ ǎǘǳƴǝƴƎπŀ ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿ ŀƴŘ 
ƳŜǘŀπŀƴŀƭȅǎƛǎΦ 

лпκлфκнм 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ {D!Υ мΦлу όǇŜǊ 
млҡƎκƳоΣ hwύ όмΦлоΣ мΦмоύ 
¢мΥ мΦлн όмΦллΣ мΦлпύ 
¢нΥ мΦлп όмΦлнΣ мΦлсύ 
¢оΥ мΦлр όмΦллΣ мΦлфύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦлр όƘƛƎƘ Ǿǎ ƭƻǿΣ 
hwύ όлΦффΣ мΦмнύ 

         πуκмрκнлнл 

t¦.a95Σ 
a95[Lb9Σ 
9a.!{9Σ 
ŀƴŘ ²Ŝō ƻŦ 
{ŎƛŜƴŎŜ 

нн 

/ŀƴŀŘŀΣ 
¦{!Σ 
/ƘƛƴŀΣ 
¦YΣ 
!ǳǎǘǊŀƭƛŀΣ 
tŜǊǳΣ 
Lǘŀƭȅ 

  

ƘǧǇǎΥκ
κƭƛƴƪΦǎ
ǇǊƛƴƎŜ
ǊΦŎƻƳκ
ŀǊǝŎƭŜ
κмлΦмл
лтκǎмм
орсπ
лнмπ
мотмфπ
т 
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олл 

¦ǿŀƪ 
нлнм 

{w a! 

!ǇǇƭƛŎŀǝƻƴ ƻŦ ǘƘŜ ƴŀǾƛƎŀǝƻƴ ƎǳƛŘŜ 
ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿ ƳŜǘƘƻŘƻƭƻƎȅ ǘƻ 
ŜǾŀƭǳŀǘŜ ǇǊŜƴŀǘŀƭ ŜȄǇƻǎǳǊŜ ǘƻ 
ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ 
ƛƴŦŀƴǘ ōƛǊǘƘ ǿŜƛƎƘǘ 

лмκнрκнм 

¢мΣ /ƘŀƴƎŜ ƛƴ .²ǘΥ πсΦрл όǇŜǊ мл 
ҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ όπмрΦлтΣ нΦлтύ 
¢нΥ πрΦсф όπмлΦруΣ πлΦтфύ 
¢оΥ πмлΦст όπнлΦфмΣ πлΦпоύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ πнтΦрр 
 όπпуΦпрΣ πсΦсрύ 

         πнκнтκнлнл 

hǾƛŘ 
aŜŘƭƛƴŜΣ 
9ƳōŀǎŜΣ 
ŀƴŘ Dƭƻōŀƭ 
IŜŀƭǘƘ 

ор όƳŜǘŀπ
ŀƴŀƭȅǎƛǎύ 

¦{!Σ 
/ŀƴŀŘŀΣ 
/ƘƛƴŀΣ 
¦YΣ 
tƻƭŀƴŘΣ 
tǳŜǊǘƻ 
wƛŎƻΣ 
!ǳǎǘǊŀƭƛŀΣ 
9ǳǊƻǇŜ 

¢ƘŜ ǎǘǳŘƛŜǎ ǿŜǊŜ 
ǊŀǘŜŘ ōŀǎŜŘ ƻƴ 
ǊŜŎǊǳƛǘƳŜƴǘ ǎǘǊŀǘŜƎȅΣ 
ōƭƛƴŘƛƴƎΣ 
ŎƻƴŦƻǳƴŘƛƴƎΣ 
ŜȄǇƻǎǳǊŜ 
ŀǎǎŜǎǎƳŜƴǘΣ 

ƛƴŎƻƳǇƭŜǘŜ ƻǳǘŎƻƳŜ 
ŘŀǘŀΣ ǎŜƭŜŎǝǾŜ 
ƻǳǘŎƻƳŜ ǊŜǇƻǊǝƴƎΣ 
ŎƻƴƅƛŎǘǎ ƻŦ ƛƴǘŜǊŜǎǘΣ 
ƻǊ ƻǘƘŜǊ ǇǊƻōƭŜƳǎ 
ǘƘŀǘ ŎƻǳƭŘ Ǉǳǘ ǘƘŜ 
ǎǘǳŘȅ ŀǘ Ǌƛǎƪ ƻŦ ōƛŀǎΦ 
bŀǾƛƎŀǝƻƴ ƎǳƛŘŜ ǿŀǎ 
ǳǎŜŘ ǘƻ ŘŜǘŜǊƳƛƴŜ 
ǎǘǳŘȅ ǉǳŀƭƛǘȅΦ  
 
wŜǎǳƭǘǎ ŦǊƻƳ 
ǊŀƴŘƻƳπŜũŜŎǘǎ 
ƳƻŘŜƭ ǇǊŜǎŜƴǘŜŘΤ 
ŬȄŜŘ ŜũŜŎǘǎ ƳƻŘŜƭ 
ǊŜǎǳƭǘǎ ƛƴ 
ǎǳǇǇƭŜƳŜƴǘΦ  

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
оорлу
тлуκ 

{ƛƳƻƴŎƛŎ 
нлнл 

{w a! 

!ŘǾŜǊǎŜ .ƛǊǘƘ hǳǘŎƻƳŜǎ wŜƭŀǘŜŘ ǘƻ 
bhόнύ ŀƴŘ ta 9ȄǇƻǎǳǊŜΥ 9ǳǊƻǇŜŀƴ 
{ȅǎǘŜƳŀǝŎ wŜǾƛŜǿ ŀƴŘ aŜǘŀπ
!ƴŀƭȅǎƛǎΦ 

ммκлоκнл   

¢мΣ .ƛǊǘƘ ǿŜƛƎƘǘΥ πмоΦсо όπнуΦлоΣ лΦттύ 
ό.Ŝǘŀ ŜǎǝƳŀǘŜύ 
¢нΣ .²Υ πуΦор όπноΦлпΣ сΦопύ  
¢оΣ .²Υ πмΦто όπмнΦуоΣ фΦосύ  
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .²Υ πмΦпл όπсΦлуΣ 
оΦнфύ  
t¢.Υ мΦлт όлΦфлΣ мΦнуύ όhwύ 
¦ƴƛǘ Ƴŀȅ ōŜ млҡƎκƳо ōǳǘ ƛǘ ƛǎ ǳƴŎƭŜŀǊ 

     

wƛǎƪ ƻŦ [.² ƛƴŎǊŜŀǎŜǎ ǿƛǘƘ ǘƘŜ ƛƴŎǊŜŀǎŜ ƻŦ taнΦр ŀƴŘ bhн 
ŜȄǇƻǎǳǊŜ 
 
taнΦрΥ 
 
мύ DƛƻǊƎƛǎπ!ƭƭŜƳŀƴŘ Ŝǘ ŀƭΦΣ нлмсΥ 

¢мΣ t¢.Υ лΦфс όлΦуоΣ мΦмлύ όhwύ 
¢нΥ лΦфн όлΦумΣ мΦлсύ  
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦфн όлΦтсΣ мΦлуύ 
 
нύ {ƛŘŘƛƪŀ Ŝǘ ŀƭΦΣ нлмфΥ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦлл όлΦтнΣ мΦоуύ  
 
оύ 5ŀŘǾŀƴŘ Ŝǘ ŀƭΦΣ нлмпΥ 
¢мΣ [.²Υ мΦнн όлΦсфΣ нΦммύ  
¢нΥ мΦст όлΦфмΣ нΦфуύ  
¢оΥ нΦлл όмΦмлΣ оΦснύ  
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦфу όлΦфнΣ пΦмфύ  
 
пύ tŜŘŜǊǎŜƴ Ŝǘ ŀƭΦΣ нлмоΥ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦоф όмΦмнΣ мΦттύ  

πлпκлмκнлнл tǳōaŜŘ мп 9ǳǊƻǇŜ 

LƴŘƛǾƛŘǳŀƭ ǉǳŀƭƛǘȅ 
ŀǎǎŜǎǎƳŜƴǘ 
ƳŜǘƘƻŘƻƭƻƎȅ ǿŀǎ 
ŀŘŀǇǘŜŘ ŦǊƻƳ 
/ǊƻǘŜŀǳ Ŝǘ ŀƭΦ ƛƴ 
нллф ŀƴŘ Řƻƛ ŀƴŘ 
¢Ƙŀƭƛō ƛƴ нллуΦ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
оомро
мумκ 

[ƛ нлнл {w a! 
aŀǘŜǊƴŀƭ ŜȄǇƻǎǳǊŜ ǘƻ ŀƛǊ Ǉƻƭƭǳǝƻƴ 
ŀƴŘ ǘƘŜ Ǌƛǎƪ ƻŦ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘΥ ! 
ƳŜǘŀπŀƴŀƭȅǎƛǎ ƻŦ ŎƻƘƻǊǘ ǎǘǳŘƛŜǎΦ 

луκлпκнл 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦлум όǇŜǊ 
млҡƎκƳоΣ wwύ όмΦлпоΣ мΦмнлύ 
¢мΥ мΦлом όлΦфтнΣ мΦлфоύ 
¢нΥ мΦлом όлΦфунΣ мΦлумύ 
¢оΥ мΦлро όмΦлмлΣ мΦлфтύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦлол όǇŜǊ мл 
ǇǇōΣ wwύ όмΦллуΣ мΦлроύ 
¢мΥ мΦлнн όмΦллфΣ мΦлорύ 
¢нΥ мΦлмо όлΦфууΣ мΦлоуύ 
¢оΥ мΦлмн όлΦфсфΣ мΦлруύ   

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦлпр όǇŜǊ мл 
ǇǇōΣ wwύ όмΦллрΣ мΦлусύ 
¢мΥ лΦффс όлΦфптΣ мΦлпсύ 
¢нΥ мΦлмр όлΦфпуΣ мΦлутύ 
¢оΥ мΦлфо όлΦффнΣ мΦнлпύ 

     πсκнлнл 
tǳōaŜŘ 
ŀƴŘ ²Ŝō ƻŦ 
{ŎƛŜƴŎŜ  

нф ό9ƴǝǊŜ 
ǇǊŜƎƴŀƴŎȅ 
taнΦр ŀƴŘ 
[.²ύΤ 
мф ό¢м taнΦр 
ŀƴŘ [.²ύΤ 
нл ό¢н taнΦр 
ŀƴŘ [.²ύΤ 
нл ό¢о taнΦр 
ŀƴŘ [.²ύΤ 

но ό9ƴǝǊŜ 
ǇǊŜƎƴŀƴŎȅ 
bhн ŀƴŘ 
[.²ύΤ 
мн ό¢м bhн 
ŀƴŘ [.²ύΤ 
мо ό¢н bhн 
ŀƴŘ [.²ύΤ 

мо ό¢о bhн 
ŀƴŘ [.²ύΤ 
мп ό9ƴǝǊŜ 
ǇǊŜƎƴŀƴŎȅ 
hо ŀƴŘ 

[.²ύΤ 
ф ό¢м hо ŀƴŘ 
[.²ύΤ 
у ό¢н hо ŀƴŘ 
[.²ύΤ 
ф ό¢о hо ŀƴŘ 
[.²ύ 

¦YΣ ¦{!Σ 
/ƘƛƴŀΣ 

tŜǊǳΣ 
/ŀƴŀŘŀΣ 
{Ǉŀƛƴ ŀƴŘ 
ƻǘƘŜǊ 
9ǳǊƻǇŜŀƴ 
ŎƻǳƴǘǊƛŜǎΣ 
LǊŀƴΣ 
!ǳǎǘǊŀƭƛŀΣ 

LƴŘƛŀΣ 
[ƛǘƘǳŀƴƛŀΣ 
WŀǇŀƴΣ 
YƻǊŜŀ 

bŜǿŎŀǎǘƭŜ hǧŀǿŀ 
{ŎŀƭŜ όbh{ύ 

ƘǧǇǎΥκ

κǿǿǿΦ
ǎŎƛŜƴŎ
ŜŘƛǊŜŎǘ
ΦŎƻƳκǎ
ŎƛŜƴŎŜ
κŀǊǝŎƭ
ŜκǇƛƛκ{
ллмоф

ормнл
олуср
о 

YƭŜǇŀŎ 

нлму 
{w a! 

!ƳōƛŜƴǘ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ 
ǇǊŜƎƴŀƴŎȅ ƻǳǘŎƻƳŜǎΥ ! 
ŎƻƳǇǊŜƘŜƴǎƛǾŜ ǊŜǾƛŜǿ ŀƴŘ 
ƛŘŜƴǝŬŎŀǝƻƴ ƻŦ ŜƴǾƛǊƻƴƳŜƴǘŀƭ 
ǇǳōƭƛŎ ƘŜŀƭǘƘ ŎƘŀƭƭŜƴƎŜǎΦ 

лтκлрκму 

¢мΣ t¢.Υ мΦло όǇŜǊ млҡƎκƳоΣ hwύ 
όлΦфрΣ мΦммύ 
¢нΥ мΦмл όлΦфсΣ мΦнтύ 
¢оΥ мΦлр όмΦлнΣ мΦлфύ 
CƛǊǎǘ ƳƻƴǘƘΥ мΦлп όлΦфмΣ мΦмфύ 
[ŀǎǘ ƳƻƴǘƘΥ мΦлп όлΦфуΣ мΦмлύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦнп όмΦлуΣ мΦпмύ 

¢мΣ t¢.Υ лΦфф όǇŜǊ мл ǇǇōΣ hwύ 
όлΦфрΣ мΦлоύ 
¢нΥ мΦлн όлΦфтΣ мΦлуύ 
¢оΥ мΦлн όлΦфсΣ мΦлуύ 
CƛǊǎǘ ƳƻƴǘƘΥ мΦлр όлΦффΣ мΦммύ 
[ŀǎǘ ƳƻƴǘƘΥ лΦфм όлΦулΣ мΦлпύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦло όмΦллΣ мΦлрύ 

¢мΣ t¢.Υ мΦло όǇŜǊ мл ǇǇōΣ hwύ 
όмΦлмΣ мΦлрύ 
¢нΥ мΦмн όмΦлрΣ мΦмфύ 
¢оΥ мΦлм όлΦффΣ мΦлоύ 
CƛǊǎǘ ƳƻƴǘƘΥ мΦлм όлΦфуΣ мΦлрύ 
[ŀǎǘ ƳƻƴǘƘΥ лΦфф όлΦфуΣ мΦлмύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦло όмΦлмΣ мΦлпύ 

   

9ȄǇƻǎǳǊŜ ǘƻ ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ŀƴŘ ƻȊƻƴŜ ƻǾŜǊ ǘƘŜ ŜƴǝǊŜ 

ǇǊŜƎƴŀƴŎȅ ǿŀǎ ǎƛƎƴƛŬŎŀƴǘƭȅ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ƘƛƎƘŜǊ Ǌƛǎƪ ŦƻǊ 
ǇǊŜǘŜǊƳ ōƛǊǘƘΦ ¢ƘŜ ǇƻƻƭŜŘ ŜũŜŎǘ ŜǎǝƳŀǘŜǎ ƘŀǾŜ ōŜŜƴ 
ǊŜǇƻǊǘŜŘ ƘŜǊŜΦ CƻǊ ǇǊŜƎƴŀƴŎȅ ƻǳǘŎƻƳŜǎ ƻǘƘŜǊ ǘƘŀƴ t¢.Σ 
ǊŀƴƎŜǎ ƻŦ ƻōǎŜǊǾŜŘ ŜũŜŎǘ ŜǎǝƳŀǘŜǎ ǿŜǊŜ ǊŜǇƻǊǘŜŘ ŘǳŜ ǘƻ 

ǎƳŀƭƭŜǊ ƴǳƳōŜǊ ƻŦ ǎǘǳŘƛŜǎ ƛƴŎƭǳŘŜŘ ƛƴ ŜŀŎƘ ƎŜǎǘŀǝƻƴŀƭ 
ǿƛƴŘƻǿ ƻŦ ŜȄǇƻǎǳǊŜΦ 
 
wŀƴƎŜ ƻŦ ƻōǎŜǊǾŜŘ ŜũŜŎǘ ŜǎǝƳŀǘŜǎΥ 
 
taнΦрΥ 
¢мΣ [.²Υ лΦфт π мΦлоΤ ƴҐо όǇŜǊ млҡƎκƳоΣ hwκwwύ 
¢нΥ лΦуф π мΦмпΤ ƴҐп όǇŜǊ млҡƎκƳоΣ hwκwwύ 
¢оΥ лΦфм π мΦлфΤ ƴҐп όǇŜǊ млҡƎκƳоΣ hwκwwύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦун π мΦпуΤ ƴҐмм όǇŜǊ млҡƎκƳоΣ hwκwwύ 
¢мΣ .² όƎύΥ πсΦл π ннΦуΤ ƴҐс όǇŜǊ млҡƎκƳоύ 
¢нΣ .² όƎύΥ πпмΦл π нфΦпΤ ƴҐт όǇŜǊ млҡƎκƳоύ 
¢оΣ .² όƎύΥ πонΦф π нпΦрΤ ƴҐр όǇŜǊ млҡƎκƳоύ 
мǎǘ ƳƻƴǘƘΣ .² όƎύΥ лΦмΤ ƴҐм όǇŜǊ млҡƎκƳоύ 
[ŀǎǘ ƳƻƴǘƘΣ .² όƎύΥ πнпΦу π лΦмΤ ƴҐо όǇŜǊ млҡƎκƳоύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .² όƎύΥ πссΦу π рнΦсΤ ƴҐмл όǇŜǊ млҡƎκƳоύ 
¢мΣ {D!κL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜύΥ 
мΦлуΤ ƴҐм όǇŜǊ млҡƎκƳоΣ hwκwwύ 
¢нκL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜύΥ мΦлтΤ 
ƴҐм όǇŜǊ млҡƎκƳоΣ hwκwwύ 

πсκнлмс tǳōaŜŘ 

t¢. ŀƴŘ 
taнΦрΥ но 
t¢. ŀƴŘ 
bhнΥ но 
t¢. ŀƴŘ hоΥ 
му 
[.² ŀƴŘ 
taнΦрΥ мт 

[.² ŀƴŘ 
bhнΥ мт 
[.² ŀƴŘ hоΥ 
мп 

.² ŀƴŘ 
taнΦрΥ мо 
.² ŀƴŘ 
bhнΥ мп 
.² ŀƴŘ hоΥ 
с 
{D!κL¦Dw 
ŀƴŘ taнΦрΥ ф 
{D!κL¦Dw 
ŀƴŘ bhнΥ мл 

{D!κL¦Dw 
ŀƴŘ hоΥ т 

²ƻǊƭŘǿƛŘ

Ŝ 

bŜǿŎŀǎǘƭŜ hǧŀǿŀ 

{ŎŀƭŜ όbh{ύ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
оллмп
уфсκ 
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https://pubmed.ncbi.nlm.nih.gov/30014896/


 
 

 

олм 

¢оκL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜύΥ лΦфпΤ 
ƴҐм όǇŜǊ млҡƎκƳоΣ hwκwwύ 
мǎǘ ƳƻƴǘƘκL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜύΥ 
мΦлп π нΦммΤ ƴҐн όǇŜǊ млҡƎκƳоΣ hwκwwύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅκL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ 
ŀƎŜύΥ лΦун π мΦннΤ ƴҐо όǇŜǊ млҡƎκƳоΣ hwκwwύ 
 

bhнΥ 
¢мΣ [.²Υ лΦуп π мΦмлΤ ƴҐр όǇŜǊ мл ǇǇōΣ hwκwwύ 
¢нΥ лΦут π мΦмлΤ ƴҐс όǇŜǊ мл ǇǇōΣ hwκwwύ 
¢оΥ лΦус π мΦтпΤ ƴҐс όǇŜǊ мл ǇǇōΣ hwκwwύ 
мǎǘ ƳƻƴǘƘΥ лΦфу π мΦнсΤ ƴҐн όǇŜǊ мл ǇǇōΣ hwκwwύ 
[ŀǎǘ ƳƻƴǘƘΥ лΦуо π лΦфпΤ ƴҐн όǇŜǊ мл ǇǇōΣ hwκwwύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦфп π мΦрфΤ ƴҐф όǇŜǊ мл ǇǇōΣ hwκwwύ 
¢мΣ .² όƎύΥ πуоΦм π мсΦфΤ ƴҐмл όǇŜǊ мл ǇǇōύ 
¢нΣ .² όƎύΥ πтуΦп π мтΦрΤ ƴҐмл όǇŜǊ мл ǇǇōύ 
¢оΣ .² όƎύΥ πусΦп π мпΦуΤ ƴҐмл όǇŜǊ мл ǇǇōύ 
[ŀǎǘ ƳƻƴǘƘΣ .² όƎύΥ πтΣсΤ ƴҐм όǇŜǊ мл ǇǇōύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .² όƎύΥ πуфΦр π мтΦуΤ ƴҐмл όǇŜǊ мл ǇǇōύ 
¢мΣ {D!κL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜύΥ 
мΦло π мΦотΤ ƴҐп όǇŜǊ мл ǇǇōΣ hwκwwύ 
¢нκL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜύΥ лΦфл π 
мΦумΤ ƴҐр όǇŜǊ мл ǇǇōΣ hwκwwύ 
¢оκL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜύΥ лΦут π 
мΦоуΤ ƴҐр όǇŜǊ мл ǇǇōΣ hwκwwύ 
мǎǘ ƳƻƴǘƘκL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜύΥ 
мΦлр π мΦнпΤ ƴҐн όǇŜǊ мл ǇǇōΣ hwκwwύ 
[ŀǎǘ ƳƻƴǘƘκL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜύΥ 
лΦфл π лΦфуΤ ƴҐн όǇŜǊ мл ǇǇōΣ hwκwwύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅκL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ 
ŀƎŜύΥ лΦфу π мΦрфΤ ƴҐп όǇŜǊ мл ǇǇōΣ hwκwwύ 
 
hоΥ 
¢мΣ [.²Υ лΦфт π мΦлнΤ ƴҐр όǇŜǊ мл ǇǇōΣ hwκwwύ 
¢нΥ лΦфт π мΦмсΤ ƴҐс όǇŜǊ мл ǇǇōΣ hwκwwύ 
¢оΥ лΦфо π мΦмтΤ ƴҐс όǇŜǊ мл ǇǇōΣ hwκwwύ 
мǎǘ ƳƻƴǘƘΥ мΦлм π мΦлпΤ ƴҐн όǇŜǊ мл ǇǇōΣ hwκwwύ 
[ŀǎǘ ƳƻƴǘƘΥ мΦлм π мΦлнΤ ƴҐн όǇŜǊ мл ǇǇōΣ hwκwwύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦфм π мΦмтΤ ƴҐп όǇŜǊ мл ǇǇōΣ hwκwwύ 
¢мΣ .² όƎύΥ πтΦс π όπлΦфύΤ ƴҐп όǇŜǊ мл ǇǇōύ 
¢нΣ .² όƎύΥ πмоΦр π όπлΦнύΤ ƴҐп όǇŜǊ мл ǇǇōύ 
¢оΣ .² όƎύΥ πмлΦн π όπмΦоύΤ ƴҐп όǇŜǊ мл ǇǇōύ 
[ŀǎǘ ƳƻƴǘƘΣ .² όƎύΥ πмΦмΤ ƴҐм όǇŜǊ мл ǇǇōύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .² όƎύΥ πнтΦо π όπпΦсύΤ ƴҐо όǇŜǊ мл ǇǇōύ 
¢мΣ {D!κL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜύΥ 
лΦфф π мΦлнΤ ƴҐо όǇŜǊ мл ǇǇōΣ hwκwwύ 
¢нκL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜύΥ лΦфф π 
мΦннΤ ƴҐо όǇŜǊ мл ǇǇōΣ hwκwwύ 
¢оκL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜύΥ лΦфф π 
мΦнпΤ ƴҐо όǇŜǊ мл ǇǇōΣ hwκwwύ 
мǎǘ ƳƻƴǘƘκL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜύΥ 
лΦфф π мΦлмΤ ƴҐн όǇŜǊ мл ǇǇōΣ hwκwwύ 
[ŀǎǘ ƳƻƴǘƘκL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜύΥ 
лΦфф π мΦлмΤ ƴҐн όǇŜǊ мл ǇǇōΣ hwκwwύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅκL¦Dw ό.²ғмлǘƘ ǇŜǊŎŜƴǝƭŜ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ 
ŀƎŜύΥ мΦнпΤ ƴҐм όǇŜǊ мл ǇǇōΣ hwκwwύ 

¢ŀƴ 
нлмт 

{w a! 
¢ƘŜ !ǎǎƻŎƛŀǝƻƴǎ .ŜǘǿŜŜƴ !ƛǊ 
tƻƭƭǳǝƻƴ ŀƴŘ !ŘǾŜǊǎŜ tǊŜƎƴŀƴŎȅ 
hǳǘŎƻƳŜǎ ƛƴ /ƘƛƴŀΦ 

ммκнрκмт          

IŜǘŜǊƻƎŜƴŜƛǘȅ ŜȄƛǎǘǎ ƛƴ ǎǘǳŘƛŜǎ ǘƘŀǘ ƭƻƻƪŜŘ ƛƴǘƻ ŀƛǊ Ǉƻƭƭǳǘŀƴǘ 
ŀōŘ t¢.Φ IƻǿŜǾŜǊΣ ƎƛǾŜƴ ǘƘŜ ƴǳƳōŜǊ ƻŦ ǎǘǳŘƛŜǎ ǘƘŀǘ ƘŀǾŜ 
ŦƻǳƴŘ ǎƛƎƴƛŬŎŀƴǘ ǊŜƭŀǝƻƴǎƘƛǇ ōŜǘǿŜŜƴ ƳŀǘŜǊƴŀƭ ŀƛǊ 
Ǉƻƭƭǳǝƻƴ ŜȄǇƻǎǳǊŜǎ ŘǳǊƛƴƎ ǇǊŜƎƴŀƴŎȅ ŀƴŘ Ǌƛǎƪ ƻŦ t¢.Σ 
ŬƴŘƛƴƎǎ ǎǳǇǇƻǊǘŜŘ ǘƘŀǘ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŎƻƴǘǊƛōǳǘŜǎ ǘƻ Ǌƛǎƪ ŦƻǊ 
t¢.Φ 
 
9ȄǇƻǎǳǊŜ ǘƻ ŀƛǊ Ǉƻƭƭǳǘŀƴǘǎ ŘǳǊƛƴƎ ǇǊŜƎƴŀƴŎȅ ƛǎ ŎƭƻǎŜƭȅ 
ǊŜƭŀǘŜŘ ǘƻ ǘƘŜ ƻŎŎǳǊǊŜƴŎŜ ƻŦ [.²Σ ŀƴŘ ǘƘŜǊŜ ŀǊŜ ǎƛƎƴƛŬŎŀƴǘ 
ŘƛũŜǊŜƴŎŜǎ ƛƴ ŜȄǇƻǎǳǊŜ ǘƻ ŘƛũŜǊŜƴǘ ŀƛǊ Ǉƻƭƭǳǘŀƴǘǎ ŀƴŘ 
ŘƛũŜǊŜƴǘ ǎǘŀƎŜǎ ƻŦ ǇǊŜƎƴŀƴŎȅ ƛƴ ŘƛũŜǊŜƴǘ ǎǘǳŘƛŜǎΤ ƘƻǿŜǾŜǊΣ 
ǎƻƳŜ ǎǘǳŘƛŜǎ ŀƭǎƻ ǎƘƻǿ ǘƘŀǘ ŀƛǊ Ǉƻƭƭǳǘŀƴǘ ŜȄǇƻǎǳǊŜ ŀǊŜ ƴƻǘ 
ǎƛƎƴƛŬŎŀƴǘƭȅ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘΦ 
 
мύ WƛŀƴƎ Ŝǘ ŀƭΦ нллтΥ 
bhн ŀƴŘ t¢.Υ мΦлрΤ фр҈ /LΣ мΦлнςмΦлф όwwύ 
hо ŀƴŘ t¢.Υ мΦлрΤ фр҈ /LΣ мΦллςмΦлф όwwύ 
нύ wǳŀƴ Ŝǘ ŀƭΦ нлмлΥ 
bhн ŀƴŘ t¢.Υ мΦлмΤ фр҈ /LΣ мΦллςмΦлм όhwύ 
оύ IǳŀƴƎ Ŝǘ ŀƭΦ нлмрΥ 
¢м bhн ŀƴŘ /ƘƴŀƎŜ ƻŦ ōƛǊǘƘ ǿŜƛƎƘǘΥ рΦур ƎΤ фр҈ /LΣπмΦлоς
мнΦтп 
¢н bhн ŀƴŘ /ƘŀƴƎŜ ƻŦ ōƛǊǘƘ ǿŜƛƎƘǘΥ πоΦтн ƎΤ фр҈ /LΣπммΦтсς

пΦон 
¢о bhн ŀƴŘ /ƘŀƴƎŜ ƻŦ ōƛǊǘƘ ǿŜƛƎƘǘΥ ҍмоΦту ƎΤ фр҈ /LΣπ
нмΦмнςсΦпо 
пύ vƛŀƴ Ŝǘ ŀƭΦ нлмсΥ 
¢м bhн ŀƴŘ /ƘŀƴƎŜ ƻŦ ōƛǊǘƘ ǿŜƛƎƘǘΥ πсΦл Ǝ 
рύ Cŀƴ нлмоΥ 
bhн ŀƴŘ [.²Υ лΦфпуΤ фр҈ /LΣ лΦфлоςлΦффо όwwΣ ƭŀƎнύ 

    р /Ƙƛƴŀ   

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
нфмтт
фсоκ 

[ƛǳ нлмт {w a! 

5ƛũŜǊŜƴǘ ŜȄǇƻǎǳǊŜ ƭŜǾŜƭǎ ƻŦ ŬƴŜ 
ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ŀƴŘ ǇǊŜǘŜǊƳ 
ōƛǊǘƘΥ ŀ ƳŜǘŀπŀƴŀƭȅǎƛǎ ōŀǎŜŘ ƻƴ 
ŎƻƘƻǊǘ ǎǘǳŘƛŜǎΦ 

лсκмрκмт 

 
¢мΣ t¢.Υ мΦмр όǇŜǊ млҡƎκƳоΣ hwύ 
όмΦлрΣ мΦнпύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦмр όлΦффΣ мΦооύ 

¢мΣ IƛƎƘ ŜȄǇƻǎǳǊŜ ό²мр ҡƎκƳоύΥ мΦмм 
όлΦфпΣ мΦонύ 
¢мΣ [ƻǿ ŜȄǇƻǎǳǊŜ όғмр ҡƎκƳоύΥ мΦмт 

όмΦлпΣ мΦолύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ IƛƎƘ ŜȄǇƻǎǳǊŜΥ мΦлс 
όмΦлпΣ мΦлуύ 
[ƻǿ ŜȄǇƻǎǳǊŜΥ мΦом όмΦлсΣ мΦсоύ 

           

9ƳōŀǎŜΣ 
tǳōaŜŘΣ 
²Ŝō ƻŦ 
{ŎƛŜƴŎŜΣ 
/ƻŎƘǊŀƴŜ 
ŘŀǘŀōŀǎŜǎΣ 
ŀƴŘ 
²ŀƴŦŀƴƎ 
ŘŀǘŀōŀǎŜ 

мм 

¦{!Σ 
/ƘƛƴŀΣ 
/ŀƴŀŘŀΣ 
bŜǘƘŜǊƭŀ
ƴŘǎΣ 
bƻǊǘƘ 
²Ŝǎǘ 
9ƴƎƭŀƴŘΣ 
!ǳǎǘǊŀƭƛŀ 

bŜǿŎŀǎǘƭŜ hǧŀǿŀ 
{ŎŀƭŜ όbh{ύ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
нусмс
тплκ 

Wƛ нлмф {w a! 
!ǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ŜȄǇƻǎǳǊŜ ǘƻ 
ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ŘǳǊƛƴƎ 
ǇǊŜƎƴŀƴŎȅ ŀƴŘ ōƛǊǘƘǿŜƛƎƘǘΥ ! 

лрκолκмт 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦлп όǇŜǊ 
млҡƎκƳоΣ wwύ όлΦффΣ мΦлфύ 
¢мΥ  мΦлм όлΦфуΣ мΦлоύ 

         πоκсκнлмт 
tǳōaŜŘΣ 
DƻƻƎƭŜ 

с 
/ŀƴŀŘŀΣ 
{ǇŀƛƴΣ 
.ǊŀȊƛƭΣ 

bŜǿŎŀǎǘƭŜ hǧŀǿŀ 
{ŎŀƭŜ όbh{ύ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō

https://pubmed.ncbi.nlm.nih.gov/29177963/
https://pubmed.ncbi.nlm.nih.gov/29177963/
https://pubmed.ncbi.nlm.nih.gov/29177963/
https://pubmed.ncbi.nlm.nih.gov/29177963/
https://pubmed.ncbi.nlm.nih.gov/29177963/
https://pubmed.ncbi.nlm.nih.gov/29177963/
https://pubmed.ncbi.nlm.nih.gov/29177963/
https://pubmed.ncbi.nlm.nih.gov/28616740/
https://pubmed.ncbi.nlm.nih.gov/28616740/
https://pubmed.ncbi.nlm.nih.gov/28616740/
https://pubmed.ncbi.nlm.nih.gov/28616740/
https://pubmed.ncbi.nlm.nih.gov/28616740/
https://pubmed.ncbi.nlm.nih.gov/28616740/
https://pubmed.ncbi.nlm.nih.gov/28616740/
https://pubmed.ncbi.nlm.nih.gov/29089474/
https://pubmed.ncbi.nlm.nih.gov/29089474/
https://pubmed.ncbi.nlm.nih.gov/29089474/


 
 

 

олн 

ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿ ŀƴŘ ŀ ƳŜǘŀπ
ŀƴŀƭȅǎƛǎ ƻŦ ōƛǊǘƘ ŎƻƘƻǊǘ ǎǘǳŘƛŜǎ 

¢нΥ мΦмр όлΦфсΣ мΦоуύ 
¢оΥ мΦмт όлΦфпΣ мΦпсύ 

{ŎƘƻƭŀǊΣ ŀƴŘ 
9ƳōŀǎŜ 

¦{!Σ 
9ǳǊƻǇŜ 

ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
нфлуф
птпκ 

[ƛ нлмт {w a! 

!ǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ŀƳōƛŜƴǘ ŬƴŜ 
ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ŀƴŘ ǇǊŜǘŜǊƳ 
ōƛǊǘƘ ƻǊ ǘŜǊƳ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘΥ !ƴ 
ǳǇŘŀǘŜŘ ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿ ŀƴŘ 
ƳŜǘŀπŀƴŀƭȅǎƛǎΦ 

лпκнуκмт 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.²Υ мΦлр όǇŜǊ 
млҡƎκƳоΣ hwύ όлΦфуΣ мΦмнύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦло όǇŜǊ LvwΣ hwύ 
όмΦлнΣ мΦлоύ 
¢мΥ мΦлл όлΦфмΣ мΦммύ 
¢нΥ мΦлл όлΦфсΣ мΦлоύ 
¢оΥ мΦло όлΦфуΣ мΦлфύ 
 
t¢.Υ мΦлн όǇŜǊ млҡƎκƳоΣ hwύ όлΦфоΣ 
мΦмнύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦло όǇŜǊ LvwΣ hwύ 
όмΦлмΣ мΦлрύ 
¢мΥ мΦло όмΦллΣ мΦлсύ 
¢нΥ мΦлм όлΦфоΣ мΦмлύ 
¢оΥ мΦлн όлΦффΣ мΦлпύ 

         
мнκнлмрπ
лтκнлмс 

t¦.a95 
ŀƴŘ 
/ƻŎƘǊŀƴŜΣ 
ŀǎ ǿŜƭƭ ŀǎ ƻƴ 
/Ƙƛƴŀ 

bŀǝƻƴŀƭ 
YƴƻǿƭŜŘƎŜ 
LƴŦǊŀǎǘǊǳŎǘǳǊ
Ŝ ό/bYLύ ŀƴŘ 
²ŀƴŦŀƴƎ 
5ŀǘŀ 
YƴƻǿƭŜŘƎŜ 
{ŜǊǾƛŎŜ 
tƭŀǜƻǊƳ 

9ƴǝǊŜ 
ǇǊŜƎƴŀƴŎȅΣ 
¢[.²Υ п 
9ƴǝǊŜ 
ǇǊŜƎƴŀƴŎȅΥ 
т 
¢мΥ о 

¢нΥ п 
¢оΥ о 
9ƴǝǊŜ 
ǇǊŜƎƴŀƴŎȅΣ 
t¢.Υ с 
9ƴǝǊŜ 
ǇǊŜƎƴŀƴŎȅΣ 
t¢.Υ у 
¢мΥ р 
¢нΥ п 
¢оΥ п 

²ƻǊƭŘǿƛŘ
Ŝ 

bŜǿŎŀǎǘƭŜ hǧŀǿŀ 

{ŎŀƭŜ όbh{ύ ŀƴŘ 
!ƎŜƴŎȅ ŦƻǊ 
IŜŀƭǘƘŎŀǊŜ wŜǎŜŀǊŎƘ 
ŀƴŘ vǳŀƭƛǘȅ ό!Iwvύ 
ƎǳƛŘŜƭƛƴŜǎ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
нупрт
торκ 

{ǳƴ 
нлмс 

{w a! 

¢ƘŜ ŀǎǎƻŎƛŀǝƻƴǎ ōŜǘǿŜŜƴ ōƛǊǘƘ 
ǿŜƛƎƘǘ ŀƴŘ ŜȄǇƻǎǳǊŜ ǘƻ ŬƴŜ 
ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ όtaнΦрύ ŀƴŘ ƛǘǎ 
ŎƘŜƳƛŎŀƭ ŎƻƴǎǝǘǳŜƴǘǎ ŘǳǊƛƴƎ 
ǇǊŜƎƴŀƴŎȅΥ ! ƳŜǘŀπŀƴŀƭȅǎƛǎΦ 

мнκнфκмр 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ π
мрΦф όǇŜǊ млҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ όπ
нсΦуΣ πрΦлύ 
¢мΥ πуΦо όπмтΦлΣ лΦпύ 
¢нΥ πмнΦс όπнмΦтΣ πоΦмύ 
¢оΥ πмлΦл όπмсΦсΣ πоΦрύ 
 
[.²Υ мΦлфл όǇŜǊ млҡƎκƳоΣ hwύ 
όмΦлонΣ мΦмрлύ 
¢мΥ мΦлнс όлΦфоΣ мΦмолύ 
¢нΥ мΦлор όлΦфрнΣ мΦмнрύ 
¢оΥ мΦноо όлΦфслΣ мΦрурύ 

    

9ƴǝǊŜ 
ǇǊŜƎƴŀƴŎȅΣ 
[.²Υ лΦо  
όπмΦмΣ мΦтύ 
 όǇŜǊ млƴƎκƳоΣ 
tŜǊŎŜƴǘŀƎŜ 
ŎƘŀƴƎŜ ƛƴ 
ƻŘŘǎύ 
/ƻƳǇƻƴŜƴǘ ƻŦ 
taнΦр 

 

9ƴǝǊŜ 
ǇǊŜƎƴŀƴŎȅΣ 
.ƛǊǘƘ ǿŜƛƎƘǘ 
όƎύΥ πмсΦн  
όπнмΦлΣ πммΦоύ  
όǇŜǊ млƴƎκƳоΣ 
.Ŝǘŀ ŜǎǝƳŀǘŜύ 
[.²Υ рΦу 
όоΦоΣ уΦпύ 
 όǇŜǊ млƴƎκƳоΣ 
tŜǊŎŜƴǘŀƎŜ 
ŎƘŀƴƎŜ ƛƴ 

ƻŘŘǎύ 
/ƻƳǇƻƴŜƴǘ ƻŦ 
taнΦр 

9ƴǝǊŜ 
ǇǊŜƎƴŀƴŎȅΣ 
.ƛǊǘƘ ǿŜƛƎƘǘ 
όƎύΥ πтΦр 
όπмлΦлΣ πрΦлύ 
όǇŜǊ млƴƎκƳоΣ 
.Ŝǘŀ ŜǎǝƳŀǘŜύ 
[.²Υ оΦм 
όмΦсΣ пΦсύ  
όǇŜǊ млƴƎκƳоΣ 
tŜǊŎŜƴǘŀƎŜ 
ŎƘŀƴƎŜ ƛƴ 

ƻŘŘǎύ 
/ƻƳǇƻƴŜƴǘ ƻŦ 
taнΦр 

  πоκнлмр 

95[Lb9Σ 
t¦.a95 
ŀƴŘ 9a.!{9 
ŘŀǘŀōŀǎŜǎ 
ŀǎ 
ǿŜƭƭ ŀǎ 
/Ƙƛƴŀ 
.ƛƻƭƻƎƛŎŀƭ 
aŜŘƛŎƛƴŜ 
ŀƴŘ 
²ŀƴŦŀƴƎ 
ŘŀǘŀōŀǎŜǎ 

он 
²ƻǊƭŘǿƛŘ
Ŝ 

  

ƘǧǇǎΥκ
κǿǿǿΦ
ǎŎƛŜƴŎ
ŜŘƛǊŜŎǘ
ΦŎƻƳκǎ
ŎƛŜƴŎŜ
κŀǊǝŎƭ
ŜκǇƛƛκ{
лнсфт
пфммр
олнос
л 

{ǳƴ 
нлмр 

{w a! 

¢ƘŜ ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ŬƴŜ 
ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ŜȄǇƻǎǳǊŜ ŘǳǊƛƴƎ 
ǇǊŜƎƴŀƴŎȅ ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘΥ ŀ 
ƳŜǘŀπŀƴŀƭȅǎƛǎΦ 

ммκмуκмр 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦмо όǇŜǊ 
млҡƎκƳоΣ hwύ όмΦлоΣ мΦнпύ 
¢мΥ мΦлу όлΦфнΣ мΦнсύ 
¢нΥ мΦлф όлΦунΣ мΦппύ 
¢оΥ мΦлу όлΦффΣ мΦмтύ 
CƛǊǎǘ ƳƻƴǘƘ ƻŦ ƎŜǎǘŀǝƻƴΥ мΦмл όлΦфнΣ 

мΦолύ 
²ƛǘƘƛƴ ƻƴŜ ƳƻƴǘƘ ōŜŦƻǊŜ ōƛǊǘƘΥ мΦлм 
όлΦусΣ мΦмфύ 

         πмнκнлмп 

a95[Lb9Σ 
t¦.a95 
ŀƴŘ 9ƳōŀǎŜ 
ŘŀǘŀōŀǎŜǎ 
ŀǎ ǿŜƭƭ ŀǎ 
ǘƘŜ /Ƙƛƴŀ 
.ƛƻƭƻƎƛŎŀƭ 

aŜŘƛŎƛƴŜ 
ŀƴŘ 
²ŀƴŦŀƴƎ 
ŘŀǘŀōŀǎŜǎ 

му 
²ƻǊƭŘǿƛŘ
Ŝ 

bŜǿŎŀǎǘƭŜ hǧŀǿŀ 
{ŎŀƭŜ όbh{ύ 

ƘǧǇǎΥκ
κōƳŎǇ
ǊŜƎƴŀƴ
ŎȅŎƘƛƭŘ
ōƛǊǘƘΦō
ƛƻƳŜŘ
ŎŜƴǘǊŀƭ
ΦŎƻƳκŀ
ǊǝŎƭŜǎκ
млΦмму
сκǎмну
упπ
лмрπ
лтоуπн 

[ŀƳƛŎƘƘ
ŀƴŜ 

нлмр 

{w a! 
! ƳŜǘŀπŀƴŀƭȅǎƛǎ ƻŦ ŜȄǇƻǎǳǊŜ ǘƻ 
ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ŀƴŘ ŀŘǾŜǊǎŜ 

ōƛǊǘƘ ƻǳǘŎƻƳŜǎΦ 

ммκлоκмр 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ π
ннΦмт όǇŜǊ млҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ 
όπотΦфоΣ πсΦпмύ 
¢мΥ πсΦнл όπмфΦрмΣ тΦмнύ 
¢нΥ πмлΦрт όπмуΦфрΣ πнΦнлύ 
¢оΥ πтΦсл όπфΦупΣ πрΦосύ 
 
t¢.Υ мΦмо όǇŜǊ млҡƎκƳоΣ hwύ όлΦфуΣ 
мΦнуύ 
¢мΥ мΦлт όлΦфсΣ мΦмуύ 
¢нΥ мΦмр όлΦтрΣ мΦрсύ 
¢оΥ мΦло όлΦфтΣ мΦлфύ 

         
лмκмфулπ
лпκнлмр 

tǳōaŜŘ 
ŀƴŘ ²Ŝō ƻŦ 

{ŎƛŜƴŎŜ 

ну 

¦{!Σ 
9ǳǊƻǇŜΣ 
!ǳǎǘǊŀƭƛŀΣ 
bƻǊǿŀȅΣ 
tƻƭŀƴŘΣ 
bŜǘƘŜǊƭŀ
ƴŘǎΣ 
/ŀƴŀŘŀ 

/ƘŜŎƪƭƛǎǘ ŘŜǾŜƭƻǇŜŘ 
ōȅ 5ƻǿƴǎ ŀƴŘ .ƭŀŎƪ 
5ƻǿƴǎ {IΣ .ƭŀŎƪ bΦ 
Ϧ¢ƘŜ ŦŜŀǎƛōƛƭƛǘȅ ƻŦ 
ŎǊŜŀǝƴƎ ŀ ŎƘŜŎƪƭƛǎǘ 
ŦƻǊ ǘƘŜ ŀǎǎŜǎǎƳŜƴǘ 
ƻŦ ǘƘŜ 
ƳŜǘƘƻŘƻƭƻƎƛŎŀƭ 
ǉǳŀƭƛǘȅ ōƻǘƘ ƻŦ 

ǊŀƴŘƻƳƛǎŜŘ ŀƴŘ 
ƴƻƴπǊŀƴŘƻƳƛǎŜŘ 
ǎǘǳŘƛŜǎ ƻŦ ƘŜŀƭǘƘ 
ŎŀǊŜ ƛƴǘŜǊǾŜƴǝƻƴǎΦ W 
9ǇƛŘŜƳƛƻƭ 
/ƻƳƳǳƴƛǘȅ IŜŀƭǘƘ 
мффуΤрнόсύΥоттπ
оупΦϦ 

ƘǧǇǎΥκ
κǿǿǿΦ
ƴŎōƛΦƴƭ
ƳΦƴƛƘΦ
ƎƻǾκǇ
ƳŎκŀǊǘ
ƛŎƭŜǎκt
a/пт
ннфср
κ 

½Ƙǳ 
нлмр 

{w a! 

aŀǘŜǊƴŀƭ ŜȄǇƻǎǳǊŜ ǘƻ ŬƴŜ 
ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ όtaнΦрύ ŀƴŘ 
ǇǊŜƎƴŀƴŎȅ ƻǳǘŎƻƳŜǎΥ ŀ ƳŜǘŀπ
ŀƴŀƭȅǎƛǎΦ 

луκнуκмп 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ π
мпΦру όǇŜǊ млҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ 
όπмфΦомΣ πфΦусύ 
¢мΥ πсΦсо όπмоΦсрΣ лΦофύ 
¢нΥ πуΦлл όπмпΦрнΣ πмΦпуύ 
¢оΥ πмпΦфм όπнмΦтоΣ πуΦлфύ 
 
[.²Υ мΦлр όǇŜǊ млҡƎκƳоΣ hwύ όмΦлнΣ 
мΦлтύ 
t¢.Υ  мΦмл όмΦлоΣ мΦмуύ 
¢мΥ  лΦфс όлΦттΣ мΦнмύ 
¢нΥ лΦфл όлΦтфΣ мΦлоύ 
¢оΥ лΦфт όлΦуфΣ мΦлрύ 
 
{D!Υ мΦмр όмΦмлΣ мΦнлύ 
¢мΥ мΦлт όмΦлрΣ мΦмлύ 
¢нΥ мΦлс όмΦлнΣ мΦмлύ 
¢оΥ мΦлс όмΦлпΣ мΦлуύ 

         πоκмκнлмп 

tǳōaŜŘΣ 
²Ŝō ƻŦ 
{ŎƛŜƴŎŜΣ 
9ƳōŀǎŜΣ 
ŀƴŘ DƻƻƎƭŜ 
{ŎƘƻƭŀǊ 

но 

¦{!Σ 
!ǳǎǘǊŀƭƛŀΣ 
bƻǊǿŀȅΣ 
tƻƭŀƴŘΣ 
bƻǊǘƘǿŜǎ
ǘ 
9ƴƎƭŀƴŘΣ 
bŜǘƘŜǊƭŀ
ƴŘǎΣ 
/ŀƴŀŘŀ 

  

ƘǧǇǎΥκ
κƭƛƴƪΦǎ
ǇǊƛƴƎŜ
ǊΦŎƻƳκ
ŀǊǝŎƭŜ
κмлΦмл
лтκǎмм
орсπ
лмпπ
опруπт 

[ŀƛ нлмо {w a! 
aŜǘŀπŀƴŀƭȅǎƛǎ ƻŦ ŀŘǾŜǊǎŜ ƘŜŀƭǘƘ 
ŜũŜŎǘǎ ŘǳŜ ǘƻ ŀƛǊ Ǉƻƭƭǳǝƻƴ ƛƴ 
/ƘƛƴŜǎŜ ǇƻǇǳƭŀǝƻƴǎΦ 

лпκмуκмо   
t¢.Υ мΦлрпо όǇŜǊ млҡƎκƳоΣ wwύ 
фр҈ /L ƴƻǘ ǇǊƻǾƛŘŜŘ 

t¢.Υ мΦлпсо όǇŜǊ млҡƎκƳоΣ wwύ 
фр҈ /L ƴƻǘ ǇǊƻǾƛŘŜŘ 

     πсκолκнлмн a95[Lb9 м /Ƙƛƴŀ   

ƘǧǇǎΥκ
κǿǿǿΦ
ƴŎōƛΦƴƭ
ƳΦƴƛƘΦ
ƎƻǾκǇ
ƳŎκŀǊǘ
ƛŎƭŜǎκt
a/ос
фумрр
κ 

{ǝŜō 
нлмн 

{w a! 
!ƳōƛŜƴǘ ŀƛǊ ǇƻƭƭǳǝƻƴΣ ōƛǊǘƘ ǿŜƛƎƘǘ 
ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘΥ ŀ ǎȅǎǘŜƳŀǝŎ 
ǊŜǾƛŜǿ ŀƴŘ ƳŜǘŀπŀƴŀƭȅǎƛǎΦ 

лсκнмκмн 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ π
ноΦп όǇŜǊ млҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ όπ
прΦрΣ πмΦпύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ π
нуΦм όǇŜǊ нлǇǇōΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ όπ
ппΦуΣ πммΦрύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ π
млΦл όǇŜǊ нлǇǇōΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ όπ
онΦпΣ мнΦпύ 

     
лмκмфулπ
лмκнлмм 

9a.!{9Σ 
a95[Lb9Σ 
{ŎƻǇǳǎΣ 
/ǳǊǊŜƴǘ 

пс 

¦{!Σ 
DŜǊƳŀƴȅΣ 
.ǊŀȊƛƭΣ 
[ƛǘƘǳŀƴƛŀΣ 

{ǘǳŘȅ ǉǳŀƭƛǘȅ ǿŀǎ 
ŀǎǎŜǎǎŜŘ ōŀǎŜŘ ƻƴ 
ŘŜǎƛƎƴΣ ŜȄǇƻǎǳǊŜ 
ŎƘŀǊŀŎǘŜǊƛȊŀǝƻƴ ŀƴŘ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
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оло 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦлр όǇŜǊ 
млҡƎκƳоΣ hwύ όлΦффΣ мΦмнύ 
¢оΣ t¢.Υ мΦлр όлΦфуΣ мΦмоύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦлр όǇŜǊ 
нлǇǇōΣ hwύ όмΦллΣ мΦлфύ 
¢оΣ t¢.Υ мΦлс όǇŜǊ нлǇǇōΣ hwύ όлΦфсΣ 
мΦмуύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦлм όǇŜǊ 
нлǇǇōΣ hwύ όлΦунΣ мΦнрύ 
¢оΣ t¢.Υ лΦфт όǇŜǊ нлǇǇōΣ hwύ όлΦусΣ 
мΦмлύ 

/ƻƴǘŜƴǘǎΣ 
Dƭƻōŀƭ 
IŜŀƭǘƘΣ 
/ƻŎƘǊŀƴŜΣ 
¢h·[Lb9 ŀƴŘ 
ǘƘŜ 
/ŀƴŀŘƛŀƴ 

wŜǎŜŀǊŎƘ 
LƴŘŜȄ 

!ǳǎǘǊŀƭƛŀΣ 
bƻǊǿŀȅΣ 
{ǇŀƛƴΣ 
/ŀƴŀŘŀΣ 
¢ŀƛǿŀƴΣ 
CǊŀƴŎŜΣ 
{ƻǳǘƘ 

YƻǊŜŀΣ 
tƻƭŀƴŘΣ 
9ƴƎƭŀƴŘΣ 
²ŀƭŜǎΣ 
bŜǘƘŜǊƭŀ
ƴŘǎΣ 
/ȊŜŎƘ 
wŜǇǳōƭƛŎ 

ŀŘƧǳǎǘƳŜƴǘ ŦƻǊ 
ŎƻǾŀǊƛŀǘŜǎΣ ŀƴŘ 
ǎŜƴǎƛǝǾƛǘȅ ŀƴŀƭȅǎŜǎ 
ǿŜǊŜ ŎƻƴŘǳŎǘŜŘ 
ǿƘŜǊŜ ŦŜŀǎƛōƭŜ ōŀǎŜŘ 
ƻƴ ǘƘŜǎŜ ŦŀŎǘƻǊǎ 

ƛƘΦƎƻǾκ
ннтнс
улмκ 

IŜƻ 

нлмф 
{w 

wƛǎƪ ƻŦ ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ƻƴ ōƛǊǘƘ 
ƻǳǘŎƻƳŜǎ ƛƴ ǊŜƭŀǝƻƴ ǘƻ ƳŀǘŜǊƴŀƭ 

ǎƻŎƛƻπŜŎƻƴƻƳƛŎ ŦŀŎǘƻǊǎΥ ŀ 
ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿΦ 

мнκмфκно         

¢ƘŜ ǊŜǾƛŜǿ ǳƴŎƻǾŜǊŜŘ ŀ ƘƛƎƘŜǊ ǎǘŀǝǎǝŎŀƭƭȅ ǎƛƎƴƛŬŎŀƴǘ ŜũŜŎǘ 
ƻŦ ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ŜȄǇƻǎǳǊŜ ƻƴ ǘƘŜ Ǌƛǎƪ ƻŦ ƭƻǿ ōƛǊǘƘ 
ǿŜƛƎƘǘ ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘ ƛƴ ƛƴŦŀƴǘǎ ōƻǊƴ ǘƻ !ŦǊƛŎŀƴ 
!ƳŜǊƛŎŀƴκ.ƭŀŎƪ ƳƻǘƘŜǊǎ ŎƻƳǇŀǊŜŘ ǘƻ ƛƴŦŀƴǘǎ ōƻǊƴ ǘƻ 
ǿƻƳŜƴ ƻŦ ƻǘƘŜǊ ŜǘƘƴƛŎƛǝŜǎΦ CǳǊǘƘŜǊƳƻǊŜΣ ǘƘŜǊŜ ǿŀǎ ƭƛƳƛǘŜŘ 
ŜǾƛŘŜƴŎŜ ƛƴŘƛŎŀǝƴƎ ǘƘŀǘ ǘƘŜ Ǌƛǎƪ ƭƛƴƪŜŘ ǘƻ ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ 
ǿŀǎ ƳƻǊŜ ǇǊƻƴƻǳƴŎŜŘ ŦƻǊ ƛƴŦŀƴǘǎ ƻŦ ƳƻǘƘŜǊǎ ǿƛǘƘ ƭƻǿŜǊ 
ŜŘǳŎŀǝƻƴŀƭ ŀǧŀƛƴƳŜƴǘ ƛƴ ǊŜƭŀǝƻƴ ǘƻ ōƻǘƘ ǇǊŜǘŜǊƳ ōƛǊǘƘ 
ŀƴŘ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘΦ IƻǿŜǾŜǊΣ ŘǳŜ ǘƻ ŀ ǊŜǎǘǊƛŎǘŜŘ ƴǳƳōŜǊ 
ƻŦ ǎǘǳŘƛŜǎΣ ƛǘ ǊŜƳŀƛƴǎ ƛƴŎƻƴŎƭǳǎƛǾŜ ǿƘŜǘƘŜǊ ŦŀŎǘƻǊǎ ǎǳŎƘ ŀǎ 
ƛƴŎƻƳŜΣ ƻŎŎǳǇŀǝƻƴΣ ŀƴŘ ŀǊŜŀπƭŜǾŜƭ ǎƻŎƛƻπŜŎƻƴƻƳƛŎ ǎǘŀǘǳǎ 
ŎƻƴǘǊƛōǳǘŜ ǘƻ ŜũŜŎǘ ƳƻŘƛŬŎŀǝƻƴΣ ǳƴŘŜǊǎŎƻǊƛƴƎ ǘƘŜ 
ƴŜŎŜǎǎƛǘȅ ŦƻǊ ŀŘŘƛǝƻƴŀƭ ǊŜǎŜŀǊŎƘΦ 

лмκнлллπ

лтκнлмф 

aŜŘƭƛƴŜκt¦

.a95 

ор ǎǘǳŘƛŜǎ 
ŦƻǊ taнΦр 
ŀƴŘ пн 
ǎǘǳŘƛŜǎ ŦƻǊ 
ŀƭƭ ta 

¦{!Σ 
/ŀƴŀŘŀΣ 
¦YΣ 
CǊŀƴŎŜΣ 
bƻǊǿŀȅ 

vǳŀƭƛǘȅ ŎǊƛǘŜǊƛŀ ŦǊƻƳ 
ǘƘŜ ŀǎǎŜǎǎƳŜƴǘ ǘƻƻƭǎ 
ƻŦ ǘƘŜ {ǘǊŜƴƎǘƘŜƴƛƴƎ 
ǘƘŜ wŜǇƻǊǝƴƎ ƻŦ 
hōǎŜǊǾŀǝƻƴŀƭ 
{ǘǳŘƛŜǎ ƛƴ 
9ǇƛŘŜƳƛƻƭƻƎȅ 
ό{¢wh.9ύΣ ǘƘŜ 
vǳŀƭƛǘȅ !ǎǎŜǎǎƳŜƴǘ 
¢ƻƻƭ ŦƻǊ ǊŜǾƛŜǿ 
ŀǊǝŎƭŜǎ ōȅ ǘƘŜ 
IŜŀƭǘƘ 9ǾƛŘŜƴŎŜ 
όIŜŀƭǘƘ 9ǾƛŘŜƴŎŜ 
нлмуύΣ /ƻŎƘǊŀƴŜ 
ƎǳƛŘŜƭƛƴŜ όIŀƴŘōƻƻƪ 

ǾŜǊǎƛƻƴ рΦмύ όIƛƎƎƛƴǎ 
ŀƴŘ DǊŜŜƴ нлммύΣ 
ŀƴŘ ǘƘŜ vǳŀƭƛǘȅ 
!ǎǎŜǎǎƳŜƴǘ ¢ƻƻƭ ŦƻǊ 
vǳŀƴǝǘŀǝǾŜ {ǘǳŘƛŜǎ 
όbŀǝƻƴŀƭ 
/ƻƭƭŀōƻǊŀǝƴƎ /ŜƴǘǊŜ 
ŦƻǊ aŜǘƘƻŘǎ ŀƴŘ 
¢ƻƻƭǎ нлмтύ 
ǊŜƎŀǊŘƛƴƎ ǘƘŜ 
ŎƘŀǊŀŎǘŜǊƛǎǝŎǎ ƻŦ 
ǇǊƛƳŀǊȅ ǎǘǳŘƛŜǎ ŀƴŘ 
ǘƘŜ ǊŜǎŜŀǊŎƘ 
ǉǳŜǎǝƻƴ ƻŦ ǘƘŜ 
ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿΦ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
опмлу
ффтκ 

tǊƻǘŀƴƻ 
нлмн 

{w 

! ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿ ƻŦ ōŜƴȊŜƴŜ 
ŜȄǇƻǎǳǊŜ ŘǳǊƛƴƎ ǇǊŜƎƴŀƴŎȅ ŀƴŘ 
ŀŘǾŜǊǎŜ ƻǳǘŎƻƳŜǎ ƻƴ ƛƴǘǊŀǳǘŜǊƛƴŜ 
ŘŜǾŜƭƻǇƳŜƴǘ ŀƴŘ ōƛǊǘƘΥ ǎǝƭƭ ŦŀǊ 
ŦǊƻƳ ǎŎƛŜƴǝŬŎ ŜǾƛŘŜƴŎŜΦ 

ммκмнκно         

hǾŜǊŀƭƭΥ 9ǾƛŘŜƴŎŜ ǎǳǇǇƻǊǘŜŘ ŀƴ ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ 
ƘŜƛƎƘǘŜƴŜŘ ƳŀǘŜǊƴŀƭ ŜȄǇƻǎǳǊŜ ǘƻ ōŜƴȊŜƴŜ ŀƴŘ ŀƴ ŜƭŜǾŀǘŜŘ 
Ǌƛǎƪ ƻŦ ǇǊŜǘŜǊƳ ōƛǊǘƘΦ IƻǿŜǾŜǊΣ ǘƘŜ ŀǎǎŜǎǎƳŜƴǘ ƻŦ ǘƘŜ 
ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ōŜƴȊŜƴŜ ŜȄǇƻǎǳǊŜ ŘǳǊƛƴƎ ǇǊŜƎƴŀƴŎȅ 
ŀƴŘ ōƛǊǘƘ ǿŜƛƎƘǘ ŘƛŘ ƴƻǘ ȅƛŜƭŘ ŘŜŬƴƛǝǾŜ ŎƻƴŎƭǳǎƛƻƴǎΦ 
 
мύ {ƭŀƳŀ Ŝǘ ŀƭΦ όнллфύΥ .ŜƴȊŜƴŜ ŜȄǇƻǎǳǊŜ ǿŀǎ ŀǎǎƻŎƛŀǘŜŘ 
ǿƛǘƘ ŀ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜπŀŘƧǳǎǘŜŘ ŘŜŎǊŜŀǎŜ ƻŦ су Ǝ ƛƴ ƳŜŀƴ 
ōƛǊǘƘǿŜƛƎƘǘ όπ морΣ π м Ǝύ 
нύ [ƭƻǇ Ŝǘ ŀƭΦ όнлмлύΥ !ƳƻƴƎ ǿƻƳŜƴ ŜȄǇƻǎŜŘ ǘƻ ōŜƴȊŜƴŜ 

ƭŜǾŜƭǎ ŜȄŎŜŜŘƛƴƎ нΦт ƳƎκƳо ǘƘǊƻǳƎƘƻǳǘ ǘƘŜƛǊ ŜƴǝǊŜ 
ǇǊŜƎƴŀƴŎȅΣ ǘƘŜ ƻŘŘǎ Ǌŀǝƻ ŦƻǊ ǇǊŜǘŜǊƳ ōƛǊǘƘ ǿŀǎ сΦпс όмΦруΣ 
нсΦорύ 
оύ 9ǎǘŀǊƭƛŎƘ Ŝǘ ŀƭΦ όнлммύΥ ¢ƘŜǊŜ ǿŀǎ ƴƻ ǎƛƎƴƛŬŎŀƴǘ 
ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ōŜƴȊŜƴŜ ŜȄǇƻǎǳǊŜ ŘǳǊƛƴƎ ǇǊŜƎƴŀƴŎȅ 
ŀƴŘ ōƛǊǘƘ ǿŜƛƎƘǘΦ ¢ƘŜ ʲ ŎƻŜŶŎƛŜƴǘ ǿŀǎ πпΦн όπопΦрΣ нсΦмύ ŦƻǊ 
ŀƭƭ ǿƻƳŜƴ ŀƴŘ πтΦп όπпнΦуΣ нтΦфύ ŦƻǊ ǿƻƳŜƴ ǿƘƻ ǎǇŜƴǘ мр 
ƘƻǳǊǎ ƻǊ ƳƻǊŜ ǇŜǊ Řŀȅ ŀǘ ƘƻƳŜΦ 

πпκмрκнлмм 

a95[Lb9 Ǿƛŀ 
tǳōaŜŘΣ 
¢h·b9¢Σ ŀƴŘ 
²Ŝō 
ƻŦ {ŎƛŜƴŎŜΦ  

о 
CǊŀƴŎŜΣ 
{Ǉŀƛƴ 

¢ƘŜ ǉǳŀƭƛǘȅ ƻŦ ǘƘŜ 
ŀǊǝŎƭŜǎ ǿŀǎ 
ŜǾŀƭǳŀǘŜŘ ǳǎƛƴƎ ǘƘŜ 

ōƛŀǎ ŀǎǎŜǎǎƳŜƴǘ ǘƻƻƭ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
ноноп
муоκ 

[ǳƻ 
нлнм 

{w 

!ƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ ǇǊŜƎƴŀƴŎȅ 
ƻǳǘŎƻƳŜǎ ōŀǎŜŘ ƻƴ ŜȄǇƻǎǳǊŜ 
ŜǾŀƭǳŀǝƻƴ ǳǎƛƴƎ ŀ ƭŀƴŘ ǳǎŜ 

ǊŜƎǊŜǎǎƛƻƴ ƳƻŘŜƭΥ ! ǎȅǎǘŜƳŀǝŎ 
ǊŜǾƛŜǿΦ 

лоκнмκно         

hǾŜǊŀƭƭΥ {ǘǳŘƛŜǎ ŎƻƴǎƛǎǘŜƴǘƭȅ ŦƻǳƴŘ ǘƘŀǘ bhн ŜȄǇƻǎǳǊŜ 
ŘǳǊƛƴƎ ǇǊŜƎƴŀƴŎȅ ǿŀǎ ŀǎǎƻŎƛŀǘŜŘ 
ǿƛǘƘ ǊŜŘǳŎŜŘ ŦŜǘŀƭ ƎǊƻǿǘƘ ŀƴŘ ŘŜǾŜƭƻǇƳŜƴǘΦ ¢ƘŜ ŜũŜŎǘ ƻŦ 
bhн ƻƴ ƻǘƘŜǊ ŀŘǾŜǊǎŜ ǇǊŜƎƴŀƴŎȅ ƻǳǘŎƻƳŜǎ ƛǎ 
ǳƴŎƭŜŀǊΦ Lƴ ŀŘŘƛǝƻƴΣ ƛǘ ǿŀǎ ŦƻǳƴŘ ǘƘŀǘ ƛƴŎǊŜŀǎŜŘ taнΦр 
όŀŜǊƻŘȅƴŀƳƛŎ ŜǉǳƛǾŀƭŜƴǘ ŘƛŀƳŜǘŜǊ нΦр ǳƳύ 
ŜȄǇƻǎǳǊŜ ŘǳǊƛƴƎ ǇǊŜƎƴŀƴŎȅ ǊŜŘǳŎŜŘ ōƛǊǘƘ ǿŜƛƎƘǘΦ ¢ƘŜ ŜũŜŎǘ 
ƻŦ taнΦр ƻƴ ƻǘƘŜǊ ŀŘǾŜǊǎŜ ǇǊŜƎƴŀƴŎȅ ƻǳǘπ 
ŎƻƳŜǎ ƛǎ ŀƭǎƻ ǳƴŎƭŜŀǊΦ ¢ƘŜ ǊŜƭŀǝƻƴǎƘƛǇ ōŜǘǿŜŜƴ ƻǘƘŜǊ 
Ǉƻƭƭǳǘŀƴǘǎ ŀƴŘ ŀŘǾŜǊǎŜ ǇǊŜƎƴŀƴŎȅ ƻǳǘŎƻƳŜǎ ƛǎ 
ǳƴŎŜǊǘŀƛƴ ōŀǎŜŘ ƻƴ ǘƘŜ ŜȄƛǎǝƴƎ ǊŜǎŜŀǊŎƘΦ 
 
wŜǎǳƭǘǎ ŦƻǊ .ŜƴȊŜƴŜΥ 

мύ [ƭƻǇ Ŝǘ ŀƭΦΣ нлмлΥ ²ƘŜƴ ōŜƴȊŜƴŜ ŜȄǇƻǎǳǊŜ ǿŀǎ ҔпнΦт 
ҡƎκƳо ŘǳǊƛƴƎ ǿƘƻƭŜ ǇǊŜƎƴŀƴŎȅΣ ŀ мҡƎκƳо ōŜƴȊŜƴŜ ƛƴŎǊŜŀǎŜ 
ǿŀǎ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ƛƴŎǊŜŀǎŜŘ Ǌƛǎƪ ƻŦ ǇǊŜǘŜǊƳ ōƛǊǘƘΥ ώhw Ґ 
сΦпс όмΦруΣ нсΦорύϐ 

нύ 9ǎǘŀǊƭƛŎƘ Ŝǘ ŀƭΦΣ нлммΥ ¢ƘŜǊŜ ǿŀǎ ƴƻ ǎƛƎƴƛŬŎŀƴǘ 
ǊŜƭŀǝƻƴǎƘƛǇ ōŜǘǿŜŜƴ ōŜƴȊŜƴŜ ƭŜǾŜƭ ŀƴŘ .² 
оύ 9ǎǘŀǊƭƛŎƘ Ŝǘ ŀƭΦΣ нлмсΥ LƴŎǊŜŀǎŜŘ Ǌƛǎƪ ƻŦ ǇǊŜǘŜǊƳ ŘŜƭƛǾŜǊȅ 
ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ŀ мҡƎκƳо ƛƴŎǊŜŀǎŜ ƛƴ ōŜƴȊŜƴŜ ŜȄǇƻǎǳǊŜ ǿŀǎ 
ƻōǎŜǊǾŜŘ ώhw ҐмΦпр όмΦллΣ нΦлфύϐ 
 
5ŜǘŀƛƭŜŘ ǊŜǎǳƭǘǎ ŦƻǊ taнΦр ŀƴŘ bhн Ŏŀƴ ōŜ ŦƻǳƴŘ ƛƴ ǘƘŜ 
ǊŜǎŜŀǊŎƘ ŀǊǝŎƭŜ 

πрκмκнлмф 

tǳōaŜŘΣ 
²Ŝō 
ƻŦ {ŎƛŜƴŎŜΣ 
9.{/hΣ 
/Ƙƛƴŀ 
bŀǝƻƴŀƭ 
YƴƻǿƭŜŘƎŜ 
LƴŦǊŀǎǘǊǳŎǘǳǊ
Ŝ ό/bYLύΣ 

/Ƙƛƴŀ 
.ƛƻƭƻƎȅ 
aŜŘƛŎƛƴŜ 
ŘƛǎŎ 

ό/.aŘƛǎŎύ 
ŀƴŘ 
²!bC!bD 
5!¢!ύ 

от 

{ǇŀƛƴΣ 
/ŀƴŀŘŀΣ 
DŜǊƳŀƴȅΣ 
bŜǘƘŜǊƭŀ
ƴŘǎΣ 
WŀǇŀƴΣ 
¦{!Σ 
!ǳǎǘǊŀƭƛŀΣ 
9ǳǊƻǇŜΣ 
CǊŀƴŎŜΣ 
¦YΣ 
bƻǊǿŀȅΣ 
aŜȄƛŎƻΣ 
/Ƙƛƴŀ 

bŜǿŎŀǎǘƭŜ hǧŀǿŀ 
{ŎŀƭŜ όbh{ύ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ

ƛƘΦƎƻǾκ
оосту
омтκ 

WŀŎƻōǎ 
нлмт 

{w 

¢ƘŜ ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ŀƳōƛŜƴǘ 
ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ ǎŜƭŜŎǘŜŘ ŀŘǾŜǊǎŜ 
ǇǊŜƎƴŀƴŎȅ ƻǳǘŎƻƳŜǎ ƛƴ /ƘƛƴŀΥ ! 
ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿΦ 

лнκмтκно         

LƴŎƻƴǎƛǎǘŜƴǘ ǊŜǎǳƭǘǎ ŦƻǊ ŀǎǎƻŎƛŀǝƻƴ ƻŦ ōƛǊǘƘǿŜƛƎƘǘ ǿƛǘƘ bhн 
ŜȄǇƻǎǳǊŜΦ hƴƭȅ м ǎǘǳŘȅ ŜȄŀƳƛƴŜŘ ǘƘŜ ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ 
taнΦр ŀƴŘ ōƛǊǘƘ ǿŜƛƎƘǘ ŀƴŘ ŦƻǳƴŘ ŀ ƴŜƎŀǝǾŜ ŀǎǎƻŎƛŀǝƻƴ 
ōŜǘǿŜŜƴ ǘƘŜ ǘǿƻΦ hǳǘ ƻŦ ǘƘŜ ǘƘǊŜŜ ǎǘǳŘƛŜǎ ǘƘŀǘ ǎǘǳŘƛŜŘ bhн 
ŀƴŘ [.²Σ ƻƴŜ ǊŜǇƻǊǘŜŘ ŀ ǿŜŀƪ ƴŜƎŀǝǾŜ ŀǎǎƻŎƛŀǝƻƴΦ hƴŜ 
ǎǘǳŘȅ ŜȄŀƳƛƴŜŘ hо ŀƴŘ t¢. ŀƴŘ ǘƘƛǎ ǎǘǳŘȅ ǊŜǇƻǊǘŜŘ ŀƴ 
ƛƴŎǊŜŀǎŜ ƛƴ ǘƘŜ ƴǳƳōŜǊ ƻŦ t¢.ǎ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ŜȄǇƻǎǳǊŜ ƛƴ 
ǘƘŜ ƭŀǎǘ ǘǿƻƳƻ ōŜŦƻǊŜ ŘŜƭƛǾŜǊȅΦ ¢ƘǊŜŜ ƻǳǘ ƻŦ ŜƛƎƘǘ ǎǘǳŘƛŜǎ 
ǎǘǳŘƛŜŘ  bhн ŀƴŘ t¢. ŀƴŘ ŦƻǳƴŘ ŀ ǎƛƎƴƛŬŎŀƴǘ ŀǎǎƻŎƛŀǝƻƴ 
ǿƛǘƘ t¢. ŦƻǊ ŜȄǇƻǎǳǊŜ ƛƴ ƭŀǎǘ ǘǿƻƳƻ ōŜŦƻǊŜ ŘŜƭƛǾŜǊȅΣ ǘƘƛǊŘ 
ǘǊƛƳŜǎǘŜǊ ŀƴŘ ŜƴǝǊŜ ǇǊŜƎƴŀƴŎȅ ŘǳǊŀǝƻƴΦ ¢ƘŜǊŜ ǿŀǎ ŀ ǿŜŀƪ 
ǇǊƻǘŜŎǝǾŜ ŀǎǎƻŎƛŀǝƻƴ ŦƻǊ ǘƘŜ ǎŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΦ 

 
лмκлмκмфулπ
мнκомκнлмр 

tǳōaŜŘΣ 
aŜŘƭƛƴŜ 
ό²Ŝō ƻŦ 
{ŎƛŜƴŎŜύΣ 
9ƳōŀǎŜΣ 
/bYL ό/Ƙƛƴŀ 
bŀǝƻƴŀƭ 
YƴƻǿƭŜŘƎŜ 
LƴŦǊŀǎǘǊǳŎǘǳǊ
Ŝύ ŀƴŘ 
²ŀƴŦŀƴƎ 
5ŀǘŀ 

мп /Ƙƛƴŀ   

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
нтфмо
лмрκ 
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https://pubmed.ncbi.nlm.nih.gov/27913015/


 
 

 

олп 

.ƭŀƴŎ 
нлно 

{w 

! ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿ ƻŦ ŜǾƛŘŜƴŎŜ ŦƻǊ 
ƳŀǘŜǊƴŀƭ ǇǊŜŎƻƴŎŜǇǝƻƴ ŜȄǇƻǎǳǊŜ 
ǘƻ ƻǳǘŘƻƻǊ ŀƛǊ Ǉƻƭƭǳǝƻƴ ƻƴ 
/ƘƛƭŘǊŜƴϥǎ ƘŜŀƭǘƘ 

мнκмпκнн         

hǾŜǊŀƭƭ ŎƻƴŎƭǳǎƛƻƴΥ aŀǘŜǊƴŀƭ ŜȄǇƻǎǳǊŜ ǘƻ taнΦр ŀƴŘ hо 
ōŜŦƻǊŜ ŎƻƴŎŜǇǝƻƴ Ƙŀǎ ōŜŜƴ ƭƛƴƪŜŘ ǘƻ ǇǊŜǘŜǊƳ ōƛǊǘƘ ŀƴŘ ƭƻǿ 
ōƛǊǘƘǿŜƛƎƘǘΦ bŜǾŜǊǘƘŜƭŜǎǎΣ ǘƘŜ ǎǘǊŜƴƎǘƘ ƻŦ ǘƘŜǎŜ 
ŎƻƴƴŜŎǝƻƴǎ ŀƴŘ ǘƘŜ ƳŀƎƴƛǘǳŘŜ ƻŦ ǘƘŜƛǊ ŜũŜŎǘǎ ŜȄƘƛōƛǘŜŘ 
ƴƻǘŀōƭŜ ŘƛǎŎǊŜǇŀƴŎƛŜǎ ŀƳƻƴƎ ŘƛũŜǊŜƴǘ ǎǘǳŘƛŜǎΣ ƛƴ ǇŀǊǘ ŘǳŜ 
ǘƻ ǾŀǊƛŀǝƻƴǎ ƛƴ ŜȄǇƻǎǳǊŜ ŀƴŘ ƻǳǘŎƻƳŜ ŜǾŀƭǳŀǝƻƴ ƳŜǘƘƻŘǎΦ 
мύ /ƘŜƴ Ŝǘ ŀƭΦΣ нлнмŀΥ 

Iw ŦƻǊ {D! ǇŜǊ мл ҡƎκƳо ƻŦ taнΦрΥ мΦлу όлΦурΣ мΦотύ 
 
нύ /ƘŜƴ Ŝǘ ŀƭΦΣ нлнмōΥ 
Iw ŦƻǊ t¢. ǇŜǊ р ҡƎκƳо taнΦрΥ мΦоо όмΦмфΣ мΦпфύ 
Iw ŦƻǊ bhн Ҧ t¢.Υ мΦнп όмΦмоΣ мΦотύ 
Iw ŦƻǊ hо Ҧ t¢.Υ лΦсс όлΦслΣ лΦтнύ 
Iw ŦƻǊ [.² ǇŜǊ р ҡƎκƳо taнΦрΥ мΦмо όлΦууΣ мΦпсύ 
Iw ŦƻǊ bhн Ҧ [.²Υ мΦмс όлΦфрΣ мΦпоύ 
Iw ŦƻǊ hо Ҧ [.²Υ лΦсу όлΦртΣ лΦуоύ 
 
оύ aŜƴŘƻƭŀ Ŝǘ ŀƭΦΣ нлмсΥ 
hw ŦƻǊ t¢. ǇŜǊ Lvw ƻŦ taнΦрΣ оƳƻ ǇǊŜŎƻƴŎŜǇǝƻƴΥ лΦфл 
όлΦурΣ лΦфрύ 
hw ŦƻǊ 9ŀǊƭȅ t¢. ǇŜǊ Lvw ƻŦ taнΦрΦ оƳƻ ǇǊŜŎƻƴŎŜǇǝƻƴΥ лΦтт 
όлΦтлΣ лΦурύ 
 
пύ Iŀ Ŝǘ ŀƭΦΣ нлмтΥ 
ww ŦƻǊ {D! ǇŜǊ Lvw ƻŦ taнΦрΣ оƳƻ ǇǊŜŎƻƴŎŜǇǝƻƴΥ лΦфс 
όлΦфнΣ лΦффύ 
ww ŦƻǊ {D! ǇŜǊ Lvw ƻŦ hоΣ оƳƻ ǇǊŜŎƻƴŎŜǇǝƻƴΥ лΦфт όлΦфпΣ 
мΦллύ 
ww ŦƻǊ ¢[.² ǇŜǊ Lvw ƻŦ taнΦрΣ оƳƻ ǇǊŜŎƻƴŎŜǇǝƻƴΥ  лΦфт 

όлΦуфΣ мΦлрύ 
ww ŦƻǊ ¢[.² ǇŜǊ Lvw ƻŦ hоΣ оƳƻ ǇǊŜŎƻƴŎŜǇǝƻƴΥ мΦлл όлΦфнΣ 
мΦлтύ 
 
рύ bƻōƭŜǎ Ŝǘ ŀƭΦΣ нлмфΥ 
ww ŦƻǊ {D! ǇŜǊ Lvw ƻŦ taнΦрΣ оƳƻ ǇǊŜŎƻƴŎŜǇǝƻƴΥ мΦлл 
όлΦфтΣ мΦлнύ 
ww ŦƻǊ {D! ǇŜǊ Lvw ƻŦ hоΣ оƳƻ ǇǊŜŎƻƴŎŜǇǝƻƴΥ лΦфс όлΦфоΣ 
лΦфуύ 
ww ŦƻǊ {D! ǇŜǊ Lvw ƻŦ bhнΣ оƳƻ ǇǊŜŎƻƴŎŜǇǝƻƴΥ мΦлн όлΦфуΣ 
мΦлтύ 
 
сύ ²ƛƭƭƛŀƳǎ Ŝǘ ŀƭΦΣ нлнмΥ 
ww ŦƻǊ t¢. ǇŜǊ Lvw ƻŦ taнΦрΣ оƳƻ ǇǊŜŎƻƴŎŜǇǝƻƴΥ лΦфс όлΦфсΣ 
лΦфтύ 
ww ŦƻǊ t¢. ǇŜǊ Lvw ƻŦ hоΣ оƳƻ ǇǊŜŎƻƴŎŜǇǝƻƴΥ мΦлл όмΦллΣ 
мΦлмύ 
ww ŦƻǊ {D! ǇŜǊ Lvw ƻŦ taнΦрΣ оƳƻ ǇǊŜŎƻƴŎŜǇǝƻƴΥ мΦлл 
όмΦллΣмΦлмύ 
ww ŦƻǊ {D! ǇŜǊ Lvw ƻŦ hоΣ оƳƻ ǇǊŜŎƻƴŎŜǇǝƻƴΥ лΦфф όлΦффΣ 
лΦффύ 

πмлκнлнн 
tǳōaŜŘ 
ŀƴŘ ²Ŝō ƻŦ 
{ŎƛŜƴŎŜ 

с 
¦{!Σ 
/Ƙƛƴŀ 

bŜǿŎŀǎǘƭŜ hǧŀǿŀ 
{ŎŀƭŜ όbh{ύ ŀƴŘ 
DǊŀŘƛƴƎ ƻŦ 
wŜŎƻƳƳŜƴŘŀǝƻƴǎΣ 
!ǎǎŜǎǎƳŜƴǘΣ 
5ŜǾŜƭƻǇƳŜƴǘΣ ŀƴŘ 
9Ǿŀƭǳŀǝƻƴ όDw!59ύ 
ŦǊŀƳŜǿƻǊƪ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
осрну
мфтκ 

±ŜōŜǊ 
нлнн 

{w 

LƴŘǳǎǘǊƛŀƭ !ƛǊ tƻƭƭǳǝƻƴ [ŜŀŘǎ ǘƻ 
!ŘǾŜǊǎŜ .ƛǊǘƘ hǳǘŎƻƳŜǎΥ ! 
{ȅǎǘŜƳŀǝȊŜŘ wŜǾƛŜǿ ƻŦ 5ƛũŜǊŜƴǘ 
9ȄǇƻǎǳǊŜ aŜǘǊƛŎǎ ŀƴŘ IŜŀƭǘƘ 
9ũŜŎǘǎ ƛƴ bŜǿōƻǊƴǎ 

луκмлκнн         

¢Ƙƛǎ ǎǘǳŘȅ ŎƻƴŎƭǳŘŜǎ ǘƘŀǘ ƛƴŘǳǎǘǊƛŀƭ ŀƛǊ Ǉƻƭƭǳǝƻƴ ƛǎ ŀƴ 
ƛƳǇƻǊǘŀƴǘ Ǌƛǎƪ ŦŀŎǘƻǊ ŦƻǊ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ ŀƴŘ ǇǊŜǘŜǊƳ 
ōƛǊǘƘΦ 9ǾƛŘŜƴŎŜ ƛǎ ǎǘǊƻƴƎ ŦƻǊ ǎǇŜŎƛŬŎ Ǉƻƭƭǳǘŀƴǘǎ ŦǊƻƳ ǘƘŜ 
ƛƴŘǳǎǘǊȅ ƛƴŎƭǳŘƛƴƎ ōŜƴȊŜƴŜΦ aƻǎǘ ƻŦ ǘƘŜ ǎǘǳŘƛŜǎ ǊŜǾƛŜǿŜŘ 
ŦƻǳƴŘ taнΦр ƛƴŘǳŎƛƴƎ [.²Σ ¢[.²Σ t¢.Σ ŀƴŘ {D!Φ ¢ƘŜ Ǿŀǎǘ 
ƳŀƧƻǊƛǘȅ ƻŦ ǎǘǳŘƛŜǎ ǊŜǾƛŜǿŜŘ ƘŀǾŜ ǎƘƻǿƴ ƴŜƎŀǝǾŜ ŜũŜŎǘǎ ƻŦ 
ōŜƴȊŜƴŜ ƻƴ ŀŘǾŜǊǎŜ ōƛǊǘƘ ƻǳǘŎƻƳŜǎΦ ! ǎǘǳŘȅ ŎƻƴŘǳŎǘŜŘ ƛƴ 
¢ŜȄŀǎ ŦƻǳƴŘ ǘƘŀǘ ŀƳƻƴƎ ту ǎǘǳŘƛŜŘ ŎƘŜƳƛŎŀƭǎΣ ōŜƴȊŜƴŜ ǿŀǎ 
ƻƴŜ ƻŦ ǎƻƳŜ ǘƘŀǘ ǊŜŘǳŎŜŘ ōƛǊǘƘ ǿŜƛƎƘǘΦ !ƴƻǘƘŜǊ ǎǘǳŘȅ 
ŎƻƴŘǳŎǘŜŘ ƛƴ ¢ŜȄŀǎ ŦƻǳƴŘ ǘƘŀǘ ŀƳƻƴƎ ппф ǎǘǳŘƛŜŘ 
ŎƘŜƳƛŎŀƭǎΣ ōŜƴȊŜƴŜ ǿŀǎ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ǘƘŜ ƎǊŜŀǘŜǎǘ 
ƛƴŎƛŘŜƴŎŜ ƻŦ ǊŜŘǳŎŜŘ ōƛǊǘƘ ǿŜƛƎƘǘΦ hƴŜ ǎǳōǎŜǉǳŜƴǘ ǎǘǳŘȅ ƛƴ 
/ŀƴŀŘŀ ƛŘŜƴǝŬŜŘ ŀ ǎǘŀǝǎǝŎŀƭƭȅ ǎƛƎƴƛŬŎŀƴǘ ŀǎǎƻŎƛŀǝƻƴ 
ōŜǘǿŜŜƴ ōŜƴȊŜƴŜ ŜƳƛǎǎƛƻƴǎ ŀƴŘ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘΦ 
IƻǿŜǾŜǊΣ ŀƴƻǘƘŜǊ ǎǘǳŘȅ ƛƴ /ŀƴŀŘŀ ŘƛŘ ƴƻǘ ŬƴŘ ŀ ǎǘŀǝǎǝŎŀƭƭȅ 
ǎƛƎƴƛŬŎŀƴǘ ƻŦ ōŜƴȊŜƴŜ ǿƛǘƘ ŎǊƛǝŎŀƭƭȅ ƛƭƭ ǎƳŀƭƭ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ 
ŀƎŜΦ ¢ƘŜ ŜǾƛŘŜƴŎŜ ƻŦ ǘƘŜ ŜũŜŎǘǎ ƻŦ ƭŜŀŘ ƻƴ !.h ƛǎ 
ƛƴŎƻƴǎƛǎǘŜƴǘΣ ōǳǘ ƴƳƻǎǘ ŎƻƘƻǊǘ ŀƴŘ ŎŀǎŜπŎƻƴǘǊƻƭ ǎǘǳŘƛŜǎ 
ƘŀǾŜ ǎƘƻǿƴ ŀƴ ŀǎǎƻŎƛŀǝƻƴ ǿƛǘƘ ǇǊŜǘŜǊƳ ŘŜƭƛǾŜǊȅ ƻŦ [.² 
ŀƴŘ [.²Φ 

πлфκнлнл 
tǳōaŜŘ 
ŀƴŘ {ŎƻǇǳǎ 

му 

¦{!Σ 
.ǊŀȊƛƭΣ 
.ŜƭƎƛǳƳΣ 
/ŀƴŀŘŀΣ 
/ȊŜŎƘ 
wŜǇǳōƭƛŎΣ 
¢ŀƛǿŀƴΣ 
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πсκнллн 

a95[Lb9Σ 
9a.!{9Σ 
/Lb!I[Σ 
²Ŝō ƻŦ 
{ŎƛŜƴŎŜ /ƻǊŜ 
/ƻƭƭŜŎǝƻƴΣ 
DǊŜŜƴŬƭŜΣ 
tǊƻvǳŜǎǘ 
9ŀǊǘƘ 
!ǘƳƻǎǇƘŜǊƛŎ 
ŀƴŘ !ǉǳŀǝŎ 
{ŎƛŜƴŎŜ 
5ŀǘŀōŀǎŜΣ 
/!.LΣ IŜŀƭǘƘ 
ŀƴŘ 
9ƴǾƛǊƻƴƳŜƴ
ǘ wŜǎŜŀǊŎƘ 
hƴƭƛƴŜ 
όI9whύ 

н ¦{! 

bŀǝƻƴŀƭ ¢ƻȄƛŎƻƭƻƎȅ 
tǊƻƎǊŀƳϥǎ hŶŎŜ ƻŦ 
IŜŀƭǘƘ !ǎǎŜǎǎƳŜƴǘ 
ŀƴŘ ¢Ǌŀƴǎƭŀǝƻƴ όb¢t 
hI!¢ύ Ǌƛǎƪ ƻŦ ōƛŀǎ 
ǘƻƻƭΤ DǊŀŘƛƴƎ ƻŦ 
wŜŎƻƳƳŜƴŘŀǝƻƴǎΣ 
!ǎǎŜǎǎƳŜƴǘΣ 
5ŜǾŜƭƻǇƳŜƴǘ ŀƴŘ 
9Ǿŀƭǳŀǝƻƴ όDw!59ύ 
ŦǊŀƳŜǿƻǊƪΦ  

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
оплол
лтмκ 

.ŜƪƪŀǊ 
нлнл 

{w 

!ǎǎƻŎƛŀǝƻƴ ƻŦ !ƛǊ tƻƭƭǳǝƻƴ ŀƴŘ 
IŜŀǘ 9ȄǇƻǎǳǊŜ ²ƛǘƘ tǊŜǘŜǊƳ .ƛǊǘƘΣ 
[ƻǿ .ƛǊǘƘ ²ŜƛƎƘǘΣ ŀƴŘ {ǝƭƭōƛǊǘƘ ƛƴ 
ǘƘŜ ¦{Υ ! {ȅǎǘŜƳŀǝŎ wŜǾƛŜǿΦ 

лсκмуκнл         

hŦ ǘƘŜ мм ǎǘǳŘƛŜǎ ŀƴŀƭȅȊƛƴƎ ŜƴǝǊŜ ǇǊŜƎƴŀƴŎȅ taнΦр 
ŜȄǇƻǎǳǊŜ ŀƴŘ ƛǘǎ ŀǎǎƻŎƛŀǝƻƴ ǿƛǘƘ t¢.Σ ǘƘŜ Ǌƛǎƪ ƛƴŎǊŜŀǎŜŘ ōȅ 
ŀ ƳŜŘƛŀƴ ƻŦ ммΦр҈ όǊŀƴƎŜΣ н҈πмф҈ύΦ hŦ ǘƘŜ п ǎǘǳŘƛŜǎ 
ŀƴŀƭȅȊƛƴƎ ŜƴǝǊŜ ǇǊŜƎƴŀƴŎȅ ƻȊƻƴŜ ŜȄǇƻǎǳǊŜΣ н ŦƻǳƴŘ ŀƴ 
ƛƴŎǊŜŀǎŜŘ Ǌƛǎƪ ŦǊƻƳ о҈ ǘƻ фΦс҈Φ ¢Ŝƴ ǎǘǳŘƛŜǎ ǊŜǇƻǊǘŜŘ ƻƴ ǘƘŜ 
ŀǎǎƻŎƛŀǝƻƴ ƻŦ ǊŀŎƛŀƭκŜǘƘƴƛŎ ŘƛǎǇŀǊƛǝŜǎ ǿƛǘƘ ƛƴŎǊŜŀǎŜŘ Ǌƛǎƪ ƻŦ 
t¢.Φ hǳǘ ƻŦ ǘƘŜǎŜΣ у ǊŜǇƻǊǘŜŘ ƘƛƎƘŜǊ Ǌƛǎƪ ŦƻǊ ōƭŀŎƪ ƳƻǘƘŜǊǎΦ 
н ǎǘǳŘƛŜǎ ǊŜǇƻǊǘŜŘ ŀ ƘƛƎƘŜǊ Ǌƛǎƪ ƛƴ ȅƻǳƴƎŜǊ ŀƴŘ ƻƭŘŜǊ 
ƳƻǘƘŜǊǎΣ ǘƘƻǎŜ ǿƛǘƘ ƭŜǎǎ ŜŘǳŎŀǝƻƴŀƭ ƭŜǾŜƭΣ ŀƴŘ ǘƘƻǎŜ ǿƛǘƘ 
ƎƻǾŜǊƴƳŜƴǘ ƛƴǎǳǊŀƴŎŜ ƻǊ ƭŀŎƪƛƴƎ ŜŀǊƭȅ ǇǊŜƴŀǘŀƭ ŎŀǊŜΦ CƛǾŜ 
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ƳŜŀǎǳǊƛƴƎ ŜȄǇƻǎǳǊŜǎ ŘǳǊƛƴƎ ǘƘŜ ǿƘƻƭŜ ǇǊŜƎƴŀƴŎȅΣ ōȅ 
ǘǊƛƳŜǎǘŜǊΣ ƻǊ ōȅ ƳƻƴǘƘ ƻŦ ōƛǊǘƘΦ 
 
нф ǎǘǳŘƛŜǎ ŜǾŀƭǳŀǘŜŘ ǘƘŜ ŀǎǎƻŎƛŀǝƻƴ ƻŦ ƳŀǘŜǊƴŀƭ ŜȄǇƻǎǳǊŜ 
ǘƻ taнΦр ŀƴŘκƻǊ ƻȊƻƴŜ ǿƛǘƘ [.²Φ hǳǘ ƻŦ ǘƘŜǎŜΣ нр ǊŜǇƻǊǘŜŘ 
ŀƴ ƛƴŎǊŜŀǎŜŘ ǊƛǎƪΦ у ǎǘǳŘƛŜǎ ǘƘŀǘ ŜȄŀƳƛƴŜŘ ŜƴǝǊŜ ǇǊŜƎƴŀƴŎȅ 
ŜȄǇƻǎǳǊŜ ǘƻ taнΦр ŦƻǳƴŘ ŀ н҈ ǘƻ ос҈ ƛƴŎǊŜŀǎŜŘ Ǌƛǎƪ ƻŦ [.²Φ 

о ǎǘǳŘƛŜǎ ŦƻǳƴŘ ǘƘŀǘ ǿƘƻƭŜπǇǊŜƎƴŀƴŎȅ ŜȄǇƻǎǳǊŜ ǘƻ ƻȊƻƴŜ 
ǿŀǎ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ŀ ǎƛƎƴƛŬŎŀƴǘ ƛƴŎǊŜŀǎŜ ƛƴ Ǌƛǎƪ ƻŦ [.²Φ н 
ƻŦ ǘƘŜƳ ƴƻǘŜŘ ŀ с҈ ǘƻ мо҈ ƛƴŎǊŜŀǎŜŘ Ǌƛǎƪ ǇŜǊ LvwΦ мо 
ǎǘǳŘƛŜǎ ǊŜǇƻǊǘŜŘ ǘƘŜ ŀǎǎƻŎƛŀǝƻƴ ƻŦ ǊŀŎƛŀƭκŜǘƘƴƛŎ ŘƛǎǇŀǊƛǝŜǎ 
ǿƛǘƘ ƛƴŎǊŜŀǎŜŘ Ǌƛǎƪ ƻŦ [.²Φ hǳǘ ƻŦ ǘƘŜǎŜΣ мл ƴƻǘŜŘ ǘƘŀǘ 
ōƭŀŎƪ ƳƻǘƘŜǊǎ ǿŜǊŜ ŀǘ ŀ ƘƛƎƘŜǊ ǊƛǎƪΦ п ǎǘǳŘƛŜǎ ǊŜǇƻǊǘŜŘ ŀ 
ƘƛƎƘŜǊ Ǌƛǎƪ ŀƳƻƴƎ !ǎƛŀƴǎΣ ŀƴŘ о ǎǘǳŘƛŜǎ ŦƻǳƴŘ ŀ ƘƛƎƘŜǊ Ǌƛǎƪ 
ŀƳƻƴƎ IƛǎǇŀƴƛŎǎΦ о ƻǘƘŜǊ ǎǘǳŘƛŜǎ ƴƻǘŜŘ ŀƴ ŀǎǎƻŎƛŀǝƻƴ ƻŦ 
ƭƻǿŜǊ ǎƻŎƛƻŜŎƻƴƻƳƛŎ ǎǘŀǘǳǎ ƻǊ ƭƛǾƛƴƎ ƛƴ ƻƭŘŜǊ ƘƻƳŜǎΣ ƴŜŀǊ 
ǊƻŀŘǿŀȅǎΣ ƻǊ ƛƴ ǳǊōŀƴ ŎƻǊŜǎ ǿƛǘƘ ƛƴŎǊŜŀǎŜŘ ǊƛǎƪΦ п ǎǘǳŘƛŜǎΣ 
ƻǳǘ ƻŦ ǿƘƛŎƘ ŀƭƭ ǎǘǳŘƛŜŘ taнΦр ŀƴŘ н ŀŘŘŜŘ ƻȊƻƴŜΣ ǎƘƻǿŜŘ 
ƴƻ ŀǎǎƻŎƛŀǝƻƴǎ ǿƛǘƘ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘΣ Ǌŀǿ ōƛǊǘƘ ǿŜƛƎƘǘΣ 
ƎŜǎǘŀǝƻƴŀƭ ŀƎŜ ½ ǎŎƻǊŜǎΣ ƻǊ ǎƳŀƭƭ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜ 
ŀƭǘƘƻǳƎƘǘ ƻƴŜ ǎǘǳŘȅ ƻŦ taнΦр ŜȄǇƻǎǳǊŜ ŘƛŘ ŬƴŘ ŀ ǎƛƎƴƛŬŎŀƴǘ 
ŀǎǎƻŎƛŀǝƻƴ ǿƛǘƘ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘǎ ƛƴ м ǎǳōǇƻǇǳƭŀǝƻƴΥ πлΦпн 
Ǌŀǿ ōƛǊǘƘ ǿŜƛƎƘǘΣ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜ ½ ǎŎƻǊŜ όфр҈ /LΣ πлΦтф ǘƻ π
лΦлсύ ǇŜǊ Lvw ŦƻǊ ƳŀƭŜ ƛƴŦŀƴǘǎ ƻŦ ƻōŜǎŜ ƳƻǘƘŜǊǎΦ 
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vǳƛŜǘΣ ŎƭŜŀƴΣ ƎǊŜŜƴΣ ŀƴŘ ŀŎǝǾŜΥ ! 
bŀǾƛƎŀǝƻƴ DǳƛŘŜ ǎȅǎǘŜƳŀǝŎ 
ǊŜǾƛŜǿ ƻŦ ǘƘŜ ƛƳǇŀŎǘǎ ƻŦ ǎǇŀǝŀƭƭȅ 
ŎƻǊǊŜƭŀǘŜŘ ǳǊōŀƴ ŜȄǇƻǎǳǊŜǎ ƻƴ ŀ 
ǊŀƴƎŜ ƻŦ ǇƘȅǎƛŎŀƭ ƘŜŀƭǘƘ ƻǳǘŎƻƳŜǎΦ 
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hǾŜǊŀƭƭΥ ¢ƘŜǊŜ ǿŀǎ ƭƛƳƛǘŜŘ ŜǾƛŘŜƴŎŜ ŦƻǊ ŀƴ ŀǎǎƻŎƛŀǝƻƴ 
ōŜǘǿŜŜƴ ŜƭŜǾŀǘŜŘ ¢w!t ŜȄǇƻǎǳǊŜǎ ŀƴŘ ƛƴŎǊŜŀǎŜŘ Ǌƛǎƪ ƻŦ 
ǊŜǇǊƻŘǳŎǝǾŜ ƻǳǘŎƻƳŜǎΦ 
 
мύIƧƻǊǘŜōƧŜǊƎ Ŝǘ ŀƭΦ όнлмсύΥ bƻ ŀǎǎƻŎƛŀǝƻƴǎ ǎŜŜƴ ōŜǘǿŜŜƴ 
bhн ŀƴŘ ƭƻǿ ōƛǊǘƘǿŜƛƎƘǘ 

нύbƛŜǳǿŜƴƘǳƛƧǎŜƴ Ŝǘ ŀƭΦ όнлмфύΥ taнΦр ǿŀǎ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ 
ŘŜŎǊŜŀǎŜŘ ¢.² ōǳǘ ƴƻǘ ǿƛǘƘ ¢[.² 
оύ!ǊǊƻȅƻ Ŝǘ ŀƭΦΣ όнлмсύΥ wƛǎƪ wŀǝƻ ƻŦ ŀǎǎƻŎƛŀǝƻƴ ƻŦ taнΦр 
ǿƛǘƘ ǇǊŜǘŜǊƳ ōƛǊǘƘ ό[ŀƎ мύ ǿŀǎ мΦлоу όмΦллΣ мΦлтύ 
пύDŜƘǊƛƴƎ Ŝǘ ŀƭΦ όнлмпύΥ Lƴ ǎƛƴƎƭŜπǇƻƭƭǳǘŀƴǘ ŀƴŀƭȅǎŜǎ taнΦр 
ŀƴŘ bhн ǿŜǊŜ ŦƻǳƴŘ ǘƻ ōŜ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ƭƻǿŜǊ ǘŜǊƳ 
ōƛǊǘƘǿŜƛƎƘǘ ŀƴŘ ƛƴŎǊŜŀǎŜŘ {D! Ǌƛǎƪ 
рύ.ŀǊōŀπ±ŀǎǎŜǳǊ Ŝǘ ŀƭΦ όнлмтύΥ !ƭƳƻǎǘ ŀƭƭ hwǎ ŦƻǊ bhн ŀƴŘ 
ǇǊŜǘŜǊƳ ōƛǊǘƘ ŎƻƴǾŜǊƎŜŘ ǘƻ м 
сύ 5ƛŀȊ Ŝǘ ŀƭΦ όнлмсύΥ н҈ ƛƴŎǊŜŀǎŜ ƛƴ !ǧǊƛōǳǘŀōƭŜ Ǌƛǎƪ ƻŦ [.² 
ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ taнΦр ǇŜǊ мл ҡƎκƳо  
тύ hƭƛǾŜƛǊŀ Ŝǘ ŀƭΦ όнлмсύΥ t¢.҈ ǿŀǎ ǇƻǎƛǝǾŜƭȅ ŀƴŘ 
ǎƛƎƴƛŬŎŀƴǘƭȅ ŎƻǊǊŜƭŀǘŜŘ ǿƛǘƘ bhн 
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ǎ 
ƳǳƴƛŎƛǇŀƭ
ƛǘȅ 

bŀǾƛƎŀǝƻƴ ƎǳƛŘŜΣ 
wh.Lb{π9 ǘƻƻƭ 

ƘǧǇǎΥκ
κǿǿǿΦ
ǎŎƛŜƴŎ
ŜŘƛǊŜŎǘ
ΦŎƻƳκǎ
ŎƛŜƴŎŜ
κŀǊǝŎƭ
ŜκǇƛƛκ{
ллмоф
ормнл
олнум
п 

¸ǳŀƴ 
нлмф 

{w 

aŀǘŜǊƴŀƭ ŬƴŜ ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ 
όtaόнΦрύύ ŜȄǇƻǎǳǊŜ ŀƴŘ ŀŘǾŜǊǎŜ 
ōƛǊǘƘ ƻǳǘŎƻƳŜǎΥ ŀƴ ǳǇŘŀǘŜŘ 
ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿ ōŀǎŜŘ ƻƴ ŎƻƘƻǊǘ 
ǎǘǳŘƛŜǎΦ 

лоκнлκмф         

hǳǘ ƻŦ ǘƘŜ пн ǎǘǳŘƛŜǎ ƛƴŎƭǳŘŜŘ ƛƴ ǘƘŜ ŀƴŀƭȅǎƛǎΣ но 
ƛƴǾŜǎǝƎŀǘŜŘ ǘƘŜ ŜũŜŎǘǎ ƻŦ ǇǊŜƴŀǘŀƭ ŜȄǇƻǎǳǊŜ ǘƻ taнΦр ƻƴ 
ƛƴŦŀƴǘ ōƛǊǘƘ ǿŜƛƎƘǘΦ !ƳƻƴƎ ǘƘŜǎŜΣ мн ǎǘǳŘƛŜǎ ŦƻǳƴŘ ŀ 
ǎƛƎƴƛŬŎŀƴǘ ƴŜƎŀǝǾŜ ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ŜȄǇƻǎǳǊŜ ǘƻ taнΦр 
ŀƴŘ ōƛǊǘƘ ǿŜƛƎƘǘΦ !ŘŘƛǝƻƴŀƭƭȅΣ нм ǎǘǳŘƛŜǎ ŜȄŀƳƛƴŜŘ ǘƘŜ 
ǇƻǎǎƛōƭŜ ǊŜƭŀǝƻƴǎƘƛǇ ōŜǘǿŜŜƴ ƳŀǘŜǊƴŀƭ ŜȄǇƻǎǳǊŜ ǘƻ taнΦр 
ŀƴŘ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ ό[.²ύΣ ŀƴŘ у ƻŦ ǘƘŜƳ ǊŜǇƻǊǘŜŘ 
ǎƛƎƴƛŬŎŀƴǘ ŀǎǎƻŎƛŀǝƻƴǎΦ CǳǊǘƘŜǊƳƻǊŜΣ ŀƳƻƴƎ ǘƘŜ му ǎǘǳŘƛŜǎ 
ǘƘŀǘ ŜȄǇƭƻǊŜŘ ǘƘŜ ŎƻǊǊŜƭŀǝƻƴ ōŜǘǿŜŜƴ ǇǊŜƴŀǘŀƭ ŜȄǇƻǎǳǊŜ ǘƻ 
taнΦр ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘ όt¢.ύΣ ф ŎƻƴǎƛǎǘŜƴǘƭȅ ŎƻƴŎƭǳŘŜŘ 
ǘƘŀǘ ƎŜǎǘŀǝƻƴŀƭ ŜȄǇƻǎǳǊŜ ƛƴŎǊŜŀǎŜǎ ǘƘŜ Ǌƛǎƪ ƻŦ t¢.Φ 
aƻǊŜƻǾŜǊΣ ф ǎǘǳŘƛŜǎ ŀǎǎŜǎǎŜŘ ǘƘŜ ƛƳǇŀŎǘ ƻŦ taнΦр ƻƴ ǎƳŀƭƭ 

ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜ ό{D!ύΣ ŀƴŘ р ƻŦ ǘƘŜƳ ǎƘƻǿŜŘ ŀ 
ǎƛƎƴƛŬŎŀƴǘ ŜũŜŎǘΦ hǾŜǊŀƭƭΣ ƴǳƳŜǊƻǳǎ ǎǘǳŘƛŜǎ ƘŀǾŜ ƻōǎŜǊǾŜŘ 
ŀǎǎƻŎƛŀǝƻƴǎ ōŜǘǿŜŜƴ ƳŀǘŜǊƴŀƭ taнΦр ŜȄǇƻǎǳǊŜ ŘǳǊƛƴƎ 
ǾŀǊƛƻǳǎ ǎǘŀƎŜǎ ƻŦ ǇǊŜƎƴŀƴŎȅ ŀƴŘ ƳǳƭǝǇƭŜ ŀŘǾŜǊǎŜ ōƛǊǘƘ 
ƻǳǘŎƻƳŜǎΦ 

лмκнллуπ
мнκнлмт 

tǳōaŜŘ пн 

¦{!Σ 
¢ŀƴȊŀƴƛŀΣ 
/ŀƴŀŘŀΣ 
/ƘƛƴŀΣ 
.ǊŀȊƛƭΣ 
!ǳǎǘǊŀƭƛŀΣ 
¦YΣ 
9ǳǊƻǇŜΣ 
bŜǘƘŜǊƭŀ
ƴŘǎΣ 
bƻǊǿŀȅΣ 

tƻƭŀƴŘΣ 
ƻǘƘŜǊ 
9ǳǊƻǇŜŀƴ 
ŎƻǳƴǘǊƛŜǎ 

  

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
олуфм
тлпκ 

aŜƭƻŘȅ 

нлмф 
{w 

aŀǘŜǊƴŀƭ ŜȄǇƻǎǳǊŜ ǘƻ ǎƘƻǊǘπǘƻ 
ƳŜŘƛǳƳπǘŜǊƳ ƻǳǘŘƻƻǊ ŀƛǊ Ǉƻƭƭǳǝƻƴ 

ŀƴŘ ƻōǎǘŜǘǊƛŎ ŀƴŘ ƴŜƻƴŀǘŀƭ 
ƻǳǘŎƻƳŜǎΥ ! ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿΦ 

млκнпκму         

hǾŜǊŀƭƭ /ƻƴŎƭǳǎƛƻƴΥ ¦ƴƭƛƪŜ ǘƘŜ ōǊƻŀŘŜǊ ƭƛǘŜǊŀǘǳǊŜ ŜȄŀƳƛƴƛƴƎ 
ǘƘŜ ƛƳǇŀŎǘǎ ƻŦ ƎŜƴŜǊŀƭ ŀƳōƛŜƴǘ ŀƛǊ ǇƻƭƭǳǝƻƴΣ ƻƴƭȅ ŀ ŦŜǿ 
ǎǘǳŘƛŜǎ ƘŀǾŜ ƛƴǾŜǎǝƎŀǘŜŘ ǘƘŜ ŜũŜŎǘǎ ƻŦ ƳŀǘŜǊƴŀƭ ŜȄǇƻǎǳǊŜ 
ǘƻ ǎƘƻǊǘπǘƻπƳŜŘƛǳƳπǘŜǊƳ ǾŀǊƛŀǝƻƴǎ ƛƴ ƻǳǘŘƻƻǊ ŀƛǊ ǉǳŀƭƛǘȅ 
ƻƴ ƻōǎǘŜǘǊƛŎ ŀƴŘ ƴŜƻƴŀǘŀƭ ƻǳǘŎƻƳŜǎΦ Lƴ ƎŜƴŜǊŀƭΣ ǘƘŜǊŜ ƛǎ 
ǎƻƳŜ ƛƴŘƛŎŀǝƻƴ ǘƘŀǘ ƳŀǘŜǊƴŀƭ ŜȄǇƻǎǳǊŜ ǘƻ ŀƛǊ Ǉƻƭƭǳǝƻƴ ƻŦ 
ǎƘƻǊǘπǘƻπƳŜŘƛǳƳ ŘǳǊŀǝƻƴ ŘǳǊƛƴƎ ǘƘŜ ƭŀǘŜǊ ǎǘŀƎŜǎ ƻŦ 
ǇǊŜƎƴŀƴŎȅ ŎƻǳƭŘ ŜƭŜǾŀǘŜ ǘƘŜ Ǌƛǎƪ ƻŦ ŀŘǾŜǊǎŜ ōƛǊǘƘ ƻǳǘŎƻƳŜǎΣ 
ǇŀǊǝŎǳƭŀǊƭȅ ŦŜǘŀƭ ƎǊƻǿǘƘ ǊŜǎǘǊƛŎǝƻƴ ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘΦ 
мύ wƛŎƘ Ŝǘ ŀƭΦ όнлмрύΥ 
DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ мΣ .²Σ taнΦрΥ πмп όπолΣ мύ όǇŜǊ Lvwύ 
DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ нΣ .²Σ taнΦрΥ л όπмсΣ мрύ  
DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ оΣ .²Σ taнΦрΥ πн όπмуΣ мрύ  
DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ пΣ .²Σ taнΦрΥ πм όπмтΣ мпύ  
DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ рΣ .²Σ taнΦр Υ πм όπмсΣ мпύ  
DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ сΣ .²Σ taнΦрΥ πм όπмрΣ мпύ  

DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ тΣ .²Σ taнΦрΥ πу όπннΣ тύ  
DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ уΣ .²Σ taнΦрΥ πму όπонΣ πоύ  
DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ мΣ .²Σ bhнΥ πмф όπслΣ ннύ  
DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ нΣ .²Σ bhнΥ л όπнфΣ нуύ  

DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ оΣ .²Σ bhнΥ πмн όπрпΣ нфύ  
DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ пΣ .²Σ bhнΥ πму όπруΣ ноύ  
DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ рΣ .²Σ bhнΥ πт όπпсΣ омύ  
DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ сΣ .²Σ bhнΥ нн όπмтΣ слύ  
DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ тΣ .²Σ bhнΥ πно όπслΣ мрύ  
DŜǎǘŀǝƻƴŀƭ ƳƻƴǘƘ уΣ .²Σ bhнΥ πоп όπтнΣ оύ  
 
нύ /ŀƴŘƛŘƻ Řŀ {ƛƭǾŀ Ŝǘ ŀƭΦ όнлмпύΥ 
¢мΣ ¢[.²Σ taнΦрΥ лΦфр όлΦсуΣ мΦооύ όнvΣ hwύ 
¢мΣ taнΦрΥ мΦом όлΦфнΣ мΦууύ όоvΣ hwύ 
¢мΣ taнΦрΥ мΦлн όлΦтпΣ мΦпнύ όпvΣ hwύ 
¢нΣ taнΦрΥ  мΦлс όлΦтсΣ мΦптύ όнvΣ hwύ 
¢нΣ taнΦрΥ  мΦнн όлΦутΣ мΦтмύ όоvΣ hwύ 
¢нΣ taнΦрΥ  мΦрм όмΦлпΣ нΦмтύ όпvΣ hwύ 
¢оΣ taнΦрΥ мΦлм όлΦтоΣ мΦоуύ όнvΣ hwύ 
¢оΣ taнΦрΥ мΦму όлΦуоΣ мΦтлύ όоvΣ hwύ 
¢оΣ taнΦрΥ  мΦрл όмΦлсΣ нΦмрύ όпvΣ hwύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ taнΦрΥ лΦфр όлΦсфΣ мΦомύ όнvΣ hwύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ taнΦрΥ мΦнл όлΦурΣ мΦсфύ όоvΣ hwύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ taнΦрΥ  мΦоо όлΦфнΣ мΦфлύ όпvΣ hwύ 

ǎŜŀǊŎƘ 
ŎƻƴŘǳŎǘŜŘ 
ƛƴ лмκнлму  

tǳōaŜŘΣ 
/ƻŎƘǊŀƴŜ 
[ƛōǊŀǊȅΣ 
9a.!{9Σ 
{ŎƛŜƴŎŜ5ƛǊŜŎ
ǘΣ ²Ŝō ƻŦ 
{ŎƛŜƴŎŜΣ 
tǊƻπ 
vǳŜǎǘΣ 

DǊŜŜƴCL[9 
ŀƴŘ {ŎƻǇǳǎ 

о 
/ƘƛƴŀΣ 

.ǊŀȊƛƭ 

bŜǿŎŀǎǘƭŜ hǧŀǿŀ 

{ŎŀƭŜ όbh{ύ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
олпсф
нусκ 
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олс 

CǊƻŜǎ!ǎ
Ƴǳǎ 
нлмс 

{w 
! {ȅǎǘŜƳŀǝŎ wŜǾƛŜǿ ƻŦ /ƘƛƭŘǊŜƴϥǎ 
9ƴǾƛǊƻƴƳŜƴǘŀƭ IŜŀƭǘƘ ƛƴ .ǊŀȊƛƭΦ 

лсκмтκмс         

! ǇƻǇǳƭŀǝƻƴπōŀǎŜŘ ǊŜǘǊƻǎǇŜŎǝǾŜ ŎƻƘƻǊǘ ǎǘǳŘȅ ǿŀǎ 
ŎƻƴŘǳŎǘŜŘ ƛƴ н ŎƻƳƳǳƴƛǝŜǎ ǘƘŀǘ ǿŜǊŜ ƴŜŀǊ ŀǊŜŀǎ ƻŦ 
ōƛƻƳŀǎǎ ōǳǊƴƛƴƎ ŀƴŘ ŜȄǇƻǎŜŘ ǘƻ ǎƳƻƪŜ ƻǊƛƎƛƴŀǘŜŘ ōȅ 
!ƳŀȊƻƴ ŦƻǊŜǎǘ ŬǊŜǎΦ¢Ƙƛǎ ǎǘǳŘȅ ǊŜǇƻǊǘŜŘ ŀ ǎƛƎƴƛŬŎŀƴǘ 
ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ Ǌƛǎƪ ŦƻǊ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ ōŜǘǿŜŜƴ 
ǉǳŀǊǝƭŜǎ ƻŦ taнΦр ŜȄǇƻǎǳǊŜ ƛƴ ǘƘŜ нƴŘ ǘǊƛƳŜǎǘŜǊ ώhwҐмΦрм 
όмΦлпΣ нΦмтύϐ ŀƴŘ ƛƴ ǘƘŜ оǊŘ ǘǊƛƳŜǎǘŜǊ ώhwҐмΦрл όмΦлсΣ нΦмрύϐΦ  

мффрπнлмр 

tǳōaŜŘ 
όa95[Lb9ύΣ 
{ŎƻǇǳǎ ŀƴŘ 
²Ŝō ƻŦ 
{ŎƛŜƴŎŜ 

м .ǊŀȊƛƭ   

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
нтонр
лтмκ 

aŎ5ŜǊƳ
ƻǧ нлмр 

{w 

{ȅǎǘŜƳŀǝŎ wŜǾƛŜǿ ƻŦ /ƘǊƻƳƛǳƳ 
ŀƴŘ bƛŎƪŜƭ 9ȄǇƻǎǳǊŜ 5ǳǊƛƴƎ 
tǊŜƎƴŀƴŎȅ ŀƴŘ LƳǇŀŎǘ ƻƴ /ƘƛƭŘ 
hǳǘŎƻƳŜǎΦ 

ммκмсκмр         
.Ŝƭƭ Ŝǘ ŀƭΦ όнлмлύΥ {ǘŀǝǎǝŎŀƭƭȅ ǎƛƎƴƛŬŎŀƴǘ hŘŘǎ wŀǝƻ ŦƻǊ bƛ 
ŀƴŘ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ όмм҈ ƛƴŎǊŜŀǎŜ ƛƴ Ǌƛǎƪ ǇŜǊ Lvw ƛƴŎǊŜŀǎŜ 

ƛƴ bƛ ŀŜǊƻǎƻƭ ŜȄǇƻǎǳǊŜύ 

ǇǊƛƻǊ мл 
ȅŜŀǊǎπ

лмκнлмр 

tǳōaŜŘΣ 
9.{/hΣ ²Ŝō 
ƻŦ {ŎƛŜƴŎŜΣ 

DƻƻƎƭŜ 
{ŎƘƻƭŀǊ 

м ¦{! bŀǾƛƎŀǝƻƴ DǳƛŘŜ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ

ƛƘΦƎƻǾκ
нсртм
оонκ 

{ƘŀƘ 
нлмм 

{w 
!ƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ ōƛǊǘƘ ƻǳǘŎƻƳŜǎΥ ŀ 
ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿΦ 

ммκнсκмл         

мύ bhнΥ ¢ƘŜ ŀǎǎƻŎƛŀǝƻƴ ƻŦ bhн ŜȄǇƻǎǳǊŜ ŀƴŘ ōƛǊǘƘ 
ƻǳǘŎƻƳŜǎ ǿŀǎ ŜȄǇƭƻǊŜŘ ƛƴ мс ǎǘǳŘƛŜǎΦ LƴŎǊŜŀǎŜŘ Ǌƛǎƪ ƻŦ [.² 
ǿƛǘƘ ŀƴ ƛƴŎǊŜŀǎŜ ƛƴ bhн ŜȄǇƻǎǳǊŜ ǿŀǎ ǊŜǇƻǊǘŜŘ ōȅ Iŀ Ŝǘ ŀƭΦ 
όнллмύ όŬǊǎǘ ǘǊƛƳŜǎǘŜǊύΣ [ŜŜ Ŝǘ ŀƭΦ όнллоύ όǎŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊύΣ 
.Ŝƭƭ Ŝǘ ŀƭΦ όнллтύ όŘǳǊƛƴƎ ǘƘŜ ŜƴǝǊŜ ƎŜǎǘŀǝƻƴύ ŀƴŘ aƻǊŜƭƭƻπ
CǊƻǎŎƘ Ŝǘ ŀƭΦ όнлмлύΣ ƘƻǿŜǾŜǊΣ ƻǘƘŜǊ ǊŜǇƻǊǘǎ ŘƛŘ ƴƻǘ ƛŘŜƴǝŦȅ 
ǎƛƎƴƛŬŎŀƴǘ ƛƴŎǊŜŀǎŜǎ ƛƴ [.² ōƛǊǘƘǎΦ .ƻōŀƪ όнлллύ όŬǊǎǘ ŀƴŘ 
ǘƘƛǊŘ ǘǊƛƳŜǎǘŜǊύΣ [ŜŜ Ŝǘ ŀƭΦ όнллоύ όŬǊǎǘ ǘǊƛƳŜǎǘŜǊύΣ [ƭƻǇ Ŝǘ ŀƭΦ 
όнлмлύ όǎŜŎƻƴŘ ŀƴŘ ǘƘƛǊŘ ǘǊƛƳŜǎǘŜǊ ŀƴŘ ŜƴǝǊŜ ǇǊŜƎƴŀƴŎȅύ 
ǊŜǇƻǊǘŜŘ ŀƴ ƛƴŎǊŜŀǎŜŘ Ǌƛǎƪ ƻŦ t¢.Σ  ƘƻǿŜǾŜǊΣ ƻǘƘŜǊǎ 
ǊŜǇƻǊǘŜŘ ƴƻ ŀǎǎƻŎƛŀǝƻƴΦ [ƛǳ Ŝǘ ŀƭΦ όнллоύ όŬǊǎǘ ǘǊƛƳŜǎǘŜǊύΣ 
aŀƴƴŜǎ Ŝǘ ŀƭΦ όнллрύ όǘƘƛǊŘ ǘǊƛƳŜǎǘŜǊύ ŀƴŘ .ŀƭƭŜǎǘŜǊ Ŝǘ ŀƭΦ 
όнлмлύ όǎŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊύ ǊŜǇƻǊǘŜŘ ŀƴ ƛƴŎǊŜŀǎŜŜŘ Ǌƛǎƪ ƻŦ 
{D! ōƛǊǘƘǎΤ ǿƘŜǊŜŀǎ ƻǘƘŜǊǎ ǊŜǇƻǊǘŜŘ ƴƻ ŀǎǎƻŎƛŀǝƻƴ ǿƛǘƘ 
ƛƴŎǊŜŀǎŜŘ bhн ŜȄǇƻǎǳǊŜΦ 
 
нύ hоΥ Lƴ мл ǎǘǳŘƛŜǎΣ ǘƘŜ ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ŜȄǇƻǎǳǊŜ ǘƻ 
ƻȊƻƴŜ ŀƴŘ ōƛǊǘƘ ƻǳǘŎƻƳŜǎ ǿŀǎ ƛƴǾŜǎǝƎŀǘŜŘΦ bƻƴŜ ƻŦ ǘƘŜǎŜ 
ǎǘǳŘƛŜǎ ǊŜǇƻǊǘŜŘ ŀ ǎǘŀǝǎǝŎŀƭƭȅ ǎƛƎƴƛŬŎŀƴǘ ƛƴŎǊŜŀǎŜ ƛƴ [.²Σ 
t¢. ƻǊ {D! ōƛǊǘƘǎ ǿƛǘƘ ƘƛƎƘŜǊ ŜȄǇƻǎǳǊŜ ǘƻ ƻȊƻƴŜΦ 

 
оύ taнΦрΥ ¢ƘŜ ŜũŜŎǘǎ ƻŦ taнΦр ƻƴ ōƛǊǘƘ ƻǳǘŎƻƳŜǎ ǿŜǊŜ 
ŜǾŀƭǳŀǘŜŘ ƛƴ ŜƛƎƘǘ ǎǘǳŘƛŜǎΦ IǳȅƴƘ Ŝǘ ŀƭΦ όнллсύ ǊŜǇƻǊǘŜŘ ŀƴ 
ŀǎǎƻŎƛŀǝƻƴ ƻŦ ƘƛƎƘ ƭŜǾŜƭǎ ƻŦ taнΦр ǿƛǘƘ [.² ǿƘŜƴ ǘƘŜ 
ŜȄǇƻǎǳǊŜ ǿŀǎ ƳŜŀǎǳǊŜŘ ŀǘ ŀƴȅ ǝƳŜ ŘǳǊƛƴƎ ǘƘŜ ƎŜǎǘŀǝƻƴΣ 
ŀƴŘ ǇŀǊǝŎǳƭŀǊƭȅ ƭŀǎǘ нǿ ƻŦ ǇǊŜƎƴŀƴŎȅ ŀƴŘ 
ǘƘŜ ŬǊǎǘ ƳƻƴǘƘ ƻŦ ƎŜǎǘŀǝƻƴΦ ! ŦǳǊǘƘŜǊ ǘƘǊŜŜ ǎǘǳŘƛŜǎ 
ǊŜǇƻǊǘŜŘ ǘƘŀǘ ƘƛƎƘ ƭŜǾŜƭǎ ƻŦ taнΦр ǿŜǊŜ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ t¢. 
όwƛǘȊ Ŝǘ ŀƭΦΣ нллтύ ƻǊ {D! όtŀǊƪŜǊ Ŝǘ ŀƭΦΣ нллрΤ 5ŜƧƳŜƪ Ŝǘ ŀƭΦΣ 
мфффύΦ IƻǿŜǾŜǊ ǘǿƻ ƻǘƘŜǊ ǎǘǳŘƛŜǎ ǊŜǇƻǊǘŜŘ ƴƻ ŀǎǎƻŎƛŀǝƻƴ 
ǿƛǘƘ {D!Φ 
 
5ŜǘŀƛƭŜŘ ŜũŜŎǘ ŜǎǝƳŀǘŜǎ Ŏŀƴ ōŜ ŦƻǳƴŘ ƛƴ ǘƘŜ ǊŜǾƛŜǿ ŀǊǝŎƭŜ 

πмлκмрκнлмл 
aŜŘƭƛƴŜΣ 
9ƳōŀǎŜΣ 
ŀƴŘ /Lb!I[ 

нн 

bŜǘƘŜǊƭŀ
ƴŘǎΣ 
{ǇŀƛƴΣ 
¦{!Σ 
bƻǊǿŀȅΣ 
¢ŀƛǿŀƴΣ 
tƻƭŀƴŘΣ 
.ǊŀȊƛƭΣ 
/ŀƴŀŘŀΣ 
{ƻǳǘƘ 
YƻǊŜŀΣ 
{ǿŜŘŜƴ 

wƛǎƪ ƻŦ ōƛŀǎ ŎƘŜŎƪƭƛǎǘ 
ōŀǎŜŘ ƻƴ ŎǊƛǘŜǊƛŀ ŦƻǊ 
ǎŀƳǇƭŜ ǎŜƭŜŎǝƻƴΣ 
ŜȄǇƻǎǳǊŜ 
ŀǎǎŜǎǎƳŜƴǘΣ 
ƻǳǘŎƻƳŜ 
ŀǎǎŜǎǎƳŜƴǘΣ 
ŎƻƴŦƻǳƴŘŜǊΣ 
ŀƴŀƭȅǝŎŀƭΣ ŀƴŘ 
ŀǧǊƛǝƻƴ ōƛŀǎŜǎ  

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
нмммн
лфлκ 

DƘƻǎƘ 
нллт 

{w 
5ƻŜǎ ǘƘŜ ŜũŜŎǘ ƻŦ ŀƛǊ Ǉƻƭƭǳǝƻƴ ƻƴ 
ǇǊŜƎƴŀƴŎȅ ƻǳǘŎƻƳŜǎ ŘƛũŜǊ ōȅ 
ƎŜƴŘŜǊΚ ! ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿΦ 

лрκлфκлт         

hǾŜǊŀƭƭΥ ¢ƘŜ Ǌƛǎƪ ƻŦ [.² ŘǳŜ ǘƻ ŜȄǇƻǎǳǊŜ ǘƻ ŀƛǊ Ǉƻƭƭǳǝƻƴ 
ǿŀǎ ŦƻǳƴŘ ǘƻ ōŜ ƘƛƎƘŜǊ ƛƴ ƳŀƭŜǎ ǘƘŀƴ ƛƴ ŦŜƳŀƭŜǎ ƘƻǿŜǾŜǊ 
ǘƘŜ ŜǾƛŘŜƴŎŜ ƛǎ ƭƛƳƛǘŜŘ ŀƴŘ ŘǊŀǿƴ ŦǊƻƳ ƻƴƭȅ ŦƻǳǊ ǎǘǳŘƛŜǎΦ 
мύ /ƘŜƴ Ŝǘ ŀƭΦ όнллнύ 
hоΣ [.²Υ лΦту όлΦрмΣ мΦнмύ όhwύ 

нύ[ƛƴ Ŝǘ ŀƭΦ όнллмύΥ 
оύ²ƛƭƘŜƭƳ ŀƴŘ wƛǘȊΦ όнллоύΥ 
hоΣt¢.ΣaŀƭŜΥ лΦус όлΦтфΣ лΦфпύ  
hоΣ[.²ΣaŀƭŜΥ лΦфп όлΦусΣ мΦлпύ  
hоΣt¢.ΣCŜƳŀƭŜΥ лΦфл όлΦунΣ лΦфуύ  
hоΣ[.²Σ CŜƳŀƭŜΥ лΦфо όлΦупΣ мΦлнύ  
bhнΣt¢.ΣaŀƭŜΥ мΦмф όмΦлфΣ мΦнфύ  
bhнΣ[.²ΣaŀƭŜΥ мΦмп όмΦлпΣ мΦнрύ  
bhнΣt¢.ΣCŜƳŀƭŜΥ мΦмм όмΦлнΣ мΦнмύ  
bhнΣ[.²ΣCŜƳŀƭŜΥ мΦлу όлΦффΣ мΦмфύ  
пύWŜŘǊȅŎƘƻǿǎƪƛ Ŝǘ ŀƭΦ όнллпύΥ 
taнΦрΣ .ƛǊǘƘ ǿŜƛƎƘǘΥ πнллΦун όπоурΦфтΣ πмрΦстύ 
taнΦрΣ [.²Σ CŜƳŀƭŜΥ лΦус όлΦмоΣ рΦпуύ  

мфссπнллр 

aŜŘƭƛƴŜΣ 
9ƳōŀǎŜΣ 
{ŎƛŜƴŎŜ 
Ŏƛǘŀǝƻƴ 
ƛƴŘŜȄΣ 
/Lb!I[Σ 
/ƻŎƘǊŀƴŜ 
ƭƛōǊŀǊȅ ŀƴŘ 
ƻǘƘŜǊ 

ŜƴǾƛǊƻƴƳŜƴ
ǘŀƭ 
ŘŀǘŀōŀǎŜǎ 
ό9ƴǾƛǊƻƴƳŜ
ƴǘŀƭ {ŎƛŜƴŎŜ 
ŀƴŘ 
tƻƭƭǳǝƻƴ 
aŀƴŀƎŜƳŜƴ
ǘύΣ tƻƭƭǳǝƻƴ 
!ōǎǘǊŀŎǘǎΣ 
¢ƻȄƛŎƻƭƻƎȅ 
!ōǎǘǊŀŎǘǎΣ 
¢ƻȄƭƛƴŜΣ 
IŜŀƭǘƘ ŀƴŘ 
{ŀŦŜǘȅ 
{ŎƛŜƴŎŜǎ 
ŀōǎǘǊŀŎǘǎ 

п 
tƻƭŀƴŘΣ 
¦{!Σ 
¢ŀƛǿŀƴ 

! ŎƘŜŎƪƭƛǎǘ ǿŀǎ 
ŘŜǾŜƭƻǇŜŘ ŦǊƻƳ ǘƘŜ 
ǉǳŀƭƛǘȅ ŀǎǎŜǎǎƳŜƴǘ 
ŦǊŀƳŜǿƻǊƪ ƛƴ ǘƘŜ 
{ȅǎǘŜƳŀǝŎ wŜǾƛŜǿǎ 
ƛƴ IŜŀƭǘƘ /ŀǊŜ aŜǘŀπ
ŀƴŀƭȅǎƛǎ ƛƴ ŎƻƴǘŜȄǘ 
όWǳƴƛ Ŝǘ ŀƭΦΣ нллмύ 
ŀƴŘ .ǊŀŎƪŜƴϥǎ 
ƎǳƛŘŜƭƛƴŜǎ 
ό.ǊŀŎƪŜƴΣ мфуфύ ŦƻǊ 
ƻōǎŜǊǾŀǝƻƴŀƭ 
ǎǘǳŘƛŜǎΦ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
мтпфо
слуκ 

bȅŀŘŀƴǳ 
нлнн 

¦w 

tǊŜƴŀǘŀƭ ŜȄǇƻǎǳǊŜ ǘƻ ŀƳōƛŜƴǘ ŀƛǊ 
Ǉƻƭƭǳǝƻƴ ŀƴŘ ŀŘǾŜǊǎŜ ōƛǊǘƘ 
ƻǳǘŎƻƳŜǎΥ !ƴ ǳƳōǊŜƭƭŀ ǊŜǾƛŜǿ ƻŦ 
ос ǎȅǎǘŜƳŀǝŎ ǊŜǾƛŜǿǎ ŀƴŘ ƳŜǘŀπ
ŀƴŀƭȅǎŜǎΦ 

луκлмκнн         

taнΦр ŀƴŘ [.²Υ 9ȄǇƻǎǳǊŜ ŘǳǊƛƴƎ ǘƘŜ ŜƴǝǊŜ ǇǊŜƎƴŀƴŎȅ 

ǇŜǊƛƻŘ ŀǎ ǿŜƭƭ ŀǎ ŜŀŎƘ ǘǊƛƳŜǎǘŜǊ Ƙŀǎ ōŜŜƴ ǎƘƻǿƴ ǘƻ ƘŀǾŜ ŀ  
ƭŜǎǎ ŎƻƴǎƛǎǘŜƴǘ ǇƻǎƛǝǾŜ ŀǎǎƻŎƛŀǝƻƴ ǿƛǘƘ [.²Φ ¢ƘŜ ƭŀǊƎŜǎǘ 
ǇƻƻƭŜŘ hw ǿŀǎ ǊŜǇƻǊǘŜŘ ōȅ {ǳƴ Ŝǘ ŀƭΦόнлмсύΦ hw ǿŀǎ мΦлф 
όфр҈ /L Ґ мΦлоΣ мΦмрύ ǇŜǊ мл ҡƎκƳо ƛƴŎǊŜŀǎŜ ƛƴ ŜȄǇƻǎǳǊŜ 
ŘǳǊƛƴƎ ǘƘŜ ŜƴǝǊŜ ŘǳǊŀǝƻƴ ƻŦ ǇǊŜƎƴŀƴŎȅΦ ¢ƘŜ ƻǾŜǊŀƭƭ 
ŜǾƛŘŜƴŎŜ ŦƻǊ ŜŀŎƘ ǘǊƛƳŜǎǘŜǊ ǎƘƻǿŜŘ ŀ ƭŜǎǎ ŎƻƴǎƛǎǘŜƴǘ 
ǇƻǎƛǝǾŜ ŀǎǎƻŎƛŀǝƻƴΦ 
 
taнΦр ŀƴŘ t¢.Υ 9ȄǇƻǎǳǊŜ ŘǳǊƛƴƎ ǘƘŜ ŜƴǝǊŜ ǇǊŜƎƴŀƴŎȅ Ƙŀǎ 
ōŜŜƴ ǎƘƻǿƴ ǘƻ ƘŀǾŜ ŀ ƭŜǎǎ ŎƻƴǎƛǎǘŜƴǘ ǇƻǎƛǝǾŜ ŀǎǎƻŎƛŀǝƻƴΦ 
¢ƘŜ ƭŀǊƎŜǎǘ ǇƻƻƭŜŘ hw ǿŀǎ ǊŜǇƻǊǘŜŘ ōȅ {ǝŜō Ŝǘ ŀƭΦ όнлмнύΦ Lǘ 
ǿŀǎ мΦмс όфр҈ /L Ґ мΦлтΣмΦнсύ ǇŜǊ мл ҡƎκƳо ƛƴŎǊŜŀǎŜ ƛƴ 
ŜȄǇƻǎǳǊŜΦ !ƴ ǳƴŎƭŜŀǊ ƻǊ ŎƻƴǘǊŀŘƛŎǘƻǊȅ ŘƛǊŜŎǝƻƴ ǿŀǎ 
ƻōǎŜǊǾŜŘ ŦƻǊ ǘƘŜ ŬǊǎǘ ǘǊƛƳŜǎǘŜǊΦ .ƻǘƘ ǎŜŎƻƴŘ ŀƴŘ ǘƘƛǊŘ 
ǘǊƛƳŜǎǘŜǊǎΣ ƘƻǿŜǾŜǊΣ ǎƘƻǿŜŘ ŀ ƭŜǎǎ ŎƻƴǎƛǎǘŜƴǘ ǇƻǎƛǝǾŜ 
ŀǎǎƻŎƛŀǝƻƴΦ ¢ƘŜ ƭŀǊƎŜǎǘ ǇƻƻƭŜŘ hw ƻŦ t¢. ǇŜǊ мл ҡƎκƳо 
ƛƴŎǊŜŀǎŜ ƛƴ ǘƘŜ ŜȄǇƻǎǳǊŜ ŦƻǊ ǎŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊ ǿŀǎ мΦлф 
όфр҈ /L Ґ лΦунΣ мΦппύ ŀƴŘ ŦƻǊ ǘƘŜ ǘƘƛǊŘ ǘǊƛƳŜǎǘŜǊ ǿŀǎ мΦлу 
όфр҈ /L Ґ лΦффΣ мΦмтύΦ 
 
taнΦр ŀƴŘ .ƛǊǘƘ ǿŜƛƎƘǘ ǊŜŘǳŎǝƻƴΥ hǾŜǊŀƭƭ ǊŜǎǳƭǘǎ ǎƘƻǿŜŘ ŀ 
ƳƻǊŜ ŎƻƴǎƛǎǘŜƴǘ ǇƻǎƛǝǾŜ ŀǎǎƻŎƛŀǝƻƴΦ ¢ƘŜ ƭŀǊƎŜǎǘ ǇƻƻƭŜŘ 
ŜũŜŎǘ ŜǎǝƳŀǘŜ ǿŀǎ π ну Ǝ όфр҈ /L Ґ π пуΣ π тύ ǇŜǊ мл ҡƎκƳо 
ƛƴŎǊŜŀǎŜ ƛƴ ŜȄǇƻǎǳǊŜ ό¦ǿŀƪ Ŝǘ ŀƭΦΣ нлнмύΦ CƻǊ ǘǊƛƳŜǎǘŜǊπ
ǎǇŜŎƛŬŎ ŜȄǇƻǎǳǊŜǎΣ ƭŜǎǎ ŎƻƴǎƛǎǘŜƴǘ ǇƻǎƛǝǾŜ ŀǎǎƻŎƛŀǝƻƴǎ 
ǿŜǊŜ ƻōǎŜǊǾŜŘ ŦƻǊ ŜŀŎƘ ǘǊƛƳŜǎǘŜǊΦ 

πоκолκнлнн 

όƛύ 

.ƛōƭƛƻƎǊŀǇƘƛ
Ŏ ŘŀǘŀōŀǎŜǎΥ 
tǳōaŜŘΣ 
/Lb!I[Σ 
{ŎƻǇǳǎΣ 
aŜŘƭƛƴŜκhǾƛ
ŘΣ 
9ƳōŀǎŜκhǾƛ
ŘΣ ŀƴŘ ²Ŝō 
ƻŦ {ŎƛŜƴŎŜ 
/ƻǊŜ 
/ƻƭƭŜŎǝƻƴ 
όƛƛύ 
{ȅǎǘŜƳŀǝŎ 
ǊŜǾƛŜǿǎ 
ǊŜǇƻǎƛǘƻǊƛŜǎΥ 
/ƻŎƘǊŀƴŜ 
5ŀǘŀōŀǎŜ ƻŦ 
{ȅǎǘŜƳŀǝŎ 
wŜǾƛŜǿǎΣ W.L 
5ŀǘŀōŀǎŜ ƻŦ 
{ȅǎǘŜƳŀǝŎ 
wŜǾƛŜǿǎ ŀƴŘ 
LƳǇƭŜƳŜƴǘŀ
ǝƻƴ 
wŜǇƻǊǘǎΣ ŀƴŘ 

ос 
ǎȅǎǘŜƳŀǝŎ 
ǊŜǾƛŜǿǎ ŀƴŘ 
ǎȅǎǘŜƳŀǝŎ 
ǊŜǾƛŜǿǎ ǿƛǘƘ 
ƳŜǘŀπ
ŀƴŀƭȅǎŜǎ 

¦{!Σ 
/ŀƴŀŘŀΣ 
/ƘƛƴŀΣ 
YƻǊŜŀΣ 
!ǳǎǘǊŀƭƛŀΣ 
CƛƴƭŀƴŘΣ 
DƘŀƴŀΣ 
CǊŀƴŎŜΣ 
¦YΣ LǘŀƭȅΣ 
{ǇŀƛƴΣ 
bŜǘƘŜǊƭŀ
ƴŘǎΣ 
5ŜƴƳŀǊƪΣ 
DǊŜŜŎŜΣ 
bŜǇŀƭ 

¢ǿƻ ƎǊŀŘƛƴƎ ǎŎŀƭŜǎ 

ǿŜǊŜ ǳǎŜŘΦ мύ ¢ƘŜ 
ƛƴŎƭǳŘŜŘ ƳŜǘŀπ
ŀƴŀƭȅǎŜǎ ǿŜǊŜ 
ƎǊŀŘŜŘ ƻƴ 
ŎƻƴǎƛǎǘŜƴŎȅ ƻŦ ǘƘŜ 
ŘƛǊŜŎǝƻƴ ŀƴŘ 
ǎǘŀǝǎǝŎŀƭ 
ǎƛƎƴƛŬŎŀƴŎŜ ƻŦ ǘƘŜ 
ƳŜǘŀπŀƴŀƭȅǎŜǎ 
ǊŜǎǳƭǘǎ ŦƻǊ ŜŀŎƘ 
ǇƻƭƭǳǘŀƴǘπƻǳǘŎƻƳŜ 
ǇŀƛǊΦ  нύ .ŀǎŜŘ ƻƴ ǘƘŜ 
ōŜƴŎƘƳŀǊƪǎ 
ŘŜǾŜƭƻǇŜŘ ǳǎƛƴƎ 
.ǊŀŘŦƻǊŘ Iƛƭƭǎϥ 
ƎǳƛŘŜƭƛƴŜǎ ŦƻǊ 
ŎŀǳǎŀǝƻƴΣ ǘƘŜ 
ŎƻƴŬŘŜƴŎŜ ƛƴ ǘƘŜ 
ƻōǎŜǊǾŜŘ ŘƛǊŜŎǝƻƴ 
ƻǊ ǇƭŀǳǎƛōƭŜ 
Ŏŀǳǎŀǝƻƴ ǿŀǎ ǊŀǘŜŘ 
ŀǎ ǿŜƭƭΦ 
wƛǎƪ ƻŦ ōƛŀǎ ǿŀǎ 
ŀǎǎŜǎǎŜŘ ǳǎƛƴƎ ǘƘŜ 
W.L ǎǘŀƴŘŀǊŘƛǎŜŘ 
ŎǊƛǝŎŀƭ ŀǇǇǊŀƛǎŀƭ ǘƻƻƭ 

ƘǧǇǎΥκ
κǇǳōƳ
ŜŘΦƴŎō
ƛΦƴƭƳΦƴ
ƛƘΦƎƻǾκ
оррсф
снрκ 
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олт 

 
taнΦр ŀƴŘ {D!Υ ¢ƘŜ ƻǾŜǊŀƭƭ ŜǾƛŘŜƴŎŜ ǿŀǎ ƎǊŀŘŜŘ ŀǎ ŀ ƭŜǎǎ 
ŎƻƴǎƛǎǘŜƴǘ ǇƻǎƛǝǾŜ ŀǎǎƻŎƛŀǝƻƴ ŦƻǊ ǘƘŜ ŜƴǝǊŜ ǇǊŜƎƴŀƴŎȅ 
ǇŜǊƛƻŘΣ ǳƴŎƭŜŀǊ ƻǊ ŎƻƴǘǊŀŘƛŎǘƻǊȅ ŘƛǊŜŎǝƻƴ ŦƻǊ ǘƘŜ ŬǊǎǘ 
ǘǊƛƳŜǎǘŜǊ ŀƴŘ ƭŜǎǎ ŎƻƴǎƛǎǘŜƴǘ ǇƻǎƛǝǾŜ ŀǎǎƻŎƛŀǝƻƴǎ ŦƻǊ ōƻǘƘ 
ǎŜŎƻƴŘ ŀƴŘ ǘƘƛǊŘ ǘǊƛƳŜǎǘŜǊǎΦ 
 

bhн ŀƴŘ [.²Υ  ¢ƘŜ ƻǾŜǊŀƭƭ ŜǾƛŘŜƴŎŜ ŦƻǊ ǘƘŜ ŜƴǝǊŜ 
ǇǊŜƎƴŀƴŎȅ ǇŜǊƛƻŘΣ ŬǊǎǘ ŀƴŘ ǎŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊǎ ǿŀǎ ǘƘŀǘ 
ǘƘŜǊŜ ǿŀǎ ŀ ƭŜǎǎ ŎƻƴǎƛǎǘŜƴǘ ǇƻǎƛǝǾŜ ŀǎǎƻŎƛŀǝƻƴΦ CƻǊ ǘƘŜ 
ŜƴǝǊŜ ǇǊŜƎƴŀƴŎȅ ŜȄǇƻǎǳǊŜΣ ǘƘŜ ƭŀǊƎŜǎǘ ǇƻƻƭŜŘ hw ƻŦ мΦло 
όфр҈ /L Ґ мΦлмΣ мΦлрύ ǇŜǊ мл ǇǇō ƛƴŎǊŜŀǎŜ ƛƴ ŜȄǇƻǎǳǊŜ ǿŀǎ 
ǊŜǇƻǊǘŜŘ ōȅ [ƛ Ŝǘ ŀƭΦόнлнлύΦ ¢ƘŜ ǘƘƛǊŘ ǘǊƛƳŜǎǘŜǊ ǎƘƻǿŜŘ ŀƴ 
ǳƴŎƭŜŀǊ ƻǊ ŎƻƴǘǊŀŘƛŎǘƻǊȅ ŘƛǊŜŎǝƻƴΦ 
 
bhн ŀƴŘ t¢Υ 9ȄǇƻǎǳǊŜ ŘǳǊƛƴƎ ǘƘŜ ŜƴǝǊŜ ǇǊŜƎƴŀƴŎȅ Ƙŀǎ ōŜŜƴ 
ǎƘƻǿƴ ǘƻ ƘŀǾŜ ŀ ƭŜǎǎ ŎƻƴǎƛǎǘŜƴǘ ǇƻǎƛǝǾŜ ŀǎǎƻŎƛŀǝƻƴΦ ¢ƘŜ 
ƭŀǊƎŜǎǘ hw ƻŦ мΦмп όфр҈ /L Ґ лΦумΣ мΦспύ ǇŜǊ мл ǇǇō ƛƴŎǊŜŀǎŜ 
ƛƴ ŜȄǇƻǎǳǊŜ ǿŀǎ ǊŜǇƻǊǘŜŘ ōȅ {ƛƳƻƴŎƛŎ Ŝǘ ŀƭΦ όнлнлύΦ ¢ƘŜ 
ƻǾŜǊŀƭƭ ŜǾƛŘŜƴŎŜ ǿŀǎ ŀ ƭŜǎǎ ŎƻƴǎƛǎǘŜƴǘ ƴŜƎŀǝǾŜ ŀǎǎƻŎƛŀǝƻƴ 
ŦƻǊ ǘƘŜ ŬǊǎǘ ǘǊƛƳŜǎǘŜǊΣ ǳƴŎƭŜŀǊ ƻǊ ŎƻƴǘǊŀŘƛŎǘƻǊȅ ŘƛǊŜŎǝƻƴ ŦƻǊ 
ǘƘŜ ǎŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΣ ŀƴŘ ŀ ƭŜǎǎ ŎƻƴǎƛǎǘŜƴǘ ǇƻǎƛǝǾŜ 
ŀǎǎƻŎƛŀǝƻƴ ŦƻǊ ǘƘŜ ǘƘƛǊŘ ǘǊƛƳŜǎǘŜǊΦ 
 
bhн ŀƴŘ .ƛǊǘƘ ǿŜƛƎƘǘ ǊŜŘǳŎǝƻƴΥ ¢ƘŜ ƻǾŜǊŀƭƭ ŜǾƛŘŜƴŎŜ ǿŀǎ 
ƎǊŀŘŜŘ ǿƛǘƘ ŀ ƭŜǎǎ ŎƻƴǎƛǎǘŜƴǘ ǇƻǎƛǝǾŜ ŀǎǎƻŎƛŀǝƻƴ ŦƻǊ ǘƘŜ 
ŜƴǝǊŜ ǇǊŜƎƴŀƴŎȅ ǇŜǊƛƻŘΣ ŬǊǎǘ ŀƴŘ ǘƘƛǊŘ ǘǊƛƳŜǎǘŜǊǎΦ 
IƻǿŜǾŜǊΣ ǘƘŜ ǎŜŎƻƴŘπǘǊƛƳŜǎǘŜǊ ŜȄǇƻǎǳǊŜ ǎƘƻǿŜŘ ŀƴ 
ǳƴŎƭŜŀǊ ƻǊ ŎƻƴǘǊŀŘƛŎǘƻǊȅ ŘƛǊŜŎǝƻƴΦ 

 
hо ŀƴŘ [.²Υ hǾŜǊŀƭƭ ŜǾƛŘŜƴŎŜ ƻŦ ǳƴŎƭŜŀǊ ƻǊ ŎƻƴǘǊŀŘƛŎǘƻǊȅ 
ŘƛǊŜŎǝƻƴǎ ŦƻǊ ǘƘŜ ŜƴǝǊŜ ǇǊŜƎƴŀƴŎȅ ǇŜǊƛƻŘΣ ŬǊǎǘ ŀƴŘ ǎŜŎƻƴŘ 
ǘǊƛƳŜǎǘŜǊǎ ǿƘƛƭŜ ǘƘŜ ǘƘƛǊŘ ǘǊƛƳŜǎǘŜǊ ǎƘƻǿŜŘ ŀ ƭŜǎǎ 
ŎƻƴǎƛǎǘŜƴǘ ǇƻǎƛǝǾŜ ŀǎǎƻŎƛŀǝƻƴΦ 
 
hо ŀƴŘ t¢.Υ ¢ƘŜ ŜƴǝǊŜ ǇǊŜƎƴŀƴŎȅ ŀƴŘ ŬǊǎǘ ŀƴŘ ǎŜŎƻƴŘ 
ǘǊƛƳŜǎǘŜǊǎ ǎƘƻǿŜŘ ƭŜǎǎ ŎƻƴǎƛǎǘŜƴǘ ǇƻǎƛǝǾŜ ŀǎǎƻŎƛŀǝƻƴǎ 
ǿƘƛƭŜ ǘƘŜ ǘƘƛǊŘ ǘǊƛƳŜǎǘŜǊ ǿŀǎ ŀƴ ǳƴŎƭŜŀǊ ƻǊ ŎƻƴǘǊŀŘƛŎǘƻǊȅ 
ŘƛǊŜŎǝƻƴΦ 
 
hо ŀƴŘ .ƛǊǘƘ ǿŜƛƎƘǘ ǊŜŘǳŎǝƻƴΥ hƴƭȅ ƻƴŜ ƳŜǘŀπŀƴŀƭȅǎƛǎ 
ό{ǝŜō Ŝǘ ŀƭΦΣ нлмнύ ǿŀǎ ŎƻƴŘǳŎǘŜŘ ǘƘŀǘ ŦƻǳƴŘ ŀ ǇƻǎƛǝǾŜ 
ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ŜȄǇƻǎǳǊŜ ŘǳǊƛƴƎ ǘƘŜ ŜƴǝǊŜ ǇǊŜƎƴŀƴŎȅ 
ǇŜǊƛƻŘ ǿƛǘƘ ƘƛƎƘ ƘŜǘŜǊƻƎŜƴŜƛǘȅΦ ¢ƘŜ ŜũŜŎǘ ŜǎǝƳŀǘŜ ǿŀǎ π р 
Ǝ όфр҈ /L Ґ π мсΣ сύ ǇŜǊ мл ǇǇō ƛƴŎǊŜŀǎŜ ƛƴ ŜȄǇƻǎǳǊŜΣ 
ƛƴŘƛŎŀǝƴƎ ǳƴŎƭŜŀǊ ƻǊ ŎƻƴǘǊŀŘƛŎǘƻǊȅ ŘƛǊŜŎǝƻƴ ŦƻǊ ǘƘŜ ŜƴǝǊŜ 
ǇǊŜƎƴŀƴŎȅ ǇŜǊƛƻŘΣ ŬǊǎǘ ŀƴŘ ǘƘƛǊŘ ǘǊƛƳŜǎǘŜǊǎΦ IƻǿŜǾŜǊΣ ǘƘŜ 
ǎŜŎƻƴŘπǘǊƛƳŜǎǘŜǊ ŜȄǇƻǎǳǊŜ ǎƘƻǿŜŘ ŀ ƭŜǎǎ ŎƻƴǎƛǎǘŜƴǘ 
ǇƻǎƛǝǾŜ ŀǎǎƻŎƛŀǝƻƴΦ  

9ǇƛǎǘŜƳƻƴƛƪ
ƻǎ 
όǿǿǿΦŜǇƛǎǘŜ
ƳƻƴƛƪƻǎΦƻǊƎ
κύ 
όƛƛƛύ 
9ƭŜŎǘǊƻƴƛŎ 

ƎǊŜȅ 
ƭƛǘŜǊŀǘǳǊŜ 
ŘŀǘŀōŀǎŜǎΥ 
hǇŜƴDǊŜȅ 
όƘǧǇΥκκǿǿǿ
ΦƻǇŜƴƎǊŜȅΦŜ
ǳκύ ŀƴŘ 
²ƻǊƭŘ²ƛŘŜ{
ŎƛŜƴŎŜΦƻǊƎ 
όƛǾύ LƴǘŜǊƴŜǘ 
ǎŜŀǊŎƘ 
ŜƴƎƛƴŜǎΥ 
DƻƻƎƭŜ ŀƴŘ 
DƻƻƎƭŜ 
{ŎƘƻƭŀǊ ƛƴ 
LƴŎƻƎƴƛǘƻ 
ƳƻŘŜΣ 
ǎŎǊŜŜƴƛƴƎ 
ǘƘŜ ŬǊǎǘ нлл 
ǎŜŀǊŎƘ 
ǊŜǎǳƭǘǎ 
ό.ǊŀƳŜǊ Ŝǘ 

ŀƭΦΣ нлмтύ 
όǾύ ǘƘŜ 
²ƻǊƭŘ 
IŜŀƭǘƘ 
hǊƎŀƴƛȊŀǝƻƴ 
ǿŜōǎƛǘŜ 
όǾƛύ 
Ƴŀƴǳŀƭƭȅ 
ǎŜŀǊŎƘŜŘ 
ǊŜŦŜǊŜƴŎŜǎ 
ƻŦ ǘƘŜ 
ƛŘŜƴǝŬŜŘ 
ŜƭƛƎƛōƭŜ 
ǎǘǳŘƛŜǎ 

ŦƻǊ ǊŜǾƛŜǿ ǎǘǳŘƛŜǎ 
ŀƴŘ ǘƘŜ W.L {¦a!wL 
ǎƻƊǿŀǊŜ ǿŀǎ ǳǎŜŘΦ  

{ǘŜƛƴƭŜ 
нлнл 

¦w 

Lƴ ¦ǘŜǊƻ 9ȄǇƻǎǳǊŜ ǘƻ tŀǊǝŎǳƭŀǘŜ !ƛǊ 
tƻƭƭǳǝƻƴ ŘǳǊƛƴƎ tǊŜƎƴŀƴŎȅΥ LƳǇŀŎǘ 
ƻƴ .ƛǊǘƘ ²ŜƛƎƘǘ ŀƴŘ IŜŀƭǘƘ 
ǘƘǊƻǳƎƘ ǘƘŜ [ƛŦŜ /ƻǳǊǎŜΦ 

мнκлмκнл         

.ŀǎŜŘ ƻƴ ǘƘŜ ǊŜǾƛŜǿŜŘ ƳŜǘŀπǎǘǳŘƛŜǎ ƻƴ ōƛǊǘƘ ǿŜƛƎƘǘΣ ǘƘŜǊŜ 
ƛǎ ǎǳŶŎƛŜƴǘ ŜǾƛŘŜƴŎŜ ǘƘŀǘ ta Ǉƻƭƭǳǝƻƴ ƛǎ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ 
ƭƻǿŜǊ ōƛǊǘƘ ǿŜƛƎƘǘ ŀǎ ƳŀƧƻǊƛǘȅ ƻŦ ǘƘŜƳ ŦƻǳƴŘ ǎǘŀǝǎǝŎŀƭƭȅ 
ǎƛƎƴƛŬŎŀƴǘ ǊŜŘǳŎǝƻƴǎ ƛƴ ōƛǊǘƘ ǿŜƛƎƘǘΦ 
 
мύ {ŀǇƪƻǘŀ Ŝǘ ŀƭΦ όнлмнύΥ 
taнΦр ŀƴŘ ¢[.²Υ мΦлф ώлΦфлΣ мΦонϐ όǇŜǊ млҡƎκƳоΣ hwύ 
 
нύ {ǝŜō Ŝǘ ŀƭΦ όнлмнύΥ  
taнΦр ŀƴŘ [.²Υ мΦлр ώлΦффΣ мΦмнϐ όǇŜǊ млҡƎκƳоΣ hwύ 
taнΦр ŀƴŘ .² όƎύΥ πноΦп ώπпрΦрΣ πмΦпϐ όǇŜǊ млҡƎκƳоΣ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ 
 
оύ 5ŀŘǾŀƴŘ Ŝǘ ŀƭΦ όнлмоύΥ 
taнΦр ŀƴŘ ¢[.²Υ мΦлп ώлΦффΣ мΦлфϐ όǇŜǊ млҡƎκƳоΣ hwύ 
 
пύ ½Ƙǳ Ŝǘ ŀƭΦ όнлмрύΥ 
taнΦр ŀƴŘ [.²Υ мΦлр ώмΦлнΣ мΦлтϐ όǇŜǊ млҡƎκƳоΣ hwύ 
taнΦр ŀƴŘ .² όƎύΥ πмпΦру ώπмфΦомΣ πфΦусϐ όǇŜǊ млҡƎκƳоΣ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ 
 
рύ {ǳƴ Ŝǘ ŀƭΦ όнлмсύΥ 
taнΦр ŀƴŘ [.²Υ мΦлф ώмΦлоΣ мΦмрϐ όǇŜǊ млҡƎκƳоΣ hwύ 
taнΦр ŀƴŘ .² όƎύΥ πмрΦф ώπнсΦуΣ πрΦлϐ όǇŜǊ млҡƎκƳоΣ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ 
 
сύ [ƛ Ŝǘ ŀƭΦ όнлмтύΥ 
taнΦр ŀƴŘ ¢[.²Υ мΦлр ώлΦфуΣ мΦмнϐ όǇŜǊ млҡƎκƳоΣ hwύ 
 
тύ Dǳƻ Ŝǘ ŀƭΦ όнлмфύΥ 

taнΦр ŀƴŘ [.²Υ мΦлл ώлΦфуΣ мΦлоϐ όǇŜǊ млҡƎκƳоΣ hwύ 
 
уύ Wƛ Ŝǘ ŀƭΦ όнлмфύΥ 
taнΦр ŀƴŘ [.²Υ мΦлп ώлΦффΣ мΦлфϐ όǇŜǊ млҡƎκƳоΣ hwύ 
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5ŜCǊŀƴŎƻ Ŝǘ ŀƭΦΣ нлмсŀΣ нлмсō ǊŜǇƻǊǘŜŘ ŀƴ hw мΦмф όмΦлфΣ 
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¢ǿŜƴǘȅπǎŜǾŜƴ bŀǊǊŀǝǾŜ wŜǾƛŜǿǎ ǿƛǘƘ ƴŀǊǊŀǝǾŜ ǊŜǎǳƭǘǎκŎƻƴŎƭǳǎƛƻƴǎ ǿŜǊŜ ƻƳƛǧŜŘ ŦǊƻƳ ǘƘƛǎ ǘŀōƭŜΦ 

 

1.2.1.2 Adverse Birth Outcomes (BO): Individual studies published since last meta-analysis (Criteria Air Pollutants) 
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{ǘǳŘȅ L5 ¢ƛǘƭŜ 
5ŀǘŜ ƻŦ 
tǳōƭƛŎŀǝƻƴ 

wwκIwκhwϝ 
όфр҈ /Lύ 

wwκIwκhw 
όфр҈ /Lύ 

wwκIwκhw 
όфр҈ /Lύ 

wŜǎǳƭǘǎ [ƻŎŀǝƻƴǎ /ƻƳƳŜƴǘǎ [ƛƴƪǎ 

{ƻŜǎŀƴǝ 
нлно 

¢ƘŜ ŜũŜŎǘ ƻŦ ŜȄǇƻǎǳǊŜ ǘƻ ǘǊŀŶŎ ǊŜƭŀǘŜŘ ŀƛǊ 

Ǉƻƭƭǳǘŀƴǘǎ ƛƴ ǇǊŜƎƴŀƴŎȅ ƻƴ ōƛǊǘƘ 
ŀƴǘƘǊƻǇƻƳŜǘǊȅΥ ŀ ŎƻƘƻǊǘ ǎǘǳŘȅ ƛƴ ŀ ƘŜŀǾƛƭȅ 
ǇƻƭƭǳǘŜŘ ƭƻǿπƳƛŘŘƭŜ ƛƴŎƻƳŜ ŎƻǳƴǘǊȅ 

лнκнтκно 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦлп όǇŜǊ LvwΣ hwύ όлΦомΣ оΦпсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .ƛǊǘƘ ²ŜƛƎƘǘ όƎύΥ πрпΦпп όǇŜǊ LvwΣ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ όπмпсΦмпΣ отΦнтύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦмл όǇŜǊ LvwΣ hwύ όлΦруΣ нΦлсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .ƛǊǘƘ ²ŜƛƎƘǘ όƎύΥ πмтΦнл όǇŜǊ LvwΣ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ όπтлΦслΣ осΦлнύ 

    LƴŘƻƴŜǎƛŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκосу
полмтκ 

https://pubmed.ncbi.nlm.nih.gov/23320899/
https://pubmed.ncbi.nlm.nih.gov/23320899/
https://pubmed.ncbi.nlm.nih.gov/23320899/
https://pubmed.ncbi.nlm.nih.gov/23320899/
https://pubmed.ncbi.nlm.nih.gov/23320899/
https://pubmed.ncbi.nlm.nih.gov/23320899/
https://pubmed.ncbi.nlm.nih.gov/23320899/
https://pubmed.ncbi.nlm.nih.gov/36843017/
https://pubmed.ncbi.nlm.nih.gov/36843017/
https://pubmed.ncbi.nlm.nih.gov/36843017/


 
 

 

олф 

aƛƴƎ нлно 
¢ƘŜ ǎƘƻǊǘπǘŜǊƳ ŜũŜŎǘǎ ƻŦ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŜȄǇƻǎǳǊŜ 
ƻƴ ǇǊŜǘŜǊƳ ōƛǊǘƘǎ ƛƴ /ƘƻƴƎǉƛƴƎΣ /ƘƛƴŀΥ нлмрπ
нлнл 

лнκннκно       

taнΦрΥ 
taнΦр ǿŀǎ ŦƻǳƴŘ ǘƻ ƘŀǾŜ ŀ ǇƻǎƛǝǾŜ ŎƻǊǊŜƭŀǝƻƴ ǿƛǘƘ t¢. ƻƴ ƭŀƎ 
лςо ŀƴŘ ƭŀƎ млςнм ŘŀȅǎΣ ǿƛǘƘ ǘƘŜ ǎǘǊƻƴƎŜǎǘ ƛƴƅǳŜƴŎŜ ƻōǎŜǊǾŜŘ ŀǘ 
ƭŀƎ л όww Ґ мΦлмтΣ мΦлллΣ мΦлопύ ǿƛǘƘ ŀ мл Ǝ˃κƳо ƛƴŎǊŜŀǎŜ ƛƴ 
taнΦрΦ ¢ƘŜ ŎǳƳǳƭŀǝǾŜ ǊŜƭŀǝǾŜ Ǌƛǎƪ ό/wwύ ƻŦ t¢. ƘŀŘ ŀ WπǎƘŀǇŜŘ 
ŀǎǎƻŎƛŀǝƻƴ ǿƛǘƘ taнΦрΣ ǿƛǘƘ ǎǘŀǝǎǝŎŀƭƭȅ ǎƛƎƴƛŬŎŀƴǘ /ww ǾŀƭǳŜǎ 
ƻōǎŜǊǾŜŘ ƻǾŜǊ млл Ǝ˃κƳо ό/wwҐмΦлруΣ мΦлллΣ мΦмнлύ ŦǊƻƳ ƭŀƎ мς

т ŀƴŘ ƻǾŜǊ рл Ǝ˃κƳо ό/wwҐмΦлнмΣ фр҈/LΥмΦллсΣ мΦлосύ ŦǊƻƳ м ǘƻ 
ол ŘŀȅǎΦ 
 
bhнΥ 
bhн ǿŀǎ ŦƻǳƴŘ ǘƻ ƛƴŎǊŜŀǎŜ ǘƘŜ Ǌƛǎƪ ƻŦ t¢. ƻƴ ƭŀƎ лςо ŀƴŘ ƭŀƎ мсς
нт ŘŀȅǎΣ ǿƛǘƘ ǘƘŜ ƘƛƎƘŜǎǘ Ǌƛǎƪ ƻōǎŜǊǾŜŘ ŀǘ ƭŀƎ Řŀȅ но όww Ґ мΦлмтΣ 
мΦллтΣ мΦлнтύΦ ¢ƘŜ ŎǳƳǳƭŀǝǾŜ ǊŜƭŀǝǾŜ Ǌƛǎƪ ŜũŜŎǘ ƻŦ bhн ǿŀǎ 
ǎǘŀǝǎǝŎŀƭƭȅ ǎƛƎƴƛŬŎŀƴǘ ŀǘ ŀ ŎƻƴŎŜƴǘǊŀǝƻƴ ŀōƻǾŜ пр Ǝ˃κƳо ŦǊƻƳ м 
ǘƻ ол ŘŀȅǎΦ 
 
hоΥ 
hо ƘŀŘ ŀ ƴŜƎŀǝǾŜ ŎƻǊǊŜƭŀǝƻƴ ǿƛǘƘ ǘƘŜ Ǌƛǎƪ ƻŦ t¢. ōŜǘǿŜŜƴ л ŀƴŘ 
п ŘŀȅǎΦ ¢ƘŜ ƻǾŜǊŀƭƭ ŎǳƳǳƭŀǝǾŜ ǊŜƭŀǝǾŜ Ǌƛǎƪ ƻŦ hо ǿŀǎ ŀ ¦πǎƘŀǇŜΦ 
{ǘŀǝǎǝŎŀƭƭȅ ǎƛƎƴƛŬŎŀƴǘ /ww ǾŀƭǳŜǎ ǿŜǊŜ ƻōǎŜǊǾŜŘ ǿƘŜƴ ǘƘŜ 
ŎƻƴŎŜƴǘǊŀǝƻƴ ǿŀǎ ƭƻǿŜǊ ǘƘŀƴ ол Ǝ˃κƳо ƻǊ ƘƛƎƘŜǊ ǘƘŀƴ ул 
Ǝ˃κƳоΣ ŀƴŘ ǘƘŜ ŎƻƴŎŜƴǘǊŀǝƻƴ ōŜǘǿŜŜƴ пл ŀƴŘ тл Ǝ˃κƳо ƘŀŘ ŀ 
ƴŜƎŀǝǾŜ ŎƻǊǊŜƭŀǝƻƴ ǿƛǘƘ t¢.Φ 

/Ƙƛƴŀ   

ƘǧǇǎΥκκǿǿǿΦƴŎōƛΦ
ƴƭƳΦƴƛƘΦƎƻǾκǇƳŎκ
ŀǊǝŎƭŜǎκta/млмм
флтнκ 

/ƘŜƴ нлно 
LŘŜƴǝŦȅƛƴƎ ǘƘŜ ŎǊƛǝŎŀƭ ǿƛƴŘƻǿǎ ŀƴŘ Ƨƻƛƴǘ 
ŜũŜŎǘǎ ƻŦ ǘŜƳǇŜǊŀǘǳǊŜ ŀƴŘ taнΦр ŜȄǇƻǎǳǊŜ ƻƴ 
ǎƳŀƭƭ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜ 

лнκмуκно 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ {D!Υ мΦлн όǇŜǊ мл ҡƎκƳоΣ hwύ όмΦлмΣ мΦлпύ 
¢мϝϝΥ мΦлм όмΦллΣ мΦлнύ 
¢нΥ мΦлм όмΦллΣ мΦлнύ 
¢оΥ мΦлл όлΦффΣ мΦлмύ 

      /Ƙƛƴŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκосу
ннллтκ 

/ƘŜƴ нлно 

aƻŘƛŬŎŀǝƻƴ ŜũŜŎǘǎ ƻŦ ŀƳōƛŜƴǘ ǘŜƳǇŜǊŀǘǳǊŜ 
ƻƴ ŀǎǎƻŎƛŀǝƻƴǎ ƻŦ ŀƳōƛŜƴǘ ƻȊƻƴŜ ŜȄǇƻǎǳǊŜ 
ōŜŦƻǊŜ ŀƴŘ ŘǳǊƛƴƎ ǇǊŜƎƴŀƴŎȅ ǿƛǘƘ ŀŘǾŜǊǎŜ 
ōƛǊǘƘ ƻǳǘŎƻƳŜǎΥ ! ƳǳƭǝŎƛǘȅ ǎǘǳŘȅ ƛƴ /Ƙƛƴŀ 

лмκомκно     

tǊŜŎƻƴŎŜǇǝƻƴΣ t¢.Υ мΦмф όǇŜǊ млҡƎκƳоΣ Iwύ όмΦмоΣ мΦнрύ 
¢мΥ мΦнм όмΦмлΣ мΦопύ 
¢нΥ мΦлп όлΦффΣ мΦлфύ 
¢оΥ лΦфн όлΦссΣ мΦнфύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦту όлΦооΣ мΦусύ 
 

tǊŜŎƻƴŎŜǇǝƻƴΣ [.²Υ мΦму όмΦммΣ мΦнрύ 
¢мΥ мΦмн όмΦлсΣ мΦмфύ 
¢нΥ мΦлп όлΦфуΣ мΦмлύ 
¢оΥ мΦмл όлΦфрΣ мΦнфύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦуф όлΦппΣ мΦумύ 
 
tǊŜŎƻƴŎŜǇǝƻƴΣ {D!Υ мΦлт όмΦлнΣ мΦмнύ 
¢мΥ мΦлс όмΦлнΣ мΦммύ 
¢нΥ лΦфо όлΦтрΣ мΦмрύ 
¢оΥ лΦфо όлΦтфΣ мΦммύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦур όлΦптΣ мΦроύ 

  /Ƙƛƴŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκост
офуррκ 

/ƻŎŎƘƛ 
нлно 

!ƛǊ tƻƭƭǳǝƻƴ ŀƴŘ !ŜǊƻŀƭƭŜǊƎŜƴǎ ŀǎ tƻǎǎƛōƭŜ 
¢ǊƛƎƎŜǊǎ ƛƴ tǊŜǘŜǊƳ .ƛǊǘƘ 5ŜƭƛǾŜǊȅ 

лмκмсκно 
п Řŀȅ ƭŀƎΣ t¢.Υ мΦлно όǇŜǊ мл ҡƎκƳоΣ wwύ 
όмΦллоΣ мΦлпоύ 

  
т Řŀȅ ƭŀƎΣ t¢.Υ мΦлнр όǇŜǊ мл ҡƎκƳоΣ wwύ 
όмΦллмΣ мΦлпуύ 

  Lǘŀƭȅ   

ƘǧǇǎΥκκǿǿǿΦŜƳō
ŀǎŜΦŎƻƳκǊŜŎƻǊŘǎΚǎ
ǳōŀŎǝƻƴҐǾƛŜǿǊŜŎƻ
ǊŘϧƛŘҐ[нлнммрнт
нл 

aƛǘƪǳ 
нлно 

LƳǇŀŎǘ ƻŦ ŀƳōƛŜƴǘ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŜȄǇƻǎǳǊŜ 
ŘǳǊƛƴƎ ǇǊŜƎƴŀƴŎȅ ƻƴ ŀŘǾŜǊǎŜ ōƛǊǘƘ ƻǳǘŎƻƳŜǎΥ 
ƎŜƴŜǊŀƭƛȊŜŘ ǎǘǊǳŎǘǳǊŀƭ Ŝǉǳŀǝƻƴ ƳƻŘŜƭƛƴƎ 
ŀǇǇǊƻŀŎƘ 

лмκлсκно 

5ƛǊŜŎǘ ŜũŜŎǘΣ [.²Υ мΦо όҡƎκƳоΣ hwύ όмΦлнΣ мΦпнύ 
5ƛǊŜŎǘ ŜũŜŎǘΣ {D!Υ мΦн όмΦнмΣ мΦнуύ 
5ƛǊŜŎǘ ŜũŜŎǘΣ t¢.Υ мΦн όмΦлфΣ мΦнфύ 
LƴŘƛǊŜŎǘ ŜũŜŎǘ Ǿƛŀ t¢.Σ [.²Υ лΦло όhwύϝ όлΦлнΣ лΦлпύ 
¢ƻǘŀƭ ŜũŜŎǘΣ [.²Υ мΦфп όhwύϝ όмΦроΣ нΦосύ 
ϝ¦ƴƛǘ ƛǎ ǳƴŎƭŜŀǊ 

      {ƻǳǘƘ !ŦǊƛŎŀ 
!ƴƴǳŀƭ ŀǾŜǊŀƎŜ ŎƻƴŎŜƴǘǊŀǝƻƴǎ 
ǿŜǊŜ ǳǎŜŘ 

ƘǧǇǎΥκκōƳŎǇǳōƭƛŎ
ƘŜŀƭǘƘΦōƛƻƳŜŘŎŜƴǘ
ǊŀƭΦŎƻƳκŀǊǝŎƭŜǎκмл
Φммусκǎмнууфπлннπ
мпфтмπо 

¸ŀƴƎ нлно 
{ƘƻǊǘπǘŜǊƳ ŜũŜŎǘǎ ƻŦ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŜȄǇƻǎǳǊŜ ƻƴ 
ǘƘŜ Ǌƛǎƪ ƻŦ ǇǊŜǘŜǊƳ ōƛǊǘƘ ƛƴ ·ƛϥŀƴΣ /Ƙƛƴŀ 

лмκлпκно   

[ŀƎлΣ t¢.Υ мΦлнм όǇŜǊ LvwΣ wwύ όлΦфффΣ мΦлпнрύ 
[ŀƎмΥ мΦлнр όмΦллоΣ мΦлптύ 

[ŀƎнΥ мΦллр όлΦфунΣ мΦлнуύ 
[ŀƎоΥ мΦллф όлΦфуфΣ мΦлнфрύ 
[ŀƎлмΥ мΦлнф όмΦллпΣ мΦлрпύ 
[ŀƎлнΥ мΦлнт όлΦффуΣ мΦлрсύ 
[ŀƎлоΥ мΦлнп όлΦффтΣ мΦлроύ 

/ǳƳлмΥ мΦлнс όмΦллнΣ мΦлрмύ 
/ǳƳлнΥ мΦлол όмΦллоΣ мΦлрфύ 
/ǳƳлоΥ мΦлоо όмΦллнΣ мΦлссύ 
 
[ŀƎлΣ t¢.Υ  мΦлмт όǇŜǊ LvwΣ ŀŘƧǳǎǘŜŘ ŦƻǊ taнΦрΣ wwύ όлΦффнΣ мΦлпнύ 
[ŀƎмΥ  мΦлнт όмΦллмΣ мΦлрпύ 
[ŀƎнΥ  мΦллф όлΦфуоΣ мΦлосύ 
[ŀƎоΥ  мΦлмт όлΦффосΣ мΦлплтύ 
[ŀƎлмΥ  мΦлнф όмΦлллΣ мΦлслύ 
[ŀƎлнΥ  мΦлнф όлΦффпΣ мΦлсрύ 
[ŀƎлоΥ  мΦлоо όлΦффтΣ мΦлтлύ 
 
[ŀƎлΣ t¢.Υ  мΦлмс όǇŜǊ LvwΣ ŀŘƧǳǎǘŜŘ ŦƻǊ taмлΣ wwύ όлΦффнΣ мΦлпмύ 
[ŀƎмΥ  мΦлон όмΦллрΣ мΦлрфύ 
[ŀƎнΥ  мΦлмм όлΦфумΣ мΦлпмύ 
[ŀƎоΥ  мΦлмп όлΦффмΣ мΦлотύ 
[ŀƎлмΥ  мΦлну όмΦллмΣ мΦлртύ 
[ŀƎлнΥ  мΦлом όлΦффрΣ мΦлсуύ 
[ŀƎлоΥ  мΦлом όлΦффсΣ мΦлсуύ  

  

bƻǘŜΥ 

¢ƘǊŜŜ ƳƻŘŜƭǎ ǿŜǊŜ ǳǎŜŘΥ 
мύ {ƛƴƎƭŜπŘŀȅ ƭŀƎ ƳƻŘŜƭ ŦǊƻƳ ǘƘŜ ŎǳǊǊŜƴǘ Řŀȅ ό[ŀƎлύ ǘƻ ǎŜǾŜƴ Řŀȅǎ 
ǇǊƛƻǊ ό[ŀƎтύ 
нύ aƻǾƛƴƎ ŀǾŜǊŀƎŜ ƳƻŘŜƭ ŦƻǊ ǘƘŜ ŎǳǊǊŜƴǘ Řŀȅ ŀƴŘ ǘƘŜ ǇǊŜǾƛƻǳǎ 
ǎŜǾŜƴ Řŀȅǎ όŦǊƻƳ 
[ŀƎлм ǘƻ [ŀƎлтύ 
оύ/ǳƳǳƭŀǝǾŜ ƳƻŘŜƭ ŦǊƻƳ ǘƘŜ ŎǳǊǊŜƴǘ Řŀȅ ό/ǳƳлмύ ǘƻ ǎŜǾŜƴ Řŀȅǎ 
ǇǊƛƻǊ ό/ǳƳлтύ 
 
 
 
 
  

/Ƙƛƴŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκоср
фумосκ 

Dǳƻ нлнн 
9ȄǇƻǎǳǊŜ ƻŦ ŀƳōƛŜƴǘ taόнΦрύ ŘǳǊƛƴƎ 
ƎŀƳŜǘƻƎŜƴŜǎƛǎ ǇŜǊƛƻŘ ŀũŜŎǘǎ ǘƘŜ ōƛǊǘƘ 
ƻǳǘŎƻƳŜΥ wŜǎǳƭǘǎ ŦǊƻƳ ǘƘŜ ǇǊƻƧŜŎǘ 9[9C!b¢Φ 

мнκолκнн 

{D!Υ мΦлр όhό[ύ{όIύΣ wwύ όлΦрнΣ нΦмрύϝϝϝ 
{D!Υ мΦнф όhόIύ{ό[ύύ όлΦтуΣ нΦмоύ 
{D!Υ мΦсп όhόIύ{όIύύ όлΦтпΣ оΦрфύ 
 
[.²Υ лΦнр όhό[ύ{όIύύ όлΦлоΣ нΦмсύ 
[.²Υ лΦст όhόIύ{ό[ύύ όлΦноΣ мΦфмύ 
[.²Υ лΦтф όhόIύ{όIύύ όлΦмсΣ пΦлтύ 
 
t¢.Υ лΦфн όhό[ύ{όIύύ όлΦнлΣ мΦсуύ 
t¢.Υ мΦпл όhόIύ{ό[ύύ όлΦутΣ нΦноύ 
t¢.Υ мΦрл όhόIύ{όIύύ όлΦтрΣ оΦлнύ 
 
9ȄǘǊŜƳŜ t¢.Υ мΦру όhό[ύ{όIύύ όлΦосΣ сΦфуύ 
9ȄǘǊŜƳŜ t¢.Υ нΦрф όhό[ύ{όIύύ όлΦунΣ уΦмфύ 
9ȄǘǊŜƳŜ t¢.Υ нΦрт όhόIύ{ό[ύύ όлΦпуΣ моΦтоύ 
 
aƻŘŜǊŀǘŜ t¢.Υ лΦуф όhόIύ{όIύύ όлΦпоΣ мΦусύ 
aƻŘŜǊŀǘŜ t¢.Υ мΦрп όhό[ύ{όIύύ όлΦусΣ нΦтсύ 

      /Ƙƛƴŀ 

hόIύΥ 9ȄǇƻǎǳǊŜ ŘǳǊƛƴƎ 
hƻƎŜƴŜǎƛǎ Ҕтр ҡƎκƳо 
hό[ύΥ 9ȄǇƻǎǳǊŜ ŘǳǊƛƴƎ 
hƻƎŜƴŜǎƛǎ ғтр ҡƎκƳо 
{όIύΥ 9ȄǇƻǎǳǊŜ ŘǳǊƛƴƎ 
{ǇŜǊƳŀǘƻƎŜƴŜǎƛǎ Ҕтр ҡƎκƳо 
{ό[ύΥ9ȄǇƻǎǳǊŜ ŘǳǊƛƴƎ 
{ǇŜǊƳŀǘƻƎŜƴŜǎƛǎ ғтр ҡƎκƳо 
wŜŦŜǊŜƴŎŜ ƛǎ hό[ύ{ό[ύ 

ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκоср
фнумлκ 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10119072/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10119072/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10119072/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10119072/
https://pubmed.ncbi.nlm.nih.gov/36822007/
https://pubmed.ncbi.nlm.nih.gov/36822007/
https://pubmed.ncbi.nlm.nih.gov/36822007/
https://pubmed.ncbi.nlm.nih.gov/36739855/
https://pubmed.ncbi.nlm.nih.gov/36739855/
https://pubmed.ncbi.nlm.nih.gov/36739855/
https://www.embase.com/records?subaction=viewrecord&id=L2021152720
https://www.embase.com/records?subaction=viewrecord&id=L2021152720
https://www.embase.com/records?subaction=viewrecord&id=L2021152720
https://www.embase.com/records?subaction=viewrecord&id=L2021152720
https://www.embase.com/records?subaction=viewrecord&id=L2021152720
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-022-14971-3
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-022-14971-3
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-022-14971-3
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-022-14971-3
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-022-14971-3
https://pubmed.ncbi.nlm.nih.gov/36598136/
https://pubmed.ncbi.nlm.nih.gov/36598136/
https://pubmed.ncbi.nlm.nih.gov/36598136/
https://pubmed.ncbi.nlm.nih.gov/36592810/
https://pubmed.ncbi.nlm.nih.gov/36592810/
https://pubmed.ncbi.nlm.nih.gov/36592810/


 
 

 

омл 

aƻŘŜǊŀǘŜ t¢.Υ мΦос όhόIύ{ό[ύύ όлΦрсΣ оΦонύ 
 
±ŜǊȅ t¢.Υ лΦст όhόIύ{όIύύ όлΦмсΣ нΦтрύ 
±ŜǊȅ t¢.Υ лΦсн όhόIύ{ό[ύύ όлΦнмΣ мΦуоύ 
±ŜǊȅ t¢.Υ мΦпл όhόIύ{όIύύ όлΦооΣ рΦфсύ 

{ǳ нлнн 
!ǎǎƻŎƛŀǝƻƴǎ ōŜǘǿŜŜƴ ǎƘƻǊǘπǘŜǊƳ ŀƴŘ ƭƻƴƎπ
ǘŜǊƳ ŜȄǇƻǎǳǊŜ ǘƻ ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ŀƴŘ 
ǇǊŜǘŜǊƳ ōƛǊǘƘ 

ммκнуκнн 

оƳƻ ōŜŦƻǊŜ ŎƻƴŎŜǇǝƻƴΣ t¢.Υ лΦффп όǇŜǊ мл ҡƎκƳоΣ hwύ 
όлΦфттΣ мΦлмлύ 
¢мΥ лΦфур όлΦфсфΣ мΦллмύ 
¢нΥ мΦллл όлΦфулΣ мΦлнмύ 
¢оΥ мΦлпф όмΦлнуΣ мΦлсфύ 

      /Ƙƛƴŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκосп
ррсрсκ 

½ƘŜƴƎ 
нлнн 

!ǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ǇǊŜƴŀǘŀƭ ŜȄǇƻǎǳǊŜ ǘƻ 
ŀƳōƛŜƴǘ ƻȊƻƴŜΣ ōƛǊǘƘ ǿŜƛƎƘǘΣ ŀƴŘ ƳŀŎǊƻǎƻƳƛŀ 
ƛƴ ƘŜŀƭǘƘȅ ǿƻƳŜƴ 

ммκлтκнн       
! ǎƭƛƎƘǘ ŘŜŎǊŜŀǎŜ ƛƴ ōƛǊǘƘ ǿŜƛƎƘǘ ǿŀǎ ƻōǎŜǊǾŜŘ ǿƛǘƘ ƛƴŎǊŜŀǎŜ ƛƴ 
ǎǇƭƛƴŜŘ ŀƳōƛŜƴǘ ƻȊƻƴŜ ŜȄǇƻǎǳǊŜΣ ƘƻǿŜǾŜǊ ƛǘ ǿŀǎ ƴƻǘ ǎǘŀǝǎǝŎŀƭƭȅ 
ǎƛƎƴƛŬŎŀƴǘΦ 

/Ƙƛƴŀ   

ƘǧǇǎΥκκǿǿǿΦŦǊƻƴǝ
ŜǊǎƛƴΦƻǊƎκŀǊǝŎƭŜǎκ
млΦооуфκŦǇǳōƘΦнл
ннΦмлллнсфκŦǳƭƭ 

bƛǳ нлнн 
!ǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ !ƳōƛŜƴǘ !ƛǊ tƻƭƭǳǝƻƴ ŀƴŘ 
.ƛǊǘƘ ²ŜƛƎƘǘ ōȅ aŀǘŜǊƴŀƭ LƴŘƛǾƛŘǳŀƭπ ŀƴŘ 
bŜƛƎƘōƻǊƘƻƻŘπ[ŜǾŜƭ {ǘǊŜǎǎƻǊǎ 

млκнрκнн       

tŜǊ Lvw ƛƴŎǊŜŀǎŜ ƛƴ taнΦр ŜȄǇƻǎǳǊŜ ŘǳǊƛƴƎ ǘƘŜ ǿƛƴŘƻǿ ŦǊƻƳ мп 

ǘƻ нн ƎŜǎǘŀǝƻƴŀƭ ǿŜŜƪǎ ǿŀǎ ŀǎǎƻŎƛŀǘŜŘ [.²Φ hƴ ŀǾŜǊŀƎŜΣ ōƛǊǘƘ 
ǿŜƛƎƘǘ ŎƘŀƴƎŜŘ ōȅ ҍфΦр Ǝ όҍмлΦпΣ ҍуΦс Ǝύ ƛƴ ŜŀŎƘ ǿŜŜƪ ŀŎǊƻǎǎ 
ǘƘƛǎ ǿƛƴŘƻǿΦ ¢ƘŜ ƭŀǊƎŜǎǘ ŎƘŀƴƎŜΣ ҍмлΦпƎΣ όҍмфΦнΣ ҍмΦс Ǝύ ǿŀǎ 
ǊŜŎƻǊŘŜŘ ƛƴ ƎŜǎǘŀǝƻƴŀƭ ǿŜŜƪ муΦ 
tŜǊ Lvw ƛƴŎǊŜŀǎŜ ƛƴ bhн ŜȄǇƻǎǳǊŜ ŘǳǊƛƴƎ ǘƘŜ ǿƛƴŘƻǿ ŦǊƻƳ ф ǘƻ 
мп ƎŜǎǘŀǝƻƴŀƭ ǿŜŜƪǎ ǿŀǎ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ [.²Φ .ƛǊǘƘ ǿŜƛƎƘǘ 
ŎƘŀƴƎŜŘ ōȅ πмоΦрƎ όҍмрΦсΣ ҍммΦр ƎύΦ 
bƻ ŀǎǎƻŎƛŀǝƻƴ ƻŦ hо ŜȄǇƻǎǳǊŜ ǿƛǘƘ ōƛǊǘƘ ǿŜƛƎƘǘΦ 

¦{!   

ƘǧǇǎΥκκǿǿǿΦŜƳō
ŀǎŜΦŎƻƳκǊŜŎƻǊŘǎΚǎ
ǳōŀŎǝƻƴҐǾƛŜǿǊŜŎƻ
ǊŘϧƛŘҐ[софпрмнн
у 

vƛŀƻ нлнн 
tǊŜƴŀǘŀƭ ŜȄǇƻǎǳǊŜ ǘƻ ŬƴŜ ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ 
ŀƴŘ ǘƘŜ Ǌƛǎƪ ƻŦ ǎǇƻƴǘŀƴŜƻǳǎ ǇǊŜǘŜǊƳ ōƛǊǘƘΥ ! 
ǇƻǇǳƭŀǝƻƴπōŀǎŜŘ ŎƻƘƻǊǘ ǎǘǳŘȅ ƻŦ ǘǿƛƴǎ 

млκнпκнн 

¢мΣ t¢.Υ лΦуп όǇŜǊ LvwΣ hwύ όлΦстΣ мΦлсύ 
¢нΥ мΦпу όмΦлсΣ нΦлрύ 
¢оΥ лΦтф όлΦслΣ мΦлрύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦфр όлΦумΣ мΦммύ 

      /Ƙƛƴŀ   

ƘǧǇǎΥκκǿǿǿΦŜƳō
ŀǎŜΦŎƻƳκǊŜŎƻǊŘǎΚǎ
ǳōŀŎǝƻƴҐǾƛŜǿǊŜŎƻ
ǊŘϧƛŘҐ[софпусмо
у 

[ŜŜ нлнн 
¢ƘŜ !ǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ !ƳōƛŜƴǘ taόнΦрύ ŀƴŘ 
[ƻǿ .ƛǊǘƘ ²ŜƛƎƘǘ ƛƴ /ŀƭƛŦƻǊƴƛŀΦ 

млκмфκнн 

҈ [.²Υ лΦло όǇŜǊ ҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ όлΦлмΣ лΦлпύ 
 
ғрл҈ ǇƻǾŜǊǘȅ ƛƴ ŎŜƴǎǳǎ ǘǊŀŎǘΥ лΦлн όлΦллΣ лΦлоύ 
Ҕрл҈ ǇƻǾŜǊǘȅΥ лΦлс όлΦлоΣ лΦлуύ 
 
Җ aŜŘƛŀƴ ҈ ƻŦ IƛǎǇŀƴƛŎǎΥ лΦлп όлΦлнΣ лΦлсύ 
Ҕ aŜŘƛŀƴ ҈ ƻŦ IƛǎǇŀƴƛŎǎΥ лΦлн όлΦллΣ лΦлпύ 
 
Җ aŜŘƛŀƴ ҈ ƻŦ ²ƘƛǘŜǎΥ лΦлм όπлΦлмΣ лΦлоύ 
Ҕ aŜŘƛŀƴ ҈ ƻŦ ²ƘƛǘŜǎΥ лΦлп όлΦлнΣ лΦлсύ 
 
Җ aŜŘƛŀƴ ҈ ƻŦ !ŦǊƛŎŀƴ !ƳŜǊƛŎŀƴǎΥ лΦло όлΦлнΣ лΦлрύ 
Ҕ aŜŘƛŀƴ ҈ ƻŦ !ŦǊƛŎŀƴ !ƳŜǊƛŎŀƴǎΥ лΦлм όπлΦлмΣ лΦлоύ 
 
Җ aŜŘƛŀƴ ҈ ƻŦ !ǎƛŀƴ !ƳŜǊƛŎŀƴǎΥ лΦлн όлΦллΣ лΦлоύ 
Ҕ aŜŘƛŀƴ ҈ ƻŦ !ǎƛŀƴ !ƳŜǊƛŎŀƴǎΥ лΦло όлΦлмΣ лΦлсύ 

      ¦{! 

tŜǊŎŜƴǘ [.² ƛƴ ŀ ȅŜŀǊ ƛƴ ŜŀŎƘ 
ŎŜƴǎǳǎ ǘǊŀŎǘ ŀƴŘ ŀƴƴǳŀƭ taнΦр 
ŀǾŜǊŀƎŜ ƛƴ ŜŀŎƘ ŎŜƴǎǳǎ ǘǊŀŎǘ 
ǿŀǎ ǳǎŜŘ 

ƘǧǇǎΥκκǿǿǿΦƴŎōƛΦ
ƴƭƳΦƴƛƘΦƎƻǾκǇƳŎκ
ŀǊǝŎƭŜǎκta/фслн
унуκ 

{ǳƴ нлнн 

! ƴŀǝƻƴǿƛŘŜ ǎǘǳŘȅ ƻŦ ƳŀǘŜǊƴŀƭ ŜȄǇƻǎǳǊŜ ǘƻ 

ŀƳōƛŜƴǘ ƻȊƻƴŜ ŀƴŘ ǘŜǊƳ ōƛǊǘƘ ǿŜƛƎƘǘ ƛƴ ǘƘŜ 
¦ƴƛǘŜŘ {ǘŀǘŜǎ 

лфκнуκнн     

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢ŜǊƳ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ πтΦс όǇŜǊ млǇǇōΣ hwύ όπ
уΦуΣ πсΦпύ 
¢мΥ πмΦо όπнΦнΣ πлΦпύ 
¢нΥ πоΦо όπпΦоΣ πнΦоύ 
¢оΥ πнΦс όπоΦпΣ πмΦтύ 
 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢ŜǊƳ {D!Υ мΦлол όмΦлнлΣ мΦлплύ 
¢мΥ мΦллр όлΦффуΣ мΦлмнύ 
¢нΥ мΦлмс όмΦллуΣ мΦлнпύ 
¢оΥ мΦллс όмΦлллΣ мΦлмоύ 

  ¦{   

ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ

ōƛΦƴƭƳΦƴƛƘΦƎƻǾκосн
лнлмсκ 

5ŀƘŀƭ 
нлнн 

tŜǊƛƴŀǘŀƭ IŜŀƭǘƘ LƴŜǉǳŀƭƛǝŜǎ ƛƴ ǘƘŜ LƴŘǳǎǘǊƛŀƭ 
wŜƎƛƻƴ ƻŦ 9ǎǘƻƴƛŀΥ ! .ƛǊǘƘ wŜƎƛǎǘǊȅπ.ŀǎŜŘ {ǘǳŘȅ 

лфκмпκнн 

t¢. όǇŜǊ млҡƎκƳшΣ hwύ 
LŘŀπ±ƛǊǳ Ŏƻǳƴǘȅ 
¢мΥ лΦфф όлΦтлΣ мΦотύ 
¢оΥ мΦол όмΦлнΣ мΦноύ 
 
²ƘƻƭŜ 9ǎǘƻƴƛŀ 
¢мΥ мΦмн όлΦфрΣ мΦтфύ 
¢оΥ мΦло όлΦфпΣ мΦмоύ 
 
[.² 
LŘŀπ±ƛǊǳ Ŏƻǳƴǘȅ 

¢мΥ лΦфс όлΦтлΣ мΦооύ 
¢оΥ мΦрс όлΦфтΣ мΦмтύ 
 
²ƘƻƭŜ 9ǎǘƻƴƛŀ 
¢мΥ мΦлс όмΦмсΣ нΦлуύ 
¢оΥ мΦло όлΦфпΣ мΦмпύ 

²ƘƻƭŜ 9ǎǘƻƴƛŀ 
t¢. όǇŜǊ млҡƎκƳшΣ hwύ 
¢мΥ мΦлп όлΦфсΣ мΦмоύ 
¢оΥ лΦфл όлΦуоΣ лΦфуύ 
 
[.² 
¢мΥ лΦфу όлΦфмΣ мΦлсύ 
¢оΥ лΦфн όлΦурΣ мΦллύ 

    9ǎǘƻƴƛŀ 
¢ƘŜǊŜ ƛǎ ŀƴ ƻƛƭ ǎƘŀƭŜ ƛƴŘǳǎǘǊȅ 
ǊŜƎƛƻƴ ƛƴ LŘŀπ±ƛǊǳ /ƻǳƴǘȅ 

ƘǧǇǎΥκκǿǿǿΦƳŘǇƛ
ΦŎƻƳκмсслπ
пслмκмфκмуκммрр
ф 

Cǳ нлнн 
!ǎǎƻŎƛŀǝƻƴ ƻŦ ŀƳōƛŜƴǘ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŜȄǇƻǎǳǊŜ 

ǿƛǘƘ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ 
луκнпκнн 

[.²Υ мΦнр όǇŜǊ мл ҡƎκƳоΣ hwύ 
όмΦлоΣ мΦрмύ 

.ƛǊǘƘ ²ŜƛƎƘǘΥ πлΦлр όǇŜǊ мл ҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ 
όπлΦлуΣ πлΦлнύ 

[.²Υ мΦлм όǇŜǊ млҡƎκƳоΣ hwύ 
όлΦффΣ мΦлпύ 

.ƛǊǘƘ ²ŜƛƎƘǘΥ лΦлл όǇŜǊ мл ҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ 
όπлΦлмΣ лΦллύ 

    ¦Y 
!ƴƴǳŀƭ ŀǾŜǊŀƎŜ ŎƻƴŎŜƴǘǊŀǝƻƴǎ 

ǿŜǊŜ ǳǎŜŘ 

ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκосл
нтфруκ 

9ǎŎƻǘƻ 
нлнн 

.ŜƴȊŜƴŜ ŀƴŘ bhн 9ȄǇƻǎǳǊŜ ŘǳǊƛƴƎ tǊŜƎƴŀƴŎȅ 
ŀƴŘ tǊŜǘŜǊƳ .ƛǊǘƘ ƛƴ ¢ǿƻ tƘƛƭŀŘŜƭǇƘƛŀ 
IƻǎǇƛǘŀƭǎΣ нлмоπнлмт 

луκмфκнн   

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ лΦфтр όǇŜǊ {5Σ hwύ όлΦфнΣ мΦлоύ 
¢мΥ мΦло όлΦфуΣ мΦлфύ 
¢нΥ лΦфрм όлΦфлнΣ мΦллύ 
¢оΥ лΦфср όлΦфмлΣ мΦлнύ 

    ¦{! 
нлмп .ŜƴȊŜƴŜ ŜǎǝƳŀǘŜǎ ǳǎŜŘ 
ŦƻǊ ŜƴǝǊŜ ǎǘǳŘȅ ǇŜǊƛƻŘ 

ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκосл
мнллмκ 

5ǳ нлнн 
LƴǘŜǊŀŎǝƻƴ ƻŦ taόнΦрύ ŀƴŘ ǇǊŜπǇǊŜƎƴŀƴŎȅ ōƻŘȅ 
Ƴŀǎǎ ƛƴŘŜȄ ƻƴ ōƛǊǘƘ ǿŜƛƎƘǘΥ ! ƴŀǝƻƴǿƛŘŜ 
ǇǊƻǎǇŜŎǝǾŜ ŎƻƘƻǊǘ ǎǘǳŘȅΦ 

лтκнсκнн 

¢мΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ мΦпфо όǇŜǊ ҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ 
όмΦофсΣ мΦруфύ 
¢нΥ мΦотр όмΦнумΣ мΦпфсύ 
¢оΥ лΦутф όлΦулфΣ лΦфпфύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦтмр όмΦсмрΣ мΦумтύ 

      /Ƙƛƴŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκорф
ртунлκ 

.ŀƛ нлнн 
¢ƘŜ Ŏŀǳǎŀƭ ŀƴŘ ƛƴŘŜǇŜƴŘŜƴǘ ŜũŜŎǘ ƻŦ ƻȊƻƴŜ 
ŜȄǇƻǎǳǊŜ ŘǳǊƛƴƎ ǇǊŜƎƴŀƴŎȅ ƻƴ ǘƘŜ Ǌƛǎƪ ƻŦ 
ǇǊŜǘŜǊƳ ōƛǊǘƘΥ 9ǾƛŘŜƴŎŜ ŦǊƻƳ ƴƻǊǘƘŜǊƴ /Ƙƛƴŀ 

лтκммκнн     

¢ƛƳŜπŘŜǇŜƴŘŜƴǘ /ƻȄ ƳƻŘŜƭΥ 
t¢.Υ мΦфн όмΦоуΣ нΦссύ όIƛƎƘπƭŜǾŜƭ ŜȄǇƻǎǳǊŜ ҔмтоΦспҡƎκƳо Ǿǎ ƭƻǿπ
ƭŜǾŜƭ ŜȄǇƻǎǳǊŜΣ Iwύ 
L± ŀƴŀƭȅǎƛǎΥ 
t¢.Υ нΦсо όмΦпмΣ пΦууύϝ 
ϝ¦ƴƛǘ ƛǎ ǳƴŎƭŜŀǊ 

  /Ƙƛƴŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκору
ормсрκ 

https://pubmed.ncbi.nlm.nih.gov/36455656/
https://pubmed.ncbi.nlm.nih.gov/36455656/
https://pubmed.ncbi.nlm.nih.gov/36455656/
https://www.frontiersin.org/articles/10.3389/fpubh.2022.1000269/full
https://www.frontiersin.org/articles/10.3389/fpubh.2022.1000269/full
https://www.frontiersin.org/articles/10.3389/fpubh.2022.1000269/full
https://www.frontiersin.org/articles/10.3389/fpubh.2022.1000269/full
https://www.embase.com/records?subaction=viewrecord&id=L639451228
https://www.embase.com/records?subaction=viewrecord&id=L639451228
https://www.embase.com/records?subaction=viewrecord&id=L639451228
https://www.embase.com/records?subaction=viewrecord&id=L639451228
https://www.embase.com/records?subaction=viewrecord&id=L639451228
https://www.embase.com/records?subaction=viewrecord&id=L639486138
https://www.embase.com/records?subaction=viewrecord&id=L639486138
https://www.embase.com/records?subaction=viewrecord&id=L639486138
https://www.embase.com/records?subaction=viewrecord&id=L639486138
https://www.embase.com/records?subaction=viewrecord&id=L639486138
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9602828/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9602828/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9602828/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9602828/
https://pubmed.ncbi.nlm.nih.gov/36202016/
https://pubmed.ncbi.nlm.nih.gov/36202016/
https://pubmed.ncbi.nlm.nih.gov/36202016/
https://www.mdpi.com/1660-4601/19/18/11559
https://www.mdpi.com/1660-4601/19/18/11559
https://www.mdpi.com/1660-4601/19/18/11559
https://www.mdpi.com/1660-4601/19/18/11559
https://pubmed.ncbi.nlm.nih.gov/36027958/
https://pubmed.ncbi.nlm.nih.gov/36027958/
https://pubmed.ncbi.nlm.nih.gov/36027958/
https://pubmed.ncbi.nlm.nih.gov/36012001/
https://pubmed.ncbi.nlm.nih.gov/36012001/
https://pubmed.ncbi.nlm.nih.gov/36012001/
https://pubmed.ncbi.nlm.nih.gov/35957820/
https://pubmed.ncbi.nlm.nih.gov/35957820/
https://pubmed.ncbi.nlm.nih.gov/35957820/
https://pubmed.ncbi.nlm.nih.gov/35835165/
https://pubmed.ncbi.nlm.nih.gov/35835165/
https://pubmed.ncbi.nlm.nih.gov/35835165/


 
 

 

омм 

IŜ нлнн 
wŜƭŀǝƻƴǎƘƛǇ ōŜǘǿŜŜƴ ŀƳōƛŜƴǘ ŀƛǊ Ǉƻƭƭǳǝƻƴ 
ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘΥ ŀ ǊŜǘǊƻǎǇŜŎǝǾŜ ōƛǊǘƘ ŎƻƘƻǊǘ 
ǎǘǳŘȅ ƛƴ ¸ŀƴϥŀƴΣ /Ƙƛƴŀ 

лрκнтκнн     

¢мΣ t¢.Υ лΦффу όhwύ όлΦффмΣ мΦллрύ 
¢нΥ лΦффн όлΦфусΣ лΦффуύ 
¢оΥ мΦлно όмΦллрΣ мΦлпмύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦллн όлΦфсоΣ мΦлпоύ 
ϝ¦ƴƛǘ ƛǎ ǳƴŎƭŜŀǊ 

  /Ƙƛƴŀ 

bhн ŀƴŘ taнΦр ǊŜǎǳƭǘǎ ƴƻǘ 
ǎƘƻǿƴ ŀǎ ǘƘƛǎ ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ 
ǇǊƛƻǊ ǘƻ ǘƘŜ Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπ
ŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦŜƳō
ŀǎŜΦŎƻƳκǊŜŎƻǊŘǎΚǎ
ǳōŀŎǝƻƴҐǾƛŜǿǊŜŎƻ
ǊŘϧƛŘҐ[соуммптф
н 

IǳŀƴƎ 
нлнн 

!ǎǎƻŎƛŀǝƻƴǎ ōŜǘǿŜŜƴ ǎŜŀǎƻƴŀƭ ŀƳōƛŜƴǘ ŀƛǊ 
Ǉƻƭƭǳǝƻƴ ŀƴŘ ŀŘǾŜǊǎŜ ǇŜǊƛƴŀǘŀƭ ƻǳǘŎƻƳŜǎΥ ŀ 
ǊŜǘǊƻǎǇŜŎǝǾŜ ŎƻƘƻǊǘ ǎǘǳŘȅ ƛƴ ²ŜƴȊƘƻǳΣ /ƘƛƴŀΦ 

лпκлфκнн     

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.²Υ лΦфу όǇŜǊ млҡƎκƳоΣ hwύ όлΦфлΣ мΦлтύ 
¢[.²Υ лΦфф όtaнΦрύ όлΦфмΣ мΦлуύ 
¢[.²Υ мΦлн όtaнΦрύ όлΦфоΣ мΦммύ 
¢[.²Υ лΦфт ό{hнύ όлΦуфΣ мΦлсύ 
¢[.²Υ лΦфф όbhнύ όлΦфмΣ мΦлуύ 
 

¢мΣ ¢[.²Υ лΦфс όлΦфпΣ лΦфуύ 
¢[.²Υ лΦфу όtaнΦрύ όлΦфрΣ мΦллύ 
¢[.²Υ лΦфу όtaмлύ όлΦфрΣ мΦллύ 
¢[.²Υ лΦфт ό{hнύ όлΦфпΣ лΦффύ 
¢[.²Υ лΦфт όbhнύ όлΦфрΣ мΦллύ 
 
¢нΣ ¢[.²Υ лΦфт όлΦфпΣ мΦллύ 
¢[.²Υ лΦфф όtaнΦрύ όлΦфрΣ мΦлоύ 
¢[.²Υ лΦфф όtaмлύ όлΦфсΣ мΦлоύ 
¢[.²Υ лΦфу ό{hнύ όлΦфрΣ мΦлмύ 
¢[.²Υ лΦфу όbhнύ όлΦфрΣ мΦлнύ 
 
¢оΣ ¢[.²Υ мΦлс όмΦлоΣ мΦлуύ 
¢[.²Υ мΦлр όtaнΦрύ όмΦлнΣ мΦлуύ 
¢[.²Υ мΦлр όtaмлύ όмΦлоΣ мΦлуύ 
¢[.²Υ мΦлс ό{hнύ όмΦлоΣ мΦлуύ 
¢[.²Υ мΦлс όbhнύ όмΦлоΣ мΦлфύ 
 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢.²Υ мΦлм όǇŜǊ млҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ όπ

нΦруΣ пΦрфύ 
¢.²Υ мΦлф όtaнΦрύ όπнΦпфΣ пΦстύ 
¢.²Υ πоΦрс όtaмлύ όπтΦмуΣ лΦлсύ 
¢.²Υ пΦуу ό{hнύ όмΦнсΣ уΦрύ 
¢.²Υ лΦнр όbhнύ όπоΦооΣ оΦуоύ 
 
¢мΣ ¢.²Υ тΦлн όǇŜǊ млҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ όсΦмлΣ тΦфпύ 
¢.²Υ оΦмп όtaнΦрύ όнΦлмΣ пΦнсύ 
¢.²Υ пΦнф όtaмлύ όоΦнрΣ рΦооύ 
¢.²Υ рΦуф ό{hнύ όпΦфпΣ сΦупύ 
¢.²Υ пΦоу όbhнύ όоΦооΣ рΦпнύ 
 
¢нΣ ¢.²Υ сΦмл όǇŜǊ млҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ όпΦурΣ тΦопύ 
¢.²Υ лΦум όtaнΦрύ όπлΦснΣ нΦнпύ 
¢.²Υ лΦфф όtaмлύ όπлΦпоΣ нΦпмύ 
¢.²Υ оΦур ό{hнύ όнΦррΣ рΦмсύ 
¢.²Υ нΦнф όbhнύ όлΦууΣ оΦтмύ 
 
¢оΣ ¢.²Υ πфΦур όǇŜǊ млҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ όπмлΦтсΣ πуΦфпύ 
¢.²Υ πфΦто όtaнΦрύ όπмлΦурΣ πуΦсύ 
¢.²Υ πфΦпс όtaмлύ όπмлΦрнΣ πуΦпύ 
¢.²Υ πфΦум ό{hнύ όπмлΦтсΣ πуΦурύ 
¢.²Υ πмлΦнр όbhнύ όπммΦоуΣ πфΦмнύ 

  /Ƙƛƴŀ 

bhн ŀƴŘ taнΦр ǊŜǎǳƭǘǎ ƴƻǘ 
ǎƘƻǿƴ ŀǎ ǘƘƛǎ ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ 
ǇǊƛƻǊ ǘƻ ǘƘŜ Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπ

ŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκоро
фттнпκ 

DƻƴƎ нлнн 
¢ƘŜ ǘȅǇŜ ƻŦ ǇǊŜǾƛƻǳǎ ŀōƻǊǝƻƴ ƳƻŘƛŬŜǎ ǘƘŜ 
ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ ǘƘŜ Ǌƛǎƪ 
ƻŦ ǇǊŜǘŜǊƳ ōƛǊǘƘ 

лоκнсκнн     
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ 5ŜŎǊŜŀǎŜ ōȅ о҈ όǇŜǊ м Ǝ˃κƳоΣ hwύ 

όлΦфтΣ лΦфуύ 
  /Ƙƛƴŀ 

bhн ǊŜǎǳƭǘǎ ƴƻǘ ǎƘƻǿƴ ŀǎ ǘƘƛǎ 
ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ ǇǊƛƻǊ ǘƻ ǘƘŜ 
Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦǎŎƛŜƴ
ŎŜŘƛǊŜŎǘΦŎƻƳκǎŎƛŜƴ

ŎŜκŀǊǝŎƭŜκǇƛƛκ{ллм
оформннллпфор 

Dŀƴ нлнн 
aŜŘƛŀǝƴƎ ŜũŜŎǘǎ ƻŦ Ǝǳǘ ƳƛŎǊƻōƛƻǘŀ ƛƴ ǘƘŜ 
ŀǎǎƻŎƛŀǝƻƴǎ ƻŦ ŀƛǊ Ǉƻƭƭǳǘŀƴǘǎ ŜȄǇƻǎǳǊŜ ǿƛǘƘ 
ŀŘǾŜǊǎŜ ǇǊŜƎƴŀƴŎȅ ƻǳǘŎƻƳŜǎ 

лоκлоκнн     

¢мΣ t¢.Υ лΦфп όhwύ όлΦфлΣ лΦффύ 
¢мΥ лΦфп όŀŘƧǳǎǘŜŘ ŦƻǊ {hнύ όлΦуфΣ лΦффύ 
¢мΥ лΦфс όbhнύ όлΦфлΣ мΦлнύ 
¢мΥ лΦфу όtaнΦрύ όлΦфнΣ мΦлоύ 
¢мΥ лΦфс όtaмлύ όлΦфлΣ мΦлнύ 
 
¢нΥ мΦлм όлΦфтΣ мΦлрύ 
¢нΥ мΦлм ό{hнύ όлΦфтΣ мΦлпύ 
¢нΥ лΦфф όbhнύ όлΦфоΣ мΦлрύ 
¢нΥ лΦфс όtaнΦрύ όлΦфлΣ мΦлоύ 
¢нΥ лΦфу όtaмлύ όлΦфнΣ мΦлрύ 
 
¢оΥ лΦфу όлΦфтΣ мΦллύ 
¢оΥ лΦфу ό{hнύ όлΦфтΣ мΦллύ 
¢оΥ лΦфу όbhнύ όлΦфсΣ мΦллύ 
¢оΥ лΦфт όtaнΦрύ όлΦфрΣ лΦффύ 
¢оΥ лΦфу όtaмлύ όлΦфсΣ мΦллύ 
 
¢мΣ [.²Υ лΦфп όлΦуфΣ лΦфуύ 

¢мΥ лΦфо ό{hнύ όлΦууΣ лΦфуύ 
¢мΥ лΦфо όbhнύ όлΦууΣ лΦффύ 
¢мΥ лΦфс όtaнΦрύ όлΦфлΣ мΦлмύ 
¢мΥ лΦфр όtaмлύ όлΦуфΣ мΦлмύ 

 
¢нΥ лΦфф όлΦфрΣ мΦлнύ 
¢нΥ лΦфф ό{hнύ όлΦфрΣ мΦлнύ 
¢нΥ мΦлл όbhнύ όлΦфпΣ мΦлрύ 
¢нΥ лΦфр όtaнΦрύ όлΦфлΣ мΦлмύ 
¢нΥ лΦфс όtaмлύ όлΦфмΣ мΦлнύ 
 
¢оΥ лΦфу όлΦфсΣ мΦллύ 
¢оΥ лΦфу ό{hнύ όлΦфтΣ мΦллύ 
¢оΥ лΦфу όbhнύ όлΦфсΣ мΦллύ 
¢оΥ лΦфт όtaнΦрύ όлΦфрΣ мΦллύ 
¢оΥ лΦфу όtaмлύ όлΦфсΣ мΦллύ 
ϝ¦ƴƛǘ ƛǎ ǳƴŎƭŜŀǊ 

  /Ƙƛƴŀ 

bhн ŀƴŘ taнΦр ǊŜǎǳƭǘǎ ƴƻǘ 
ǎƘƻǿƴ ŀǎ ǘƘƛǎ ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ 
ǇǊƛƻǊ ǘƻ ǘƘŜ Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπ

ŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦŜƳō
ŀǎŜΦŎƻƳκǊŜŎƻǊŘǎΚǎ
ǳōŀŎǝƻƴҐǾƛŜǿǊŜŎƻ
ǊŘϧƛŘҐ[нлмтлусу
тм 

½Ƙƻǳ нлнн 

!ǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ aŀǘŜǊƴŀƭ 9ȄǇƻǎǳǊŜ ǘƻ 
!ƳōƛŜƴǘ !ƛǊ tƻƭƭǳǝƻƴ ŀƴŘ ǘƘŜ wƛǎƪ ƻŦ tǊŜǘŜǊƳ 
.ƛǊǘƘΥ ! .ƛǊǘƘ /ƻƘƻǊǘ {ǘǳŘȅ ƛƴ /ƘƻƴƎǉƛƴƎΣ 
/ƘƛƴŀΣ нлмрςнлнл 

лнκмрκнн     

¢мΣ {ƛƴƎƭŜ Ǉƻƭƭǳǘŀƴǘ ƳƻŘŜƭΣ t¢.Υ мΦллл όǇŜǊ млҡƎκƳоΣ wwύ όлΦфууΣ 
мΦлмоύ 
¢нΥ лΦффс όлΦфопΣ мΦллфύ 
¢оΥ лΦфтс όлΦфссΣ лΦфутύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦфут όлΦфтпΣ мΦллмύ 
 
¢мΣ aǳƭǝ Ǉƻƭƭǳǘŀƴǘ ƳƻŘŜƭΣ t¢.Υ мΦллп όлΦффлΣ мΦлмуύ 

  /Ƙƛƴŀ 

bhн ŀƴŘ taнΦр ǊŜǎǳƭǘǎ ƴƻǘ 
ǎƘƻǿƴ ŀǎ ǘƘƛǎ ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ 
ǇǊƛƻǊ ǘƻ ǘƘŜ Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπ
ŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦƳŘǇƛ
ΦŎƻƳκмсслπ
пслмκмфκпκннмм 

https://www.embase.com/records?subaction=viewrecord&id=L638114792
https://www.embase.com/records?subaction=viewrecord&id=L638114792
https://www.embase.com/records?subaction=viewrecord&id=L638114792
https://www.embase.com/records?subaction=viewrecord&id=L638114792
https://www.embase.com/records?subaction=viewrecord&id=L638114792
https://pubmed.ncbi.nlm.nih.gov/35397724/
https://pubmed.ncbi.nlm.nih.gov/35397724/
https://pubmed.ncbi.nlm.nih.gov/35397724/
https://www.sciencedirect.com/science/article/pii/S0013935122004935
https://www.sciencedirect.com/science/article/pii/S0013935122004935
https://www.sciencedirect.com/science/article/pii/S0013935122004935
https://www.sciencedirect.com/science/article/pii/S0013935122004935
https://www.embase.com/records?subaction=viewrecord&id=L2017086871
https://www.embase.com/records?subaction=viewrecord&id=L2017086871
https://www.embase.com/records?subaction=viewrecord&id=L2017086871
https://www.embase.com/records?subaction=viewrecord&id=L2017086871
https://www.embase.com/records?subaction=viewrecord&id=L2017086871
https://www.mdpi.com/1660-4601/19/4/2211
https://www.mdpi.com/1660-4601/19/4/2211
https://www.mdpi.com/1660-4601/19/4/2211


 
 

 

омн 

¢нΥ мΦллп όлΦффлΣ мΦлмфύ 
¢оΥ лΦффф όлΦфууΣ мΦлмлύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦлнм όмΦллнΣ мΦлофύ 

²ŀƴƎ 
нлнн 

!ǎǎŜǎǎƳŜƴǘ ƻŦ ǘƘŜ ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ 
ǇǊŜƴŀǘŀƭ ŜȄǇƻǎǳǊŜ ǘƻ ƳǳƭǝǇƭŜ ŀƳōƛŜƴǘ 
Ǉƻƭƭǳǘŀƴǘǎ ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘΥ ! ǇǊƻǎǇŜŎǝǾŜ 
ŎƻƘƻǊǘ ǎǘǳŘȅ ƛƴ WƛƴŀƴΣ Ŝŀǎǘ /Ƙƛƴŀ 

лнκлуκнн     

t¢.Υ мΦлн όǇŜǊ LvwΣ ǳƴŀŘƧǳǎǘŜŘ hwύ όлΦфлΣ мΦмсύ 
t¢.Σ {hнΣ /hΣ ŀƴŘ hо Ƨƻƛƴǘ ƳƻŘŜƭΥ мΦсн όмΦмфΣ нΦотύ 
t¢.Σ taмлΣ /hΣ ŀƴŘ hо Ƨƻƛƴǘ ƳƻŘŜƭΥ нΦоф όмΦтлΣ оΦруύ 
t¢.Σ taнΦрΣ ŀƴŘ hо Ƨƻƛƴǘ ƳƻŘŜƭΥ мΦсо όмΦнтΣ нΦмнύ 

  /Ƙƛƴŀ 

bhн ŀƴŘ taнΦр ǊŜǎǳƭǘǎ ƴƻǘ 
ǎƘƻǿƴ ŀǎ ǘƘƛǎ ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ 
ǇǊƛƻǊ ǘƻ ǘƘŜ Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπ
ŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦŜƳō
ŀǎŜΦŎƻƳκǊŜŎƻǊŘǎΚǎ

ǳōŀŎǝƻƴҐǾƛŜǿǊŜŎƻ
ǊŘϧƛŘҐ[нлмсумрл
фу 

Iŀ нлнм 
!ƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘΥ ! ǝƳŜπ
ǎǘǊŀǝŬŜŘ ŎŀǎŜπŎǊƻǎǎƻǾŜǊ ǎǘǳŘȅ ƛƴ ǘƘŜ {ŀƴ 
Wƻŀǉǳƛƴ ±ŀƭƭŜȅ ƻŦ /ŀƭƛŦƻǊƴƛŀ 

мнκлсκнм     

²ŜŜƪ ōŜŦƻǊŜ ŘŜƭƛǾŜǊȅΣ 9ŀǊƭȅ ǘŜǊƳ όотπофǿύΥ мΦлф όǇŜǊ LvwΣ hwύ 
όмΦлтΣ мΦммύ 
Ƴt¢. όопςосǿύΥ мΦлт όмΦлпΣ мΦлфύ 
Ǿt¢. όнлςооǿύΥ мΦмм όмΦлтΣ мΦмпύ 

  ¦{! 
taнΦр ǊŜǎǳƭǘǎ ƴƻǘ ǎƘƻǿƴ ŀǎ ǘƘƛǎ 
ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ ǇǊƛƻǊ ǘƻ ǘƘŜ 
Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκопу
тнмслκ 

Řƻ 
bŀǎŎƛƳŜƴǘ
ƻ нлнм 

LƴŘƛǾƛŘǳŀƭ ŀƴŘ ŎƻƴǘŜȄǘǳŀƭ ǎƻŎƛƻŜŎƻƴƻƳƛŎ ǎǘŀǘǳǎ 
ŀǎ ŜũŜŎǘ ƳƻŘƛŬŜǊ ƛƴ ǘƘŜ ŀƛǊ ǇƻƭƭǳǝƻƴπōƛǊǘƘ 
ƻǳǘŎƻƳŜ ŀǎǎƻŎƛŀǝƻƴ 

луκнлκнм     

¢мΣ t¢.Υ лΦфф όǇŜǊ млҡƎκƳоΣ hwύ όлΦфуΣ мΦллύ 
¢нΥ мΦлс όмΦлрΣ мΦлсύ 
¢оΥ мΦло όмΦлнΣ мΦлпύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦмп όмΦмоΣ мΦмсύ 
 
¢мΣ ¢[.²Υ лΦфф όлΦфуΣ мΦллύ 
¢нΥ мΦлл όлΦффΣ мΦлмύ 
¢оΥ мΦлм όмΦллΣ мΦлнύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦлл όлΦфуΣ мΦлнύ 

  .ǊŀȊƛƭ 
bhн ǊŜǎǳƭǘǎ ƴƻǘ ǎƘƻǿƴ ŀǎ ǘƘƛǎ 
ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ ǇǊƛƻǊ ǘƻ ǘƘŜ 
Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦŜƳō
ŀǎŜΦŎƻƳκǊŜŎƻǊŘǎΚǎ
ǳōŀŎǝƻƴҐǾƛŜǿǊŜŎƻ
ǊŘϧƛŘҐ[нлмпорор
нл 

½Ƙƻǳ нлнм 
tǊŜƴŀǘŀƭ ŜȄǇƻǎǳǊŜ ǘƻ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ ǘƘŜ Ǌƛǎƪ 
ƻŦ ǇǊŜǘŜǊƳ ōƛǊǘƘ ƛƴ ǊǳǊŀƭ ǇƻǇǳƭŀǝƻƴ ƻŦ IŜƴŀƴ 
tǊƻǾƛƴŎŜΦ 

луκлтκнм     

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ лΦтлп όǇŜǊ {5Σ hwύ όлΦсууΣ лΦтнлύ 
¢мΥ лΦтос όлΦтлуΣ лΦтссύ 
¢нΥ лΦсун όлΦсрпΣ лΦтммύ 

¢оΥ лΦпрт όлΦпорΣ лΦпулύ 
 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ 9ŀǊƭȅ t¢.Υ лΦспн όлΦсмпΣ лΦстлύ 
¢мΥ лΦтпл όлΦсурΣ лΦтфуύ 
¢нΥ лΦснт όлΦртфΣ лΦстфύ 
¢оΥ лΦону όлΦнфсΣ лΦосоύ 
 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [ŀǘŜ t¢.Υ лΦтнр όлΦтлтΣ лΦтпрύ 
¢мΥ лΦтор όлΦтлнΣ лΦттлύ 
¢нΥ лΦтлн όлΦссфΣ лΦтосύ 
¢оΥ лΦпфф όлΦптнΣ лΦрнтύ 

  /Ƙƛƴŀ 

bhн ŀƴŘ taнΦр ǊŜǎǳƭǘǎ ƴƻǘ 
ǎƘƻǿƴ ŀǎ ǘƘƛǎ ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ 
ǇǊƛƻǊ ǘƻ ǘƘŜ Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπ
ŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκопп
нсмнуκ 

aŜƪƻƴƴŜƴ 
нлнм 

¢ƘŜ ǊŜƭŀǝƻƴǎƘƛǇ ōŜǘǿŜŜƴ ŀƛǊ Ǉƻƭƭǳǘŀƴǘǎ ŀƴŘ 
ƳŀǘŜǊƴŀƭ ǎƻŎƛƻŜŎƻƴƻƳƛŎ ŦŀŎǘƻǊǎ ƻƴ ǇǊŜǘŜǊƳ 
ōƛǊǘƘ ƛƴ /ŀƭƛŦƻǊƴƛŀ ǳǊōŀƴ ŎƻǳƴǝŜǎ 

лпκмрκнм     

оƳƻ ǇǊŜπǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦлу όǇŜǊ ǇǇōΣ hwύ όмΦлсΣ мΦмлύ 
¢мΥ мΦлр όмΦлоΣ мΦлсύ 
¢нΥ мΦлн όмΦллΣ мΦлоύ 
¢оΥ мΦлр όмΦлоΣ мΦлсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦлп όмΦлнΣ мΦлрύ 
 
оƳƻ ǇǊŜπǇǊŜƎƴŀƴŎȅΥ мΦлм όлΦфтΣ мΦлрύ 
¢мΥ лΦфт όлΦфпΣ мΦлмύ 
¢нΥ лΦфу όлΦфпΣ мΦлоύ 
¢оΥ мΦлр όлΦфоΣ мΦмлύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦфп όлΦфлΣ лΦфтύ 

  ¦{! 
taнΦр ǊŜǎǳƭǘǎ ƴƻǘ ǎƘƻǿƴ ŀǎ ǘƘƛǎ 
ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ ǇǊƛƻǊ ǘƻ ǘƘŜ 
Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦŜƳō
ŀǎŜΦŎƻƳκǊŜŎƻǊŘǎΚǎ
ǳōŀŎǝƻƴҐǾƛŜǿǊŜŎƻ
ǊŘϧƛŘҐ[сопумтлт
н 

[ƛ нлнм 
[ƻƴƎπǘŜǊƳ ƛƳǇŀŎǘ ƻŦ ŀƳōƛŜƴǘ ŀƛǊ Ǉƻƭƭǳǝƻƴ ƻƴ 
ǇǊŜǘŜǊƳ ōƛǊǘƘ ƛƴ ·ǳȊƘƻǳΣ /ƘƛƴŀΥ ŀ ǝƳŜ ǎŜǊƛŜǎ 
ǎǘǳŘȅ 

лоκнтκнм       bƻ ŀǎǎƻŎƛŀǝƻƴ ǿŀǎ ƻōǎŜǊǾŜŘ ŦƻǊ hо ŀƴŘ t¢.Φ /Ƙƛƴŀ 

bhн ŀƴŘ taнΦр ǊŜǎǳƭǘǎ ƴƻǘ 
ǎƘƻǿƴ ŀǎ ǘƘƛǎ ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ 
ǇǊƛƻǊ ǘƻ ǘƘŜ Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπ
ŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦŜƳō
ŀǎŜΦŎƻƳκǊŜŎƻǊŘǎΚǎ
ǳōŀŎǝƻƴҐǾƛŜǿǊŜŎƻ
ǊŘϧƛŘҐ[сопстсфт
р 

Iŀƻ нлнм 
! ǝƳŜ ǎŜǊƛŜǎ ŀƴŀƭȅǎƛǎ ƻŦ ŀƳōƛŜƴǘ ŀƛǊ Ǉƻƭƭǳǝƻƴ 
ŀƴŘ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ ƛƴ ·ǳȊƘƻǳΣ /Ƙƛƴŀ 

лмκлтκнм       

tƻǎƛǝǾŜ ŎƻǊǊŜƭŀǝƻƴ ōŜǘǿŜŜƴ [.² ŀƴŘ ƳŀǘŜǊƴŀƭ ŜȄǇƻǎǳǊŜ ǘƻ hо 
ŦƻǊ ŎƻƴŎŜƴǘǊŀǝƻƴ ƛƴŎǊŜƳŜƴǘǎ ƻŦ мл Ǝ˃κƳо ƛƴ ǘƘŜ ǘƘƛǊŘ ǘǊƛƳŜǎǘŜǊΦ 
¢ƘŜ ǎŜƴǎƛǝǾŜ ŜȄǇƻǎǳǊŜ ǿƛƴŘƻǿ ŦƻǊ hо ǿŀǎ ŘǳǊƛƴƎ ƭŀƎ сςмл 
ǿŜŜƪǎ ƻŦ ǇǊŜƎƴŀƴŎȅΣ ǿƛǘƘ ǘƘŜ ƎǊŜŀǘŜǎǘ ƛƳǇŀŎǘ ƛƴ ǘƘŜ ƭŀƎ т ǿŜŜƪ 
ƻŦ ǇǊŜƎƴŀƴŎȅ όww Ґ мΦллсмΣ фр҈ /L Ґ мΦллмлΣ мΦлммоύΦ 
!ƊŜǊ ǎǘǊŀǝŬŎŀǝƻƴ ōȅ ƳŀǘŜǊƴŀƭ ŀƎŜ όҗор ȅŜŀǊǎ ƻƭŘ Ǿǎ нлςоп ȅŜŀǊǎ 
ƻƭŘύΣ ǘƘŜ ww ŀƴŘ фр҈ /L ŦƻǊ [.² ǿŀǎ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ мл Ǝ˃κƳо 
ƛƴŎǊŜŀǎŜǎ ƛƴ ŎƻƴŎŜƴǘǊŀǝƻƴǎ ƻŦ hо ŜȄǇƻǎǳǊŜΦ 
CƻǊ ǿƻƳŜƴ ōŜǘǿŜŜƴ нлςоп ȅŜǊŀǎ ƻŦ ŀƎŜΣ hо ǿŀǎ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ 
[.² ŀǘ ƭŀƎ сςмо ǿŜŜƪǎΦ 

/Ƙƛƴŀ 
bhн ǊŜǎǳƭǘǎ ƴƻǘ ǎƘƻǿƴ ŀǎ ǘƘƛǎ 
ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ ǇǊƛƻǊ ǘƻ ǘƘŜ 
Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦŜƳō
ŀǎŜΦŎƻƳκǊŜŎƻǊŘǎΚǎ
ǳōŀŎǝƻƴҐǾƛŜǿǊŜŎƻ
ǊŘϧƛŘҐ[нлмлмптм
лт 

²ŀƴƎ 
нлнл 

!ǎǎƻŎƛŀǝƻƴ ƻŦ ƳŀǘŜǊƴŀƭ ƻȊƻƴŜ ŜȄǇƻǎǳǊŜ ǿƛǘƘ 
ǘŜǊƳ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ ŀƴŘ ǎǳǎŎŜǇǝōƭŜ ǿƛƴŘƻǿ 
ƛŘŜƴǝŬŎŀǝƻƴ 

млκнуκнл     

¢мΣ ¢[.²Υ лΦфур όhоπмƘΣ ǇŜǊ LvwΣ hwύ όлΦутпΣ мΦмммύ 
¢нΥ мΦнлф όмΦлтмΣ мΦоспύ 
¢оΥ мΦлно όлΦфмоΣ мΦмпсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦнфт όмΦлснΣ мΦруоύ 
 
¢мΣ ¢[.²Υ лΦфум όhоπуƘύ όлΦутлΣ мΦмлтύ 
¢нΥ мΦмсу όмΦлолΣ мΦонрύ 
¢оΥ мΦлоо όлΦфмсΣ мΦмсрύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦнот όмΦллрΣ мΦрноύ 

  /Ƙƛƴŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκоом
нфллоκ 

/ƘŜƴ нлнл 
!ǎǎƻŎƛŀǝƻƴǎ ƻŦ ŀŘǾŜǊǎŜ ǇǊŜƎƴŀƴŎȅ ƻǳǘŎƻƳŜǎ 
ǿƛǘƘ ƘƛƎƘ ŀƳōƛŜƴǘ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŜȄǇƻǎǳǊŜΥ 
wŜǎǳƭǘǎ ŦǊƻƳ ǘƘŜ tǊƻƧŜŎǘ 9[9C!b¢ 

млκнуκнл 

t¢.Υ 
.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦоо όмΦмфΣ мΦпфύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ мΦст όмΦроΣ мΦуоύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ лΦуп όлΦтуΣ лΦфлύ 
¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ мΦмл όмΦлмΣ мΦнлύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦру όмΦпоΣ мΦтрύ 
 
at¢.Υ 
.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦнс όмΦмлΣ мΦпрύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ мΦом όмΦмтΣ мΦпсύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ лΦфн όлΦуоΣ мΦлнύ 
¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ мΦлн όлΦфмΣ мΦмпύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ нΦлс όмΦсуΣ нΦрнύ 
 
±t¢.Υ 
.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦсм όмΦннΣ нΦмнύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ нΦуу όнΦомΣ оΦруύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ лΦтс όлΦссΣ лΦутύ 

¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ мΦрт όмΦнсΣ мΦфсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ оΦрн όнΦпнΣ рΦмоύ 
 
9Ȅt¢.Υ 
.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦну όлΦфуΣ мΦсуύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ нΦмт όмΦурΣ нΦрсύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ лΦтн όлΦсмΣ лΦурύ 
¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ мΦпн όмΦомΣ мΦроύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ нΦмм όмΦуоΣ нΦппύ 
 
[.²Υ 

t¢.Υ 
.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦнп όмΦмоΣ мΦотύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ мΦум όмΦсрΣ мΦфуύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ лΦту όлΦтнΣ лΦупύ 
¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ мΦлу όлΦфуΣ мΦнлύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦст όмΦпмΣ мΦфтύ 
 
at¢.Υ 
.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦнм όмΦлуΣ мΦосύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ мΦсф όмΦпфΣ мΦфмύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ лΦут όлΦтфΣ лΦфсύ 
¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ лΦфу όлΦусΣ мΦмнύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦрс όмΦнрΣ мΦфпύ 
 
±t¢.Υ 
.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦтл όмΦооΣ нΦмсύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ нΦтс όнΦнмΣ оΦпрύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ лΦср όлΦрсΣ лΦтсύ 

¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ мΦпт όмΦмсΣ мΦутύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ оΦнс όнΦлсΣ рΦмпύ 
 
9Ȅt¢.Υ 
.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦфт όлΦтуΣ мΦнлύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ мΦтн όмΦпмΣ нΦлфύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ лΦсф όлΦрфΣ лΦулύ 
¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ мΦпм όмΦомΣ мΦрнύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦнм όмΦлсΣ мΦоуύ 
 
[.²Υ 

t¢.Υ 
.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦсс όлΦслΣ лΦтнύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ лΦто όлΦтлΣ лΦтрύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ мΦмн όмΦлтΣ мΦмтύ 
¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ лΦуф όлΦурΣ лΦфоύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦсс όлΦрфΣ лΦтоύ 
 
at¢.Υ 
.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦсо όлΦрсΣ лΦтмύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ лΦст όлΦсоΣ лΦтмύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ мΦлп όлΦфуΣ мΦмлύ 
¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ лΦут όлΦунΣ лΦфнύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦсф όлΦслΣ лΦтфύ 
 
±t¢.Υ 
.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦтс όлΦспΣ лΦфмύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ лΦсм όлΦрсΣ лΦссύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ мΦпо όмΦооΣ мΦрпύ 

¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ лΦус όлΦтуΣ лΦфсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦсн όлΦруΣ лΦсрύ 
 
9Ȅt¢.Υ 
.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦро όлΦпмΣ лΦсуύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ лΦул όлΦтрΣ лΦупύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ мΦлп όлΦфрΣ мΦмпύ 
¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ лΦфл όлΦутΣ лΦфнύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦтн όлΦртΣ лΦфлύ 
 
[.²Υ 
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.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦмо όлΦууΣ мΦпсύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ нΦоу όмΦфнΣ нΦфтύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ лΦтп όлΦспΣ лΦурύ 
¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ мΦол όмΦлрΣ мΦсмύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ нΦлл όмΦптΣ нΦтпύ 

.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦмс όлΦфрΣ мΦпоύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ нΦуо όнΦнпΣ оΦрсύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ лΦтм όлΦсмΣ лΦуоύ 
¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ мΦмо όлΦуфΣ мΦппύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦуо όмΦнпΣ нΦсфύ 

.ŜŦƻǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦсу όлΦртΣ лΦуоύ 
CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΥ лΦсм όлΦрсΣ лΦстύ 
{ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΥ мΦол όмΦмфΣ мΦпмύ 
¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊΥ лΦус όлΦттΣ лΦфрύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦрп όлΦплΣ лΦтнύ 

{ƘŀƴƎ 
нлнл 

LƳǇŀŎǘ ƻŦ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŜȄǇƻǎǳǊŜ ŘǳǊƛƴƎ ǾŀǊƛƻǳǎ 
ǇŜǊƛƻŘǎ ƻŦ ǇǊŜƎƴŀƴŎȅ ƻƴ ǘŜǊƳ ōƛǊǘƘ ǿŜƛƎƘǘΥ ŀ 
ƭŀǊƎŜπǎŀƳǇƭŜΣ ǊŜǘǊƻǎǇŜŎǝǾŜ ǇƻǇǳƭŀǝƻƴπōŀǎŜŘ 
ŎƻƘƻǊǘ ǎǘǳŘȅ 

лфκммκнл     

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢ŜǊƳ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ пΦром όǇŜǊ млҡƎκƳоΣ 
.Ŝǘŀ ŜǎǝƳŀǘŜύ όоΦнофΣ рΦуноύ 
¢мΥ пΦмрл όоΦпфоΣ пΦултύ 
¢нΥ оΦсуо όнΦфлтΣ пΦпрфύ 
¢оΥ πоΦнру όπоΦурнΣ πнΦсспύ 
 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.² όƎύΥ лΦфрн όǇŜǊ млҡƎκƳоΣ hwύ όлΦфнрΣ 
лΦфулύ 
¢мΥ лΦфсо όлΦфпфΣ лΦфтуύ 
¢нΥ лΦфсу όлΦфрмΣ лΦфурύ 
¢оΥ мΦлнп όмΦлммΣ мΦлотύ 

  /Ƙƛƴŀ 

bhн ŀƴŘ taнΦр ǊŜǎǳƭǘǎ ƴƻǘ 
ǎƘƻǿƴ ŀǎ ǘƘƛǎ ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ 
ǇǊƛƻǊ ǘƻ ǘƘŜ Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπ
ŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦŜƳō
ŀǎŜΦŎƻƳκǊŜŎƻǊŘǎΚǎ
ǳōŀŎǝƻƴҐǾƛŜǿǊŜŎƻ

ǊŘϧƛŘҐ[сонупорл
л 

¸ŀƴƎ нлнл 
¢ƘŜ ƳŜŘƛŀǝƻƴ ŜũŜŎǘ ƻŦ ƳŀǘŜǊƴŀƭ ƎƭǳŎƻǎŜ ƻƴ 
ǘƘŜ ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ŀƳōƛŜƴǘ ŀƛǊ Ǉƻƭƭǳǝƻƴ 
ŀƴŘ ōƛǊǘƘ ǿŜƛƎƘǘ ƛƴ CƻǎƘŀƴΣ /Ƙƛƴŀ 

лтκлнκнл     

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢ŜǊƳ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ пΦром όǇŜǊ млҡƎκƳоΣ 
.Ŝǘŀ ŜǎǝƳŀǘŜύ όоΦнофΣ рΦуноύ 
¢мΥ пΦмрл όоΦпфоΣ пΦултύ 
¢нΥ оΦсуо όнΦфлтΣ пΦпрфύ 
¢оΥ πоΦнру όπоΦурнΣ πнΦсспύ 
 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.² όƎύΥ лΦфрн όǇŜǊ млҡƎκƳоΣ hwύ όлΦфнрΣ 
лΦфулύ 
¢мΥ лΦфсо όлΦфпфΣ лΦфтуύ 
¢нΥ лΦфсу όлΦфрмΣ лΦфурύ 
¢оΥ мΦлнп όмΦлммΣ мΦлотύ 
όπнтΦфΣ мнΦоύ 

  /Ƙƛƴŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκонс
рлмслκ 

[ŀƳƛŎƘƘŀƴ

Ŝ нлнл 

vǳŀƴǝƭŜ ǊŜƎǊŜǎǎƛƻƴ ŀƴŀƭȅǎƛǎ ƻŦ ǘƘŜ 
ǎƻŎƛƻŜŎƻƴƻƳƛŎ ƛƴŜǉǳŀƭƛǝŜǎ ƛƴ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ 
ōƛǊǘƘ ǿŜƛƎƘǘ 

лсκноκнл     

млǘƘ vǳŀƴǝƭŜ ƻŦ ōƛǊǘƘ ǿŜƛƎƘǘ 
¢мΣ .ƛǊǘƘ ǿŜƛƎƘǘΥ πрΦуф όǇŜǊ LvwΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ όπпоΦтуΣ омΦффύ 
¢нΥ πсΦтр όπноΦотΣ фΦусύ 
¢оΥ πнΦфо όπонΦпмΣ нсΦрсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ πмтΦол όπрлΦпнΣ мрΦумύ 
 
олǘƘ vǳŀƴǝƭŜ ƻŦ .² 
¢мΥ ннΦом όπлΦрпΣ прΦмсύ 
¢нΥ πмлΦсс όπооΦруΣ мнΦнсύ 
¢оΥ πмуΦпу όπосΦофΣ πлΦрсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ πфΦуо όπрмΦпуΣ омΦумύ 
 
рлǘƘ vǳŀƴǝƭŜ ƻŦ .² 
¢мΥ мтΦнн όπоΦртΣ оуΦлмύ 
¢нΥ πммΦфм όπннΦпнΣ πмΦпмύ 
¢оΥ πнуΦлн όπпфΦстΣ πсΦотύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ πнрΦос όπпрΦмфΣ πрΦроύ 
 
тлǘƘ vǳŀƴǝƭŜ ƻŦ .² 
¢мΥ уΦтф όπрΦфмΣ ноΦрлύ 
¢нΥ πнмΦтл όπпмΦфпΣ πмΦпсύ 
¢оΥ πноΦсп όπплΦотΣ πсΦфмύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ πооΦнн όπсуΦфсΣ нΦроύ 
 
флǘƘ vǳŀƴǝƭŜ ƻŦ .² 
¢мΥ ннΦпл όπнΦпсΣ птΦнсύ 
¢нΥ πнрΦуу όπруΦруΣ сΦумύ 
¢оΥ πнуΦсн όπрлΦрфΣ πсΦсрύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ πонΦуо όπтрΦосΣ фΦтлύ 
 
aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ 
¢мΥ пΦуф όπмоΦпсΣ ноΦнрύ 
¢нΥ πпΦср όπннΦнфΣ мнΦфуύ 
¢оΥ πмуΦнл όπотΦтнΣ мΦонύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ πмфΦоу όπрлΦсрΣ ммΦуфύ 

  {ƻǳǘƘ YƻǊŜŀ 
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ǇǊƛƻǊ ǘƻ ǘƘŜ Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπ

ŀƴŀƭȅǎƛǎΤ 9ǎǝƳŀǘŜǎ ǿƛǘƘ 
ŀŘƧǳǎǘƳŜƴǘ ŦƻǊ ƎŜǎǘŀǝƻƴŀƭ ŀƎŜ 
ƴƻǘ ǊŜǇƻǊǘŜŘ 
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!ǎǎŜǎǎƛƴƎ ǘƘŜ ƛƳǇŀŎǘ ƻŦ ǘƘŜ ƭƻŎŀƭ ŜƴǾƛǊƻƴƳŜƴǘ 
ƻƴ ōƛǊǘƘ ƻǳǘŎƻƳŜǎΥ ŀ ŎŀǎŜ ŦƻǊ I[a 

мнκмоκлс       

!ƴ ƛƴŎǊŜŀǎŜ ƛƴ ŬǊǎǘ ǘǊƛƳŜǎǘŜǊ ƭŜŀŘ ŎƻƴŎŜƴǘǊŀǝƻƴ ŦǊƻƳ л ǘƻ лΦлп 
ҡƎκƳо όƻƴŜ {5ύ ǿƻǳƭŘ ƭŜŀŘ ǘƻ ŀƴ ŜȄǇŜŎǘŜŘ ŘŜŎǊŜŀǎŜ ƛƴ ōƛǊǘƘ 
ǿŜƛƎƘǘ ƻŦ ŀōƻǳǘ оу ƎΦ 
!ƴ ƛƴŎǊŜŀǎŜ ǘƻ ǘƘŜ ƳŀȄƛƳǳƳ ŀǾŜǊŀƎŜ ǾŀƭǳŜΣ лΦмо ҡƎκƳоΣ ǿƻǳƭŘ 
ƭŜŀŘ ǘƻ ŀƴ ŜȄǇŜŎǘŜŘ ŘŜŎǊŜŀǎŜ ƛƴ ōƛǊǘƘǿŜƛƎƘǘ ƻŦ мнп ƎΦ 

¦{!   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎ
ōƛΦƴƭƳΦƴƛƘΦƎƻǾκмтм
спунрκ 

*HR: Hazard ratio; OR: Odds ratio; RR: Relative risk 

**T1: First trimester; T2: Second trimester; T3: Third trimester 

***O(L)S(H): Offspring conceived during periods of Low PM2.5 exposure and gestated during periods of High PM2.5 exposure. 

O(H)S(L): Offspring conceived during periods of High PM2.5 exposure and gestated during periods of Low PM2.5 exposure. 

O(H)S(H): Offspring conceived and gestated during periods of High PM2.5 exposure. 

 

 

1.2.1.3 Adverse Birth Outcomes (BO): Individual studies (Air Toxics, All years) 
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{D!Υ мΦлн όǇŜǊ ƭƻƎ Lvwύ όлΦффΣ мΦлсύ 

¢ŜǊƳ ōƛǊǘƘ ǿŜƛƎƘǘΥ πмнΦтл όvр Ǿǎ vмΣ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ όπноΦмлΣ πнΦомύ 
¢.²Υ πнΦфф όǇŜǊ ƭƻƎ Lvwύ όπфΦлнΣ оΦлпύ 
 

t¢.Υ мΦлл όvр Ǿǎ vмύ όлΦфлΣ мΦммύ 
t¢.Υ лΦфс όǇŜǊ ƭƻƎ Lvwύ όлΦфлΣ мΦлнύ 
 
{D!Υ мΦлс όvр Ǿǎ vмύ όлΦффΣ мΦмрύ 
{D!Υ мΦлп όǇŜǊ ƭƻƎ Lvwύ όмΦллΣ мΦлфύ 

¢ŜǊƳ ōƛǊǘƘ ǿŜƛƎƘǘΥ πлΦнл όvр Ǿǎ vмΣ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ όπммΦннΣ млΦуоύ 
¢.²Υ πлΦмл όǇŜǊ ƭƻƎ Lvwύ όπпΦлрΣ оΦурύ 
 

t¢.Υ лΦфу όvр Ǿǎ vмύ όлΦутΣ мΦлфύ 
t¢.Υ мΦлн όǇŜǊ ƭƻƎ Lvwύ όлΦфуΣ мΦлсύ 
 
{D!Υ лΦфу όvр Ǿǎ vмύ όлΦфлΣ мΦлтύ 
{D!Υ лΦфт όǇŜǊ ƭƻƎ Lvwύ όлΦфпΣ мΦллύ 

¢ŜǊƳ ōƛǊǘƘ ǿŜƛƎƘǘΥ πмуΦсо όvр Ǿǎ vмΣ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ όπрмΦонΣ мпΦлрύ 
¢.²Υ πнΦпу όǇŜǊ ƭƻƎ Lvwύ όπрΦплΣ лΦппύ 
 

t¢.Υ лΦфп όvр Ǿǎ vмύ όлΦссΣ мΦопύ 
t¢.Υ мΦлм όǇŜǊ ƭƻƎ Lvwύ όлΦфуΣ мΦлпύ 
 
{D!Υ лΦфп όvр Ǿǎ vмύ όлΦтнΣ мΦноύ 
{D!Υ мΦлм όǇŜǊ ƭƻƎ Lvwύ όлΦфуΣ мΦлоύ 

  ¦{!   

ƘǧǇǎΥκκǿǿǿΦ
ŜƳōŀǎŜΦŎƻƳ
κǊŜŎƻǊŘǎΚǎǳō
ŀŎǝƻƴҐǾƛŜǿǊ
ŜŎƻǊŘϧƛŘҐ[с
нфстслмм 

DƻƴƎ нлму 
LƴŘǳǎǘǊƛŀƭ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘΥ ŀ 
ŎŀǎŜπŎƻƴǘǊƻƭ ǎǘǳŘȅ ƛƴ ¢ŜȄŀǎΣ ¦{!Φ 

луκнфκму 
[.²Υ мΦлу όҔл 9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅ Ǿǎ л 
9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅΣ hwύ όмΦлсΣ мΦлфύ 

[.²Υ мΦлп όҔл 9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅ Ǿǎ л 
9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅΣ hwύ όмΦлмΣ мΦлсύ 

[.²Υ мΦлт όҔл 9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅ Ǿǎ л 
9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅΣ hwύ όмΦлпΣмΦмлύ 

[.²Υ мΦлп όҔл 9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅ Ǿǎ л 
9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅΣ hwύ όмΦлнΣмΦлсύ 

[.²Υ мΦлс όҔл 9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅ Ǿǎ л 
9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅΣ hwύ όмΦлпΣмΦлуύ 

[.²Υ мΦлт όҔл 9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅ Ǿǎ л 
9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅΣ hwύ όмΦлпΣмΦмлύ 

¦{!   

ƘǧǇǎΥκκǇǳōƳ
ŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκолмр
фупнκ 

DƻƴƎ нлму 
!ǎǎƻŎƛŀǝƻƴǎ ōŜǘǿŜŜƴ ƳŀǘŜǊƴŀƭ ǊŜǎƛŘŜƴǝŀƭ 
ǇǊƻȄƛƳƛǘȅ ǘƻ ŀƛǊ ŜƳƛǎǎƛƻƴǎ ŦǊƻƳ ƛƴŘǳǎǘǊƛŀƭ 
ŦŀŎƛƭƛǝŜǎ ŀƴŘ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ ƛƴ ¢ŜȄŀǎΣ ¦{! 

луκлтκму 
[.²Υ мΦлс όҔл 9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅ Ǿǎ л 
9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅΣ hwύ όмΦлпΣмΦлуύ 

[.²Υ мΦло όҔл 9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅ Ǿǎ л 
9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅΣ hwύ όмΦллΣ мΦлрύ 

  
[.²Υ мΦлс όҔл 9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅ Ǿǎ л 
9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅΣ hwύ όлΦфсΣмΦмуύ 

  
[.²Υ мΦмл όҔл 9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅ Ǿǎ л 
9ȄǇƻǎǳǊŜ ƛƴǘŜƴǎƛǘȅΣ hwύ όмΦлсΣмΦмоύ 

¦{!   

ƘǧǇǎΥκκǿǿǿΦ
ŜƳōŀǎŜΦŎƻƳ
κǊŜŎƻǊŘǎΚǎǳō
ŀŎǝƻƴҐǾƛŜǿǊ
ŜŎƻǊŘϧƛŘҐ[н
ллмлмлнсп 

[ŀǳǊŜƴǘ 
нлмс 

! {ǘŀǘŜǿƛŘŜ bŜǎǘŜŘ /ŀǎŜς/ƻƴǘǊƻƭ {ǘǳŘȅ ƻŦ 
tǊŜǘŜǊƳ .ƛǊǘƘ ŀƴŘ !ƛǊ tƻƭƭǳǝƻƴ ōȅ {ƻǳǊŎŜ ŀƴŘ 
/ƻƳǇƻǎƛǝƻƴΥ /ŀƭƛŦƻǊƴƛŀΣ нллмςнллу 

лфκлмκмс     

t¢.Υ лΦффф όǇŜǊ LvwΣ hwύ όлΦффсΣ мΦллмύ 
Ƴt¢.Υ мΦллн όлΦффуΣ мΦллсύ 
Ǿt¢.Υ мΦллр όлΦффпΣ мΦлмтύ 
ϝ/ƻƳǇƻƴŜƴǘ ƻŦ taнΦр 

    

t¢.Υ лΦфун όǇŜǊ LvwΣ hwύ όлΦфтсΣ лΦфууύ 
Ƴt¢.Υ лΦффт όлΦффнΣ мΦллоύ 
Ǿt¢.Υ лΦффт όлΦфулΣ мΦлмоύ 
ϝ/ƻƳǇƻƴŜƴǘ ƻŦ taнΦр 

¦{! 

taнΦрΣ bhн ŀƴŘ hо ǊŜǎǳƭǘǎ 
ƴƻǘ ǎƘƻǿƴ ŀǎ ǘƘƛǎ ǎǘǳŘȅ 
ǿŀǎ ŘƻƴŜ ǇǊƛƻǊ ǘƻ ǘƘŜ 
Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπ
ŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκŜƘǇΦƴ
ƛŜƘǎΦƴƛƘΦƎƻǾκ
ŘƻƛκмлΦмнуфκ
ŜƘǇΦмрмлмоо 

[ŀǳǊŜƴǘ 

нлмс 

[ƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ ŀƴŘ ŀƛǊ Ǉƻƭƭǳǝƻƴ ƛƴ 
/ŀƭƛŦƻǊƴƛŀΥ ²ƘƛŎƘ ǎƻǳǊŎŜǎ ŀƴŘ ŎƻƳǇƻƴŜƴǘǎ 
ŘǊƛǾŜ ǘƘŜ ǊƛǎƪΚ 

лрκлуκмс     
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ лΦффр όǇŜǊ LvwΣ hwύ 
όлΦфууΣ мΦллоύ 
ϝ/ƻƳǇƻƴŜƴǘ ƻŦ  taнΦр 

    
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ лΦффт όǇŜǊ LvwΣ hwύ 
όлΦфурΣ мΦллуύ 
ϝ/ƻƳǇƻƴŜƴǘ ƻŦ  taнΦр 

¦{! 

taнΦр ǊŜǎǳƭǘǎ ƴƻǘ ǎƘƻǿƴ 
ŀǎ ǘƘƛǎ ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ 

ǇǊƛƻǊ ǘƻ ǘƘŜ Ƴƻǎǘ ǊŜŎŜƴǘ 
ƳŜǘŀπŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦ
ŜƳōŀǎŜΦŎƻƳ
κǊŜŎƻǊŘǎΚǎǳō

ŀŎǝƻƴҐǾƛŜǿǊ
ŜŎƻǊŘϧƛŘҐ[с
млннспрп 

https://www.embase.com/records?subaction=viewrecord&id=L2012111704
https://www.embase.com/records?subaction=viewrecord&id=L2012111704
https://www.embase.com/records?subaction=viewrecord&id=L2012111704
https://www.embase.com/records?subaction=viewrecord&id=L2004005921
https://www.embase.com/records?subaction=viewrecord&id=L2004005921
https://www.embase.com/records?subaction=viewrecord&id=L2004005921
https://www.embase.com/records?subaction=viewrecord&id=L2004005921
https://www.embase.com/records?subaction=viewrecord&id=L2004005921
https://www.embase.com/records?subaction=viewrecord&id=L2004005921
https://pubmed.ncbi.nlm.nih.gov/31818536/
https://pubmed.ncbi.nlm.nih.gov/31818536/
https://pubmed.ncbi.nlm.nih.gov/31818536/
https://pubmed.ncbi.nlm.nih.gov/31818536/
https://www.embase.com/records?subaction=viewrecord&id=L2002743702
https://www.embase.com/records?subaction=viewrecord&id=L2002743702
https://www.embase.com/records?subaction=viewrecord&id=L2002743702
https://www.embase.com/records?subaction=viewrecord&id=L2002743702
https://www.embase.com/records?subaction=viewrecord&id=L2002743702
https://www.embase.com/records?subaction=viewrecord&id=L2002743702
https://www.embase.com/records?subaction=viewrecord&id=L629676011
https://www.embase.com/records?subaction=viewrecord&id=L629676011
https://www.embase.com/records?subaction=viewrecord&id=L629676011
https://www.embase.com/records?subaction=viewrecord&id=L629676011
https://www.embase.com/records?subaction=viewrecord&id=L629676011
https://www.embase.com/records?subaction=viewrecord&id=L629676011
https://pubmed.ncbi.nlm.nih.gov/30159842/
https://pubmed.ncbi.nlm.nih.gov/30159842/
https://pubmed.ncbi.nlm.nih.gov/30159842/
https://pubmed.ncbi.nlm.nih.gov/30159842/
https://www.embase.com/records?subaction=viewrecord&id=L2001010264
https://www.embase.com/records?subaction=viewrecord&id=L2001010264
https://www.embase.com/records?subaction=viewrecord&id=L2001010264
https://www.embase.com/records?subaction=viewrecord&id=L2001010264
https://www.embase.com/records?subaction=viewrecord&id=L2001010264
https://www.embase.com/records?subaction=viewrecord&id=L2001010264
https://ehp.niehs.nih.gov/doi/10.1289/ehp.1510133
https://ehp.niehs.nih.gov/doi/10.1289/ehp.1510133
https://ehp.niehs.nih.gov/doi/10.1289/ehp.1510133
https://ehp.niehs.nih.gov/doi/10.1289/ehp.1510133
https://www.embase.com/records?subaction=viewrecord&id=L610226454
https://www.embase.com/records?subaction=viewrecord&id=L610226454
https://www.embase.com/records?subaction=viewrecord&id=L610226454
https://www.embase.com/records?subaction=viewrecord&id=L610226454
https://www.embase.com/records?subaction=viewrecord&id=L610226454
https://www.embase.com/records?subaction=viewrecord&id=L610226454


 
 

 

омр 

9ǎǘŀǊƭƛŎƘ 
нлмс 

9ȄǇƻǎǳǊŜ ǘƻ ŀƳōƛŜƴǘ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŘǳǊƛƴƎ 
ǇǊŜƎƴŀƴŎȅ ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘΥ ! {ǇŀƴƛǎƘ 
ƳǳƭǝŎŜƴǘŜǊ ōƛǊǘƘ ŎƻƘƻǊǘ ǎǘǳŘȅ 

лнκлпκмс 

Cǳƭƭ ǎŀƳǇƭŜΥ 
¢мΣ t¢.Υ мΦмо όǇŜǊ ҡƎκƳоΣ hwύ όлΦспΣ нΦлмύ 
¢нΥ мΦмп όлΦусΣ мΦрмύ 
¢оΥ мΦмн όлΦсоΣ нΦлмύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦоу όмΦлоΣ мΦупύ 
 
ŀŘƧǳǎǘŜŘ ŦƻǊ bhнΥ 

¢мΥ мΦму όлΦууΣ мΦслύ 
¢нΥ мΦлн όлΦтмΣ мΦпсύ 
¢оΥ мΦоф όлΦффΣ мΦфсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦнп όлΦууΣ мΦтсύ 
 
²ƻƳŜƴ ǿƘƻ ǎǇŜƴǘ җмрƘκŘŀȅ ŀǘ ƘƻƳŜΥ 
¢мΥ мΦпм όмΦлтΣ мΦурύ 
¢нΥ мΦнф όлΦфрΣ мΦтрύ 
¢оΥ мΦрф όмΦмтΣ нΦмрύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦрр όмΦмоΣ нΦмоύ 
 
ŀŘƧǳǎǘŜŘ ŦƻǊ bhн όŀƳƻƴƎ ǿƻƳŜƴ ǿƘƻ ǎǇŜƴǘ 
җмрƘκŘŀȅ ŀǘ ƘƻƳŜύΥ 
¢мΥ мΦмф όлΦутΣ мΦспύ 
¢нΥ мΦлп όлΦтмΣ мΦроύ 
¢оΥ мΦпр όмΦллΣ нΦлфύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦну ώaƛǎǎƛƴƎ фр҈ /Lϐ 

          {Ǉŀƛƴ 

bhн ǊŜǎǳƭǘǎ ƴƻǘ ǎƘƻǿƴ ŀǎ 
ǘƘƛǎ ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ 
ǇǊƛƻǊ ǘƻ ǘƘŜ Ƴƻǎǘ ǊŜŎŜƴǘ 
ƳŜǘŀπŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦ
ŜƳōŀǎŜΦŎƻƳ
κǊŜŎƻǊŘǎΚǎǳō
ŀŎǝƻƴҐǾƛŜǿǊ
ŜŎƻǊŘϧƛŘҐ[с
лулпонпс 

tŜŘŜǊǎŜƴ 
нлмс 

9ƭŜƳŜƴǘŀƭ ŎƻƴǎǝǘǳŜƴǘǎ ƻŦ ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ 
ŀƴŘ ƴŜǿōƻǊƴΩǎ ǎƛȊŜ ƛƴ ŜƛƎƘǘ 9ǳǊƻǇŜŀƴ ŎƻƘƻǊǘǎ 

лмκлмκмс         

¢[.²Υ мΦмп όǇŜǊ ƴƎκƳоΣ hwύ όмΦллΣ мΦнфύ 
¢[.²Υ мΦмм όŀŘƧǳǎǘŜŘ ŦƻǊ ƳŀǎǎΣύ όлΦфпΣ мΦомύ 
¢[.²Υ мΦмл όŀŘƧǳǎǘŜŘ ŦƻǊ {ύ όлΦфмΣ мΦооύ 
 
.² ƛƴ ǘŜǊƳ ōƛǊǘƘǎ όƎύΥ п ό.Ŝǘŀ ŜǎǝƳŀǘŜύ όπмрΣ 
ннύ 

.² ƛƴ ǘŜǊƳ ōƛǊǘƘǎ όƎύΥ т όŀŘƧǳǎǘŜŘ ŦƻǊ Ƴŀǎǎύ 
όπмоΣ нсύ 
.² ƛƴ ǘŜǊƳ ōƛǊǘƘǎ όƎύΥ т όŀŘƧǳǎǘŜŘ ŦƻǊ {Σ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ όπрлΣ мсύ 
ϝ/ƻƳǇƻƴŜƴǘ ƻŦ taнΦр 

¢[.²Υ мΦно όǇŜǊ мл ƴƎκƳоΣ hwύ όлΦфуΣ мΦрпύ 
¢[.²Υ мΦмм όŀŘƧǳǎǘŜŘ ŦƻǊ Ƴŀǎǎύ όлΦууΣ мΦплύ 
¢[.²Υ лΦфс όŀŘƧǳǎǘŜŘ ŦƻǊ {ύ όлΦтрΣ мΦноύ 
 
.² ƛƴ ǘŜǊƳ ōƛǊǘƘǎ όƎύΥ πп ό.Ŝǘŀ ŜǎǝƳŀǘŜύ όπ
нмΣ мнύ 

.² ƛƴ ǘŜǊƳ ōƛǊǘƘǎ όƎύΥ πм όŀŘƧǳǎǘŜŘ ŦƻǊ Ƴŀǎǎύ 
όπмуΣ мсύ 
.² ƛƴ ǘŜǊƳ ōƛǊǘƘǎ όƎύΥ п όŀŘƧǳǎǘŜŘ ŦƻǊ {ύ όπмпΣ 
ннύ 
ϝ/ƻƳǇƻƴŜƴǘ ƻŦ taнΦр 

9ǳǊƻǇŜ 

!ƴƴǳŀƭ ŀǾŜǊŀƎŜ 
ŎƻƴŎŜƴǘǊŀǝƻƴǎΤ 
9ƭŜƳƴŜǘŀƭ ŎƻƴǎǝǘǳŜƴǘǎ 
ƻŦ taнΦр ǿŜǊŜ ǎǘǳŘƛŜŘ 

ƘǧǇǎΥκκǿǿǿΦ
ŜƳōŀǎŜΦŎƻƳ
κǊŜŎƻǊŘǎΚǎǳō
ŀŎǝƻƴҐǾƛŜǿǊ
ŜŎƻǊŘϧƛŘҐ[с
лтпуртпм 

[ŀǳǊŜƴǘ 
нлмп 

{ƻǳǊŎŜǎ ŀƴŘ ŎƻƴǘŜƴǘǎ ƻŦ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀũŜŎǝƴƎ 
ǘŜǊƳ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ ƛƴ [ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅΣ 
/ŀƭƛŦƻǊƴƛŀΣ нллмπнллу 

лтκнфκмп     

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦллн όǇŜǊ LvwΣ hwύ 
όлΦффтΣ мΦллсύ 
¢мΥ мΦлло όлΦффуΣ мΦллтύ 
¢нΥ мΦллм όлΦффсΣ мΦллрύ 
¢оΥ мΦллн όлΦффтΣ мΦллсύ 
ϝ/ƻƳǇƻƴŜƴǘ ƻŦ taнΦр 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦллм όǇŜǊ LvwΣ hwύ 
όлΦффрΣ мΦллуύ 
¢мΥ мΦллм όлΦффрΣ мΦллуύ 
¢нΥ мΦллл όлΦффоΣ мΦллсύ 
¢оΥ мΦлло όлΦффтΣ мΦлмлύ 
ϝ/ƻƳǇƻƴŜƴǘ ƻŦ taнΦр 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦллф όǇŜǊ LvwΣ hwύ 
όмΦллоΣ мΦлмрύ 
¢мΥ мΦлмл όмΦллоΣ мΦлмсύ 
¢нΥ мΦллу όмΦллнΣ мΦлмпύ 
¢оΥ мΦлмл όмΦллпΣ мΦлмсύ 
ϝ/ƻƳǇƻƴŜƴǘ ƻŦ taнΦр 

  ¦{! 

taнΦрΣ bhн ŀƴŘ hо ǊŜǎǳƭǘǎ 
ƴƻǘ ǎƘƻǿƴ ŀǎ ǘƘƛǎ ǎǘǳŘȅ 
ǿŀǎ ŘƻƴŜ ǇǊƛƻǊ ǘƻ ǘƘŜ 
Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπ
ŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦ
ŜƳōŀǎŜΦŎƻƳ
κǊŜŎƻǊŘǎΚǎǳō
ŀŎǝƻƴҐǾƛŜǿǊ
ŜŎƻǊŘϧƛŘҐ[с
лммософм 

.ŀǎǳ нлмо 
9ũŜŎǘǎ ƻŦ ŬƴŜ ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ŀƴŘ ƛǘǎ 
ŎƻƴǎǝǘǳŜƴǘǎ ƻƴ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ ŀƳƻƴƎ Ŧǳƭƭπ
ǘŜǊƳ ƛƴŦŀƴǘǎ ƛƴ /ŀƭƛŦƻǊƴƛŀ 

мнκмтκмо       

.ƛǊǘƘ ǿŜƛƎƘǘΥ πн όǇŜǊ LvwΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ 
όπпΣ мύ 
[.²Υ л όǇŜǊ LvwΣ ҈ ŎƘŀƴƎŜ ƛƴ ƻŘŘǎύ 
όπоΣ пύ 
ϝ/ƻƳǇƻƴŜƴǘ ƻŦ taнΦр 

.ƛǊǘƘ ǿŜƛƎƘǘΥ πм όπнΣ πмύόǇŜǊ LvwΣ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ 
[.²Υ м όлΣ мύόǇŜǊ LvwΣ ҈ ŎƘŀƴƎŜ ƛƴ ƻŘŘǎύ 
ϝ/ƻƳǇƻƴŜƴǘ ƻŦ taнΦр 

.ƛǊǘƘ ǿŜƛƎƘǘΥ πф όπмнΣ πтύ όǇŜǊ LvwΣ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ 
[.²Υ н όπнΣ сύ όǇŜǊ LvwΣ ҈ ŎƘŀƴƎŜ ƛƴ ƻŘŘǎύ 
ϝ/ƻƳǇƻƴŜƴǘ ƻŦ taнΦр 

¦{! 

taнΦрΣ bhн ŀƴŘ hо ǊŜǎǳƭǘǎ 
ƴƻǘ ǎƘƻǿƴ ŀǎ ǘƘƛǎ ǎǘǳŘȅ 
ǿŀǎ ŘƻƴŜ ǇǊƛƻǊ ǘƻ ǘƘŜ 
Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπ
ŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǇǳōƳ
ŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκнпор
фтлфκ 

DƘƻǎƘ нлмн 

!ǎǎŜǎǎƛƴƎ ǘƘŜ ƛƴƅǳŜƴŎŜ ƻŦ ǘǊŀŶŎπǊŜƭŀǘŜŘ ŀƛǊ 
Ǉƻƭƭǳǝƻƴ ƻƴ Ǌƛǎƪ ƻŦ ǘŜǊƳ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ ƻƴ 
ǘƘŜ ōŀǎƛǎ ƻŦ ƭŀƴŘπǳǎŜπōŀǎŜŘ ǊŜƎǊŜǎǎƛƻƴ ƳƻŘŜƭǎ 
ŀƴŘ ƳŜŀǎǳǊŜǎ ƻŦ ŀƛǊ ǘƻȄƛŎǎ 

лрκмоκмн 
¢оΣ ¢[.²Υ мΦло όǇŜǊ LvwΣ hwύ 
όмΦллΣ мΦлрύ 

          ¦{! 

taнΦрΣ bhн ŀƴŘ hо ǊŜǎǳƭǘǎ 
ƴƻǘ ǎƘƻǿƴ ŀǎ ǘƘƛǎ ǎǘǳŘȅ 
ǿŀǎ ŘƻƴŜ ǇǊƛƻǊ ǘƻ ǘƘŜ 
Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπ
ŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦ
ŜƳōŀǎŜΦŎƻƳ
κǊŜŎƻǊŘǎΚǎǳō
ŀŎǝƻƴҐǾƛŜǿǊ
ŜŎƻǊŘϧƛŘҐ[о
срлноммс 

²ƛƭƘŜƭƳ 
нлмн 

¢ǊŀŶŎπǊŜƭŀǘŜŘ ŀƛǊ ǘƻȄƛŎǎ ŀƴŘ ǘŜǊƳ ƭƻǿ ōƛǊǘƘ 
ǿŜƛƎƘǘ ƛƴ [ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅΣ /ŀƭƛŦƻǊƴƛŀ 

лмκлмκмн 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.²Υ лΦфр όǇŜǊ LvwΣ hwύ 
όлΦууΣ мΦлоύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.²Υ лΦфт όǇŜǊ лΦм ǇǇōΣ 
hwύ όлΦфоΣ мΦлнύ 

          ¦{! 

bhн ǊŜǎǳƭǘǎ ƴƻǘ ǎƘƻǿƴ ŀǎ 
ǘƘƛǎ ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ 
ǇǊƛƻǊ ǘƻ ǘƘŜ Ƴƻǎǘ ǊŜŎŜƴǘ 
ƳŜǘŀπŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦ
ŜƳōŀǎŜΦŎƻƳ
κǊŜŎƻǊŘǎΚǎǳō
ŀŎǝƻƴҐǾƛŜǿǊ
ŜŎƻǊŘϧƛŘҐ[о
сплнлоуп 

½ŀƘǊŀƴ 
нлмм 

aŀǘŜǊƴŀƭ ōŜƴȊŜƴŜ ŜȄǇƻǎǳǊŜ ŀƴŘ ƭƻǿ ōƛǊǘƘ 
ǿŜƛƎƘǘ Ǌƛǎƪ ƛƴ ǘƘŜ ¦ƴƛǘŜŘ {ǘŀǘŜǎΥ ! ƴŀǘǳǊŀƭ 
ŜȄǇŜǊƛƳŜƴǘ ƛƴ ƎŀǎƻƭƛƴŜ ǊŜŦƻǊƳǳƭŀǝƻƴ 

мнκмрκмм 

Cǳƭƭ ǎŀƳǇƭŜ 

.ƛǊǘƘ ²ŜƛƎƘǘ όƎύΥ πмсΦр όǇŜǊ м ҡƎκƳоΣ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ όπмтΦсΣ πмрΦпύ 
vн Ǿǎ vмΥ πмлΦр όπмнΦтΣ πуΦмтύ 
vоΥ πнмΦм όπноΦоΣ πмуΦфύ 
vпΥ πнсΦо όπнуΦпΣ πнпΦмύ 
vрΥ πооΦф όπосΦсΣ πомΦоύ 
 
[.²Υ мΦлт όǇŜǊ м ҡƎκƳоύ όмΦлсΣ мΦлуύ 
vнΥ мΦмл όмΦлтΣ мΦмоύ 
vоΥ мΦмт όмΦмпΣ мΦнлύ 
vпΥ мΦмт όмΦмпΣ мΦмфύ 
vрΥ мΦнм όмΦмтΣ мΦнпύ 

 
Ǿ[.²Υ мΦно όǇŜǊ м ҡƎκƳоύ όмΦмфΣ мΦнуύ 
vнΥ мΦпп όмΦолΣ мΦруύ 
vоΥ мΦсо όмΦпуΣ мΦтфύ 

vпΥ мΦтп όмΦрфΣ мΦфлύ 
vрΥ мΦун όмΦспΣ нΦлнύ 
 
wŜǎǘǊƛŎǘŜŘ ǘƻ Ŧǳƭƭ ǘŜǊƳ ōƛǊǘƘǎ 
.²Υ πмнΦр όǇŜǊ м ҡƎκƳоύ όπмоΦсΣ πммΦоύ 
vнΥ πтΦнп όπфΦсмΣ πпΦутύ 
vоΥ πмрΦм όπмтΦрΣ πмнΦуύ 
vпΥ πнмΦт όπноΦфΣ πмфΦпύ 
vрΥ πнмΦт όπнпΦпΣ πмуΦфύ 
 
[.²Υ мΦлп όǇŜǊ м ҡƎκƳоύ όмΦлнΣ мΦлсύ 
vнΥ мΦлр όмΦлмΣ мΦлфύ 
vоΥ мΦмн όмΦлтΣ мΦмсύ 
vпΥ мΦмп όмΦлфΣ мΦмуύ 
vрΥ мΦмл όмΦлрΣ мΦмрύ 
 
Ǿ[.²Υ мΦоо όǇŜǊ м ҡƎκƳоύ όмΦнлΣ мΦпуύ 
vнΥ мΦтн όмΦмуΣ нΦпфύ 
vоΥ нΦлп όмΦпоΣ нΦфмύ 
vпΥ мΦфф όмΦпмΣ нΦулύ 
vрΥ нΦпм όмΦсфΣ оΦпнύ 

          ¦{! 

aŀǘŜǊƴŀƭ ŜȄǇƻǎǳǊŜ ƛǎ 

ƳŜŀǎǳǊŜŘ ŀǎ ǘƘŜ ŀǾŜǊŀƎŜ 
ŀƴƴǳŀƭ ŀƳōƛŜƴǘ 
ŎƻƴŎŜƴǘǊŀǝƻƴ ƻŦ 
ōŜƴȊŜƴŜ όƳƎκƳоύ ŀǘ ǘƘŜ 
Ŏƻǳƴǘȅ ǎŎŀƭŜΦ 

ƘǧǇǎΥκκǿǿǿΦ

ŜƳōŀǎŜΦŎƻƳ
κǊŜŎƻǊŘǎΚǎǳō
ŀŎǝƻƴҐǾƛŜǿǊ
ŜŎƻǊŘϧƛŘҐ[р
мтсфлфс 

²ƛƭƘŜƭƳ 
нлмм 

¢ǊŀŶŎπǊŜƭŀǘŜŘ ŀƛǊ ǘƻȄƛŎǎ ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘΥ ! 
ǇƻǇǳƭŀǝƻƴπōŀǎŜŘ ŎŀǎŜπŎƻƴǘǊƻƭ ǎǘǳŘȅ ƛƴ [ƻǎ 
!ƴƎŜƭŜǎ ŎƻǳƴǘȅΣ /ŀƭƛŦƻǊƴƛŀ 

лфκлтκмм 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦлф όǇŜǊ LvwΣ hwύ 
όмΦлсΣ мΦмоύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦлр όǇŜǊ лΦм ǇǇōΣ hwύ 
όмΦлоΣ мΦлтύ 

          ¦{! 
bhнΣ taнΦрΣ hо ǊŜǎǳƭǘǎ 
ƴƻǘ ǎƘƻǿƴ ŀǎ ǘƘƛǎ ǎǘǳŘȅ 
ǿŀǎ ŘƻƴŜ ǇǊƛƻǊ ǘƻ ǘƘŜ 

ƘǧǇǎΥκκǿǿǿΦ
ŜƳōŀǎŜΦŎƻƳ
κǊŜŎƻǊŘǎΚǎǳō
ŀŎǝƻƴҐǾƛŜǿǊ
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омс 

Ƴƻǎǘ ǊŜŎŜƴǘ ƳŜǘŀπ
ŀƴŀƭȅǎƛǎ 

ŜŎƻǊŘϧƛŘҐ[р
мссллнп 

9ǎǘŀǊƭƛŎƘ 
нлмм 

wŜǎƛŘŜƴǝŀƭ ŜȄǇƻǎǳǊŜ ǘƻ ƻǳǘŘƻƻǊ ŀƛǊ Ǉƻƭƭǳǝƻƴ 
ŘǳǊƛƴƎ ǇǊŜƎƴŀƴŎȅ ŀƴŘ ŀƴǘƘǊƻǇƻƳŜǘǊƛŎ 
ƳŜŀǎǳǊŜǎ ŀǘ ōƛǊǘƘ ƛƴ ŀ ƳǳƭǝŎŜƴǘŜǊ ŎƻƘƻǊǘ ƛƴ 
ǎǇŀƛƴ 

лоκноκмм 

Cǳƭƭ ǎŀƳǇƭŜΥ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ ςпΦн όǇŜǊ 

ƭƻƎнπǘǊŀƴǎŦƻǊƳŜŘ όҡƎκƳоύΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ 
όςопΦрΣ нсΦмύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мсΦн όŀŘƧǳǎǘŜŘ ŦƻǊ bhнύ 
όςнпΦсΣ рсΦфύ 
 

²ƻƳŜƴ ǿƘƻ ǎǇŜƴǘ ²мрƘκŘŀȅ ŀǘ ƘƻƳŜΥ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ ςтΦп όςпнΦуΣ нтΦфύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мпΦн όŀŘƧǳǎǘŜŘ ŦƻǊ bhнύ 
όςонΦмΣ слΦрύ 

          {Ǉŀƛƴ 

bhн ǊŜǎǳƭǘǎ ƴƻǘ ǎƘƻǿƴ ŀǎ 
ǘƘƛǎ ǎǘǳŘȅ ǿŀǎ ŘƻƴŜ 
ǇǊƛƻǊ ǘƻ ǘƘŜ Ƴƻǎǘ ǊŜŎŜƴǘ 
ƳŜǘŀπŀƴŀƭȅǎƛǎ 

ƘǧǇǎΥκκǿǿǿΦ
ŜƳōŀǎŜΦŎƻƳ
κǊŜŎƻǊŘǎΚǎǳō
ŀŎǝƻƴҐǾƛŜǿǊ
ŜŎƻǊŘϧƛŘҐ[о
снптмрну 

[ƭƻǇ нлмл 
tǊŜǘŜǊƳ ōƛǊǘƘ ŀƴŘ ŜȄǇƻǎǳǊŜ ǘƻ ŀƛǊ Ǉƻƭƭǳǘŀƴǘǎ 
ŘǳǊƛƴƎ ǇǊŜƎƴŀƴŎȅ 

млκлсκмл 

¢мΣ ҖнΦт ҡƎκƳоΣ t¢.Υ мΦоф όǇŜǊ м ҡƎκƳоΣ 
hwύ όлΦстΣ нΦууύ 
¢мΣ ҔнΦтΥ лΦуп όлΦпмΣ мΦтмύ 
¢нΣ ҖнΦтΥ мΦмп όлΦрмΣ нΦроύ 
¢нΣ ҔнΦтΥ мΦмс όлΦрфΣ нΦнтύ 
¢оΣ ҖнΦтΥ лΦту όлΦотΣ мΦстύ 
¢оΣ ҔнΦтΥ мΦур όлΦтфΣ пΦонύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ҖнΦтΥ лΦст όлΦнуΣ мΦслύ 
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ƛƴŎǊŜŀǎŜ ƛƴ wƛǎƪύ 
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ҡƎκƳоύ όςмфтΣ рлύ 

          CǊŀƴŎŜ   
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*HR: Hazard ratio; OR: Odds ratio; RR: Relative risk 

ϝϝ¢мΥ CƛǊǎǘ ǘǊƛƳŜǎǘŜǊΤ ¢нΥ {ŜŎƻƴŘ ǘǊƛƳŜǎǘŜǊΤ ¢оΥ ¢ƘƛǊŘ ǘǊƛƳŜǎǘŜǊ 

***Q2: 2nd Quartile/Quintile; Q3: 3rd Quartile/Quintile; Q4: 4th Quartile/Quintile; Q5: 5th Quintile  

 

1.2.1.4 Adverse Birth Outcomes (BO): Studies in California (All years, Criteria Air Pollutants) 
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https://pubmed.ncbi.nlm.nih.gov/34403668/


 
 

 

омт 

ƛƴǘŜƴǎƛǘȅ ǎƳƻƪŜπŘŀȅǎΣ ŀǎǎƻŎƛŀǝƻƴǎ ǿŜǊŜ ƴŜŀǊƭȅ ǘǿƛŎŜ ŀǎ 
ƭŀǊƎŜ ŀǎ ǘƘŜȅ ǿŜǊŜ ŦƻǊ ǘƘŜ ƳƻŘŜƭ ǘƘŀǘ ƛƴŎƭǳŘŜŘ ǎƳƻƪŜπ
Řŀȅǎ ƻŦ ŀƭƭ ǘȅǇŜǎΦ {ƛƳƛƭŀǊ ǇŀǧŜǊƴǎ ǿŜǊŜ ŜȄƘƛōƛǘŜŘ ōȅ 
ŀǎǎƻŎƛŀǝƻƴǎ ƻōǎŜǊǾŜŘ ōȅ ǘǊƛƳŜǎǘŜǊǎΦ bƻ ŀǎǎƻŎƛŀǝƻƴ ǿŀǎ 
ŘŜǘŜŎǘŜŘ ŦƻǊ ŀƴȅ ǘǊƛƳŜǎǘŜǊ ŦƻǊ ƭƻǿ ƛƴǘŜƴǎƛǘȅ ǎƳƻƪŜπŘŀȅǎ 
ŀƴŘ ŜũŜŎǘǎ ƻŦ ƳŜŘƛǳƳ ŀƴŘ ƘƛƎƘ ƛƴǘŜƴǎƛǘȅ ǎƳƻƪŜπŘŀȅǎ ƛƴ 
ǘƘŜ ǎŜŎƻƴŘ ŀƴŘ ǘƘƛǊŘ ǘǊƛƳŜǎǘŜǊ ǿŜǊŜ ƳǳŎƘ ƘƛƎƘŜǊ ǘƘŀƴ ǘƘŜ 

ǊŜǎǇŜŎǝǾŜ ŀǎǎƻŎƛŀǝƻƴ ŜǎǝƳŀǘŜŘ ōȅ ǘƘŜ ƳƻŘŜƭ ǘƘŀǘ 
ƛƴŎƭǳŘŜŘ ǎƳƻƪŜπŘŀȅǎ ƻŦ ŀƭƭ ǘȅǇŜǎΦ 

wƛŘŘŜƭƭ нлнм 
IȅǇŜǊπƭƻŎŀƭƛȊŜŘ ƳŜŀǎǳǊŜǎ ƻŦ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ Ǌƛǎƪ ƻŦ ǇǊŜǘŜǊƳ 
ōƛǊǘƘ ƛƴ hŀƪƭŀƴŘ ŀƴŘ {ŀƴ WƻǎŜΣ /ŀƭƛŦƻǊƴƛŀ 

лрκомκнм   

!ƴƴǳŀƭ !ǾŜǊŀƎŜΣ t¢.Σ bƻƴπ[ŀǝƴŀ !ǎƛŀƴΥ мΦм όфлǘƘ 
ǇŜǊŎŜƴǝƭŜ Ǿǎ млǘƘ ǇŜǊŎŜƴǝƭŜΣ w5ύ όπпΦтΣ сΦуύ 

bƻƴπ[ŀǝƴŀ .ƭŀŎƪΥ мΦн όπпΦтΣ тΦмύ 
[ŀǝƴŀΥ мΦо όπнΦрΣ рΦлύ 
bƻƴπ[ŀǝƴŀ ²ƘƛǘŜΥ пΦл όπнΦрΣ рΦлύ 

    hŀƪƭŀƴŘ ŀƴŘ {ŀƴ WƻǎŜ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκопфффусмκ 

aŜƪƻƴƴŜƴ 
нлнм 

¢ƘŜ ǊŜƭŀǝƻƴǎƘƛǇ ōŜǘǿŜŜƴ ŀƛǊ Ǉƻƭƭǳǘŀƴǘǎ ŀƴŘ ƳŀǘŜǊƴŀƭ 
ǎƻŎƛƻŜŎƻƴƻƳƛŎ ŦŀŎǘƻǊǎ ƻƴ ǇǊŜǘŜǊƳ ōƛǊǘƘ ƛƴ /ŀƭƛŦƻǊƴƛŀ ǳǊōŀƴ 

ŎƻǳƴǝŜǎ 

лпκмрκнм 

оƳƻ ǇǊŜπǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦлм όҡƎκƳшΣ hwύ όлΦффΣ мΦлоύ 
¢мΥ мΦлл όлΦфуΣ мΦлнύ 
¢нΥ мΦлн όмΦллΣ мΦлоύ 
¢оΥ лΦфт όлΦфрΣ лΦффύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦлр όмΦлоΣ мΦлтύ 
 

оƳƻ ǇǊŜπǇǊŜƎƴŀƴŎȅΣ ŜŀǊƭȅ t¢.Υ лΦфф όлΦфрΣ мΦлоύ 
¢мΥ лΦфр όлΦфмΣ лΦффύ 
¢нΥ мΦлм όлΦфтΣ мΦлрύ 
¢оΥ лΦфм όлΦутΣ лΦфсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦфс όлΦфнΣ мΦллύ 

  

оƳƻ ǇǊŜπǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦлу όǇŜǊ ǇǇōΣ hwύ όмΦлсΣ мΦмлύ 
¢мΥ мΦлр όмΦлоΣ мΦлсύ 
¢нΥ мΦлн όмΦллΣ мΦлоύ 
¢оΥ мΦлр όмΦлоΣ мΦлсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦлп όмΦлнΣ мΦлрύ 
 

оƳƻ ǇǊŜπǇǊŜƎƴŀƴŎȅΣ ŜŀǊƭȅ t¢.Υ мΦлм όлΦфтΣ мΦлрύ 
¢мΥ лΦфт όлΦфпΣ мΦлмύ 
¢нΥ лΦфу όлΦфпΣ мΦлоύ 
¢оΥ мΦлр όлΦфоΣ мΦмлύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦфп όлΦфлΣ лΦфтύ 

  /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǿǿǿΦŜƳōŀǎŜΦŎƻƳκ
ǊŜŎƻǊŘǎΚǎǳōŀŎǝƻƴҐǾƛŜǿǊŜ

ŎƻǊŘϧƛŘҐ[сопумтлтн 

{ŎƘǿŀǊȊ 
нлмф 

! ǉǳŀƴǝƭŜ ǊŜƎǊŜǎǎƛƻƴ ŀǇǇǊƻŀŎƘ ǘƻ ŜȄŀƳƛƴŜ ŬƴŜ ǇŀǊǝŎƭŜǎΣ ǘŜǊƳ 
ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘΣ ŀƴŘ ǊŀŎƛŀƭκŜǘƘƴƛŎ ŘƛǎǇŀǊƛǝŜǎ 

лтκммκмф 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ πтΦом όǇŜǊ 
ҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ όπуΦмлΣ πсΦрмύ 
LƴŦŀƴǘǎ ōƻǊƴ ŀǘ рǘƘ ǇŜǊŎŜƴǝƭŜ ōƛǊǘƘ ǿŜƛƎƘǘΥ πтΦфф όπуΦрсΣ π
тΦпнύ 
млǘƘΥ πтΦмс όπтΦсрΣ πсΦсуύ 
нрǘƘΥ πсΦлт όπсΦплΣ πрΦтпύ 
рлǘƘΥ πсΦсл όπсΦфлΣ πсΦолύ 
трǘƘΥ πсΦуф όπтΦнлΣ πсΦруύ 
флǘƘΥ πтΦпм όπтΦфоΣ πсΦуфύ 
фрǘƘΥ πтΦсм όπуΦнлΣ πтΦлмύ 
 
bI ²ƘƛǘŜ 
рǘƘΥ πтΦтт όπуΦтпΣ πсΦтфύ 
млǘƘΥ πсΦот όπтΦмнΣ πрΦсоύ 
нрǘƘΥ πрΦнп όπрΦунΣ πпΦсрύ 
рлǘƘΥ πрΦсф όπсΦмсΣ πрΦнмύ 
трǘƘΥ πрΦфф όπсΦпфΣ πрΦпуύ 
флǘƘΥ πсΦоо όπтΦмоΣ πрΦроύ 
фрǘƘΥ πсΦсо όπтΦснΣ πрΦсоύ 
 
bI .ƭŀŎƪ 
рǘƘΥ πмуΦрт όπннΦнлΣ πмпΦфлύ 
млǘƘΥ πммΦмр όπмоΦмлΣ πфΦмфύ 
нрǘƘΥ πуΦфф όπмлΦнлΣ πтΦттύ 
рлǘƘΥ πтΦуу όπфΦмоΣ πсΦсоύ 
трǘƘΥ πфΦол όπмлΦулΣ πтΦумύ 

флǘƘΥ πмлΦол όπмнΦслΣ πуΦлнύ 
фрǘƘΥ πфΦун όπмнΦтлΣ πсΦуфύ 
 
IƛǎǇŀƴƛŎ 
рǘƘΥ πтΦтс όπтΦмфΣ πсΦллύ 
млǘƘΥ πсΦрф όπуΦрнΣ πтΦллύ 
нрǘƘΥ πрΦнф όπрΦтлΣ πпΦутύ 
рлǘƘΥ πрΦсф όπсΦлтΣ πрΦомύ 
трǘƘΥ πрΦсл όπсΦлоΣ πрΦмсύ 
флǘƘΥ πсΦнп όπсΦунΣ πрΦстύ 
фрǘƘΥ πсΦоф όπтΦмлΣ πрΦсуύ 

      /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκооттуоплκ 

9ƴŘŜǊǎ нлму 
9ȄǇƻǎǳǊŜ ǘƻ ŎƻŀǊǎŜ ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ŘǳǊƛƴƎ ƎŜǎǘŀǝƻƴ ŀƴŘ 
ǘŜǊƳ ƭƻǿ ōƛǊǘƘǿŜƛƎƘǘ ƛƴ /ŀƭƛŦƻǊƴƛŀΥ ±ŀǊƛŀǝƻƴ ƛƴ ŜȄǇƻǎǳǊŜ ŀƴŘ 
Ǌƛǎƪ ŀŎǊƻǎǎ ǊŜƎƛƻƴ ŀƴŘ ǎƻŎƛƻŜŎƻƴƻƳƛŎ ǎǳōƎǊƻǳǇ 

млκнрκму 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.² 
нv Ǿǎ м!Υ лΦфф όhwύ όлΦфсΣ мΦлнύ 
оvΥ мΦлм όлΦфуΣ мΦлпύ 
пvΥ мΦлр όмΦлмΣ мΦлуύ 
 
¢м 

нvΥ мΦлм όлΦффΣ мΦлпύ 
оvΥ мΦло όмΦлмΣ мΦлсύ 
пvΥ мΦлп όмΦлмΣ мΦлтύ 
 
¢н 
нvΥ лΦфу όлΦфрΣ мΦллύ 
оvΥ мΦлм όлΦфуΣ мΦлпύ 
пvΥ мΦлп όмΦлмΣ мΦлтύ 
 
¢о 
нvΥ лΦфф όлΦфсΣ мΦлмύ 
оvΥ мΦлм όлΦфуΣ мΦлпύ 
пvΥ мΦлм όлΦфуΣ мΦлпύ 
 
²ƘƛǘŜΣ bƻƴπIƛǎǇŀƴƛŎ tD. 
нvΥ мΦлл όлΦфрΣ мΦлрύ 
оvΥ лΦфс όлΦфмΣ мΦлнύ 
пvΥ мΦлм όлΦфрΣ мΦлфύ 
 
.ƭŀŎƪΣ bƻƴπIƛǎǇŀƴƛŎ tD. 
нvΥ мΦлл όлΦфнΣ мΦлфύ 
оvΥ лΦфу όлΦуфΣ мΦлуύ 
пvΥ мΦлл όлΦфлΣ мΦмнύ 
 
IƛǎǇŀƴƛŎ tD. 

нvΥ лΦфу όлΦфпΣ мΦлмύ 
оvΥ мΦлн όлΦфуΣ мΦлсύ 
пvΥ мΦлр όмΦлмΣ мΦмлύ 
 
9ŀǎǘ !ǎƛŀƴΣ bƻƴπIƛǎǇŀƴƛŎ tD. 
нvΥ лΦфу όлΦфпΣ мΦлрύ 
оvΥ мΦлр όлΦфрΣ мΦмнύ 

      /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκолтрфрунκ 

https://pubmed.ncbi.nlm.nih.gov/34999861/
https://pubmed.ncbi.nlm.nih.gov/34999861/
https://www.embase.com/records?subaction=viewrecord&id=L634817072
https://www.embase.com/records?subaction=viewrecord&id=L634817072
https://www.embase.com/records?subaction=viewrecord&id=L634817072
https://pubmed.ncbi.nlm.nih.gov/33778340/
https://pubmed.ncbi.nlm.nih.gov/33778340/
https://pubmed.ncbi.nlm.nih.gov/30759582/
https://pubmed.ncbi.nlm.nih.gov/30759582/


 
 

 

ому 

пvΥ мΦлт όлΦфуΣ мΦлсύ 
 
{ƻǳǘƘ !ǎƛŀƴΣ bƻƴπIƛǎǇŀƴƛŎ tD. 
нvΥ мΦлм όлΦфлΣ мΦлуύ 
оvΥ мΦло όлΦфпΣ мΦмтύ 
пvΥ мΦлт όлΦфпΣ мΦноύ 
 

tbD. 9ŘǳŎŀǝƻƴ [Ŝǎǎ ǘƘŀƴ ƘƛƎƘ ǎŎƘƻƻƭ 
нvΥ лΦфу όлΦфрΣ мΦлуύ 
оvΥ мΦлп όлΦфрΣ мΦмнύ 
пvΥ мΦлт όлΦфтΣ мΦмуύ 
 
tbD. 9ŘǳŎŀǝƻƴ IƛƎƘ ǎŎƘƻƻƭ ŘƛǇƭƻƳŀ ƻƴƭȅ 
нvΥ лΦфу όлΦфоΣ мΦлпύ 
оvΥ мΦлн όлΦффΣ мΦмлύ 
пvΥ мΦло όмΦлмΣ мΦмпύ 
 
tbD. 9ŘǳŎŀǝƻƴ {ƻƳŜ /ƻƭƭŜƎŜ 
нvΥ лΦфф όлΦфоΣ мΦлоύ 
оvΥ лΦфт όлΦфтΣ мΦлтύ 
пvΥ лΦфф όлΦфтΣ мΦлфύ 
 
tbD. 9ŘǳŎŀǝƻƴ /ƻƭƭŜƎŜ ŘŜƎǊŜŜ ƻǊ ōŜȅƻƴŘ 
нvΥ мΦлл όлΦфпΣ мΦлрύ 
оvΥ мΦлл όлΦфмΣ мΦлоύ 
пvΥ мΦлу όлΦфнΣ мΦлсύ 
 
bŜƛƎƘōƻǊƘƻƻŘ ǇƻǾŜǊǘȅ ғмл҈ 
нvΥ лΦфт όлΦфсΣ мΦлрύ 

оvΥ лΦфу όлΦфпΣ мΦлсύ 
пvΥ мΦлр όмΦллΣ мΦмсύ 
 
bŜƛƎƘōƻǊƘƻƻŘ ǇƻǾŜǊǘȅ млςнл҈ 
нvΥ мΦлл όлΦфпΣ мΦлмύ 
оvΥ мΦлл όлΦфпΣ мΦлнύ 
пvΥ мΦлн όлΦффΣ мΦмлύ 
 
bŜƛƎƘōƻǊƘƻƻŘ ǇƻǾŜǊǘȅ Ҕнл҈ 
нvΥ мΦло όлΦфсΣ мΦлпύ 
оvΥ мΦмо όлΦфрΣ мΦлпύ 
пvΥ мΦмр όлΦфсΣ мΦлтύ 
 
¢.² 
нvΥ πнΦу ό.Ŝǘŀ ŜǎǝƳŀǘŜύ όπпΦоΣ πмΦнύ 
оvΥ πтΦм όπуΦуΣ πрΦпύ 
пvΥ πммΦс όπмоΦсΣ πфΦсύ 
 
¢м 
нvΥ πтΦт όπфΦоΣ πсΦнύ 
оvΥ πмнΦн όπмоΦуΣ πмлΦсύ 
пvΥ πмпΦт όπмсΦрΣ πмоΦлύ 
 
¢н 
нvΥ πпΦт όπсΦнΣ πоΦнύ 
оvΥ πуΦс όπмлΦнΣ πтΦлύ 
пvΥ πмлΦл όπммΦуΣ πуΦоύ 
 
¢о 
нvΥ πрΦо όπсΦуΣ πоΦуύ 
оvΥ πмнΦу όπмпΦпΣ πммΦнύ 
пvΥ πмрΦп όπмтΦнΣ πмоΦсύ 

IǳŀƴƎ нлму 
LƴǾŜǎǝƎŀǝƻƴ ƻŦ ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ŜƴǾƛǊƻƴƳŜƴǘŀƭ ŀƴŘ 
ǎƻŎƛƻŜŎƻƴƻƳƛŎ ŦŀŎǘƻǊǎ ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘ ƛƴ /ŀƭƛŦƻǊƴƛŀ 

луκомκму t¢.Υ мΦлнсу όǇŜǊ LvwΣ hwύ ό мΦлмпу Σ мΦлоуфύ   t¢.Υ лΦффпр όǇŜǊ Lvwύ  όлΦфулоΣ мΦллуфύ   /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκоллтрусмκ 

tŀŘǳƭŀ нлму 
9ƴǾƛǊƻƴƳŜƴǘŀƭ Ǉƻƭƭǳǝƻƴ ŀƴŘ ǎƻŎƛŀƭ ŦŀŎǘƻǊǎ ŀǎ ŎƻƴǘǊƛōǳǘƻǊǎ ǘƻ 
ǇǊŜǘŜǊƳ ōƛǊǘƘ ƛƴ CǊŜǎƴƻ /ƻǳƴǘȅ 

луκнфκму 

!ƴƴǳŀƭ !ǾŜǊŀƎŜΣ t¢. όǾǎ лπмфǘƘ ǇŜǊŎŜƴǝƭŜΣ hwύ 
нлπофǘƘ ǇŜǊŎŜƴǝƭŜΥ пΦлн όлΦроΣ олΦноύ 
плπрфǘƘ ǇŜǊŎŜƴǝƭŜΥ лΦуф όлΦрмΣ мΦрсύ 
слπтфǘƘ ǇŜǊŎŜƴǝƭŜΥ мΦлт όлΦрфΣ мΦфпύ 
улπмллǘƘ ǇŜǊŎŜƴǝƭŜΥ мΦос όлΦууΣ нΦммύ 

 
[ƻǿ {9{Υ мΦлт ό ƳŜŘƛŀƴ Ǿǎ ғƳŜŘƛŀƴύ όлΦфуΣ мΦмуύ 
IƛƎƘ {9{Υ мΦмр όмΦлрΣ мΦнсύ 
²ƘƛǘŜ ƴƻƴπIƛǎǇŀƴƛŎΥ ώƴƻ ǾŀƭǳŜϐ όлΦфтΣ мΦооύ 
bƻƴπ²ƘƛǘŜΣ bƻƴπIƛǎǇŀƴƛŎΥ мΦмл όлΦфтΣ мΦнпύ 
IƛǎǇŀƴƛŎΥ мΦмм όмΦлнΣ мΦнлύ 
 
ŜŀǊƭȅ t¢. 
плπрфǘƘ ǇŜǊŎŜƴǝƭŜΥ лΦсл όлΦннΣ мΦсмύ 
слπтфǘƘ ǇŜǊŎŜƴǝƭŜΥ лΦст όлΦноΣ мΦфрύ 
улπмллǘƘ ǇŜǊŎŜƴǝƭŜΥ лΦус όлΦпоΣ мΦтнύ 
 
[ƻǿ {9{Υ мΦмм ό ƳŜŘƛŀƴ Ǿǎ ғƳŜŘƛŀƴύ όлΦфнΣ мΦорύ 
IƛƎƘ {9{Υ мΦмл όлΦфмΣ мΦооύ 
²ƘƛǘŜ ƴƻƴπIƛǎǇŀƴƛŎΥ ώƴƻ ǾŀƭǳŜϐ όлΦффΣ мΦупύ 
bƻƴπ²ƘƛǘŜΣ bƻƴπIƛǎǇŀƴƛŎΥ мΦло όлΦунΣ мΦнфύ 

  

t¢. 

[ƻǿ {9{Υ мΦлл ό² ƳŜŘƛŀƴ Ǿǎ ғƳŜŘƛŀƴΣ hwύ όлΦфнΣ мΦлуύ 

IƛƎƘ {9{Υ лΦфф όлΦфлΣ мΦлуύ 
²ƘƛǘŜ ƴƻƴπIƛǎǇŀƴƛŎΥ лΦфл όлΦтуΣ мΦлпύ 
bƻƴπ²ƘƛǘŜΣ bƻƴπIƛǎǇŀƴƛŎΥ мΦлт όлΦфрΣ мΦнмύ 
IƛǎǇŀƴƛŎΥ лΦфт όлΦуфΣ мΦлпύ 

 
9ŀǊƭȅ t¢. 
[ƻǿ {9{Υ мΦмп όлΦфтΣ мΦопύ 
IƛƎƘ {9{Υ мΦмт όлΦфтΣ мΦплύ 
²ƘƛǘŜ ƴƻƴπIƛǎǇŀƴƛŎΥ лΦфт όлΦунΣ мΦомύ 
bƻƴπ²ƘƛǘŜΣ bƻƴπIƛǎǇŀƴƛŎΥ мΦнл όлΦфсΣ мΦрлύ 

  CǊŜǎƴƻ /ƻǳƴǘȅ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκолмртуруκ 

.ŀǎǳ нлмт 
!ǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ taόнΦрύ ŀƴŘ taόнΦрύ /ƻƴǎǝǘǳŜƴǘǎ ŀƴŘ 
tǊŜǘŜǊƳ 5ŜƭƛǾŜǊȅ ƛƴ /ŀƭƛŦƻǊƴƛŀΣ нлллπнллсΦ 

лфκлмκмт 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мсΦп όǇŜǊ LvwΣ tŜǊŎŜƴǘ ŎƘŀƴƎŜ ƛƴ 
ƻŘŘǎύ όмоΦрΣ мфΦрύ 

      /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκнутонммфκ 

bƎ нлмт 
{ƻǳǊŎŜ ŀǇǇƻǊǝƻƴƳŜƴǘ ƻŦ ŬƴŜ ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ŀƴŘ Ǌƛǎƪ ƻŦ 
ǘŜǊƳ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ ƛƴ /ŀƭƛŦƻǊƴƛŀΥ 9ȄǇƭƻǊƛƴƎ ƳƻŘƛŬŎŀǝƻƴ ōȅ 
ǊŜƎƛƻƴ ŀƴŘ ƳŀǘŜǊƴŀƭ ŎƘŀǊŀŎǘŜǊƛǎǝŎǎ 

лтκлмκмт 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ tŜǊŎŜƴǘ ŎƘŀƴƎŜ ƛƴ ƻŘŘǎΥ пΦф όǇŜǊ Lvwύ 
όнΦсΣ тΦоύ 
¢мΣ ¢[.²Σ tŜǊŎŜƴǘ ŎƘŀƴƎŜ ƛƴ ƻŘŘǎΥ нΦо όǇŜǊ Lvwύ όлΦтΣ оΦфύ 
¢нΣ tŜǊŎŜƴǘ ŎƘŀƴƎŜ ƛƴ ƻŘŘǎΥ нΦр όǇŜǊ Lvwύ όлΦтΣ пΦоύ 
¢оΣ tŜǊŎŜƴǘ ŎƘŀƴƎŜ ƛƴ ƻŘŘǎΥ πлΦп όǇŜǊ Lvwύ όπнΦнΣ мΦрύ 
 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢.² όƎύΥ πмлΦт όǇŜǊ LvwΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ 
όπмнΦнΣ πфΦнύ 
¢мΣ ¢.² όƎύΥ πсΦт όǇŜǊ Lvwύ όπтΦуΣ πрΦсύ 
¢нΣ ¢.² όƎύΥ πоΦн όǇŜǊ Lvwύ όπпΦпΣ πнΦмύ 
¢оΣ ¢.² όƎύΥ πлΦн όǇŜǊ Lvwύ όπмΦпΣ мΦлύ 

      /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκнуструтпκ 

https://pubmed.ncbi.nlm.nih.gov/30075861/
https://pubmed.ncbi.nlm.nih.gov/30075861/
https://pubmed.ncbi.nlm.nih.gov/30157858/
https://pubmed.ncbi.nlm.nih.gov/30157858/
https://pubmed.ncbi.nlm.nih.gov/28732119/
https://pubmed.ncbi.nlm.nih.gov/28732119/
https://pubmed.ncbi.nlm.nih.gov/28675874/
https://pubmed.ncbi.nlm.nih.gov/28675874/


 
 

 

омф 

[ŀǳǊŜƴǘ 
нлмс 

! {ǘŀǘŜǿƛŘŜ bŜǎǘŜŘ /ŀǎŜς/ƻƴǘǊƻƭ {ǘǳŘȅ ƻŦ tǊŜǘŜǊƳ .ƛǊǘƘ ŀƴŘ 
!ƛǊ tƻƭƭǳǝƻƴ ōȅ {ƻǳǊŎŜ ŀƴŘ /ƻƳǇƻǎƛǝƻƴΥ /ŀƭƛŦƻǊƴƛŀΣ нллмς
нллу 

лфκлмκмс 

t¢.Υ мΦмоо όǇŜǊ LvwΣ hwύ όмΦммуΣ мΦмпуύ 
t¢.Υ мΦмнл όhоύ όмΦмлсΣ мΦмопύ 
t¢.Υ мΦмоф όbhнύ όмΦмноΣ мΦмррύ 
Ƴt¢.Υ мΦмоу όмΦммфΣ мΦмрсύ 
Ǿt¢.Υ мΦмлн όмΦлтмΣ мΦмопύ 

t¢.Υ мΦлтф όǇŜǊ LvwΣ hwύ όмΦлсрΣ мΦлфоύ 
t¢.Υ лΦфус όtaнΦрύ όлΦфтмΣ мΦллмύ 
t¢.Υ мΦлуо όhоύ όмΦлсфΣ мΦлфуύ 
Ƴt¢.Υ мΦлтт όмΦлсмΣ мΦлфпύ 
Ǿt¢.Υ мΦлпу όмΦлмуΣ мΦлулύ 

t¢.Υ мΦлфс όǇŜǊ LvwΣ hwύ όмΦлурΣ мΦмлуύ 
t¢.Υ мΦмлл όtaнΦрύ όмΦлууΣ мΦммнύ 
t¢.Υ мΦлфс όbhнύ όмΦлуоΣ мΦмлуύ 
Ƴt¢.Υ мΦлтп όмΦлслΣ мΦлуфύ 
Ǿt¢.Υ мΦлсл όмΦлопΣ мΦлусύ 

  /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκŜƘǇΦƴƛŜƘǎΦƴƛƘΦƎƻǾκ
ŘƻƛκмлΦмнуфκŜƘǇΦмрмлмоо 

²ǳ нлмс 
!ŘǾŜǊǎŜ wŜǇǊƻŘǳŎǝǾŜ IŜŀƭǘƘ hǳǘŎƻƳŜǎ ŀƴŘ 9ȄǇƻǎǳǊŜ ǘƻ 
DŀǎŜƻǳǎ ŀƴŘ tŀǊǝŎǳƭŀǘŜπaŀǧŜǊ !ƛǊ tƻƭƭǳǝƻƴ ƛƴ tǊŜƎƴŀƴǘ 
²ƻƳŜƴ 

лтκлмκмс 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.²Υ лΦфун όǇŜǊ LvwΣ hwύ όлΦфрсΣ 
мΦллфύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦмтн όмΦмруΣ мΦмутύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.²Υ лΦффм όǇŜǊ LvwΣ hwύ όлΦфслΣ 
мΦлннύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦмлт όмΦлфоΣ мΦмнмύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.²Υ мΦлор όǇŜǊ LvwΣ hwύ όмΦлмтΣ 
мΦлрпύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦлут όмΦлтрΣ мΦлфуύ 

  /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ

ƴƛƘΦƎƻǾκнфсрфнофκ 

[ŀǳǊŜƴǘ 
нлмс 

[ƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ ŀƴŘ ŀƛǊ Ǉƻƭƭǳǝƻƴ ƛƴ /ŀƭƛŦƻǊƴƛŀΥ ²ƘƛŎƘ ǎƻǳǊŎŜǎ 
ŀƴŘ ŎƻƳǇƻƴŜƴǘǎ ŘǊƛǾŜ ǘƘŜ ǊƛǎƪΚ 

лрκлуκмс 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ лΦфун όǇŜǊ LvwΣ hwύ όлΦфрсΣ мΦллфύ 
¢мΥ лΦфул όлΦфспΣ лΦффсύ 
¢нΥ лΦфут όлΦфтнΣ мΦллоύ 
¢оΥ лΦффп όлΦфттΣ мΦлмнύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ лΦффм όǇŜǊ LvwΣ hwύ όлΦфслΣ мΦлннύ 
¢мΥ лΦфтм όлΦфроΣ лΦффлύ 
¢нΥ лΦфус όлΦфстΣ мΦллсύ 
¢оΥ мΦлмр όлΦффсΣ мΦлорύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦлор όǇŜǊ LvwΣ hwύ όмΦлмтΣ мΦлрпύ 
¢мΥ мΦллф όмΦллмΣ мΦлмуύ 
¢нΥ мΦлмо όмΦллрΣ мΦлнмύ 
¢оΥ лΦффф όлΦффмΣ мΦллтύ 

  /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǿǿǿΦŜƳōŀǎŜΦŎƻƳκ
ǊŜŎƻǊŘǎΚǎǳōŀŎǝƻƴҐǾƛŜǿǊŜ
ŎƻǊŘϧƛŘҐ[смлннспрп 

[ƛ нлмс 
{Ǉŀǝŀƭ ǾŀǊƛŀōƛƭƛǘȅ ƻŦ ǘƘŜ ŜũŜŎǘ ƻŦ ŀƛǊ Ǉƻƭƭǳǝƻƴ ƻƴ ǘŜǊƳ ōƛǊǘƘ 
ǿŜƛƎƘǘΥ 9ǾŀƭǳŀǝƴƎ ƛƴƅǳŜƴǝŀƭ ŦŀŎǘƻǊǎ ǳǎƛƴƎ .ŀȅŜǎƛŀƴ 
ƘƛŜǊŀǊŎƘƛŎŀƭ ƳƻŘŜƭǎ 

лоκлрκмс   

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢.² όƎύΥ ҍмΦуф όǇŜǊ ǇǇōΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ 
όҍнΦноΣ ҍмΦррύ 
¢мΥ ҍлΦфф όҍмΦофΣ ҍлΦрфύ 
¢нΥ ҍлΦтф όҍмΦнсΣ ҍлΦонύ 
¢оΥ ҍмΦнт όҍмΦтнΣ ҍлΦунύ 

    [ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκнсурлнсуκ 

/ƻǎǎƛ нлмр 
wƻƭŜ ƻŦ ƛƴŦŀƴǘ ǎŜȄ ƛƴ ǘƘŜ ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ 
ǇǊŜǘŜǊƳ ōƛǊǘƘΦ 

мнκлтκмр 

¢нΣ aŀƭŜǎΣ t¢. όғотǿύΥ мΦнм όIƛƎƘŜǎǘ ǉǳŀǊǝƭŜ Ǿǎ [ƻǿŜǊ о 
ǉǳŀǊǝƭŜǎΣ hwύ όмΦмсΣ мΦнсύ 
¢нΣ aŀƭŜǎ όопπосǿύΥ мΦмн όмΦлтΣ мΦмтύ 
¢нΣ aŀƭŜǎ όонπооǿύΥ мΦмр όмΦлпΣ мΦнтύ 
¢нΣ aŀƭŜǎ όнуπомǿύΥ мΦрп όмΦосΣ мΦтпύ 
¢нΣ aŀƭŜǎ όнлπнтǿύΥ нΦсл όнΦмфΣ оΦлфύ 
¢нΣ CŜƳŀƭŜǎ όғотǿύΥ мΦмс όIƛƎƘŜǎǘ ǉǳŀǊǝƭŜ Ǿǎ [ƻǿŜǊ о 

ǉǳŀǊǝƭŜǎύ όмΦммΣ мΦнмύ 
¢нΣ CŜƳŀƭŜǎ όопπосǿύΥ мΦлс όмΦлмΣ мΦммύ 
¢нΣ CŜƳŀƭŜǎ όонπооǿύΥ мΦну όмΦмрΣ мΦпоύ 
¢нΣ CŜƳŀƭŜǎ όнуπомǿύΥ мΦрт όмΦотΣ мΦулύ 
¢нΣ CŜƳŀƭŜǎ όнлπнтǿύΥ нΦнт όмΦутΣ нΦтрύ 

¢нΣ aŀƭŜǎΣ t¢. όғотǿύΥ мΦмм όIƛƎƘŜǎǘ ǉǳŀǊǝƭŜ Ǿǎ [ƻǿŜǊ о 
ǉǳŀǊǝƭŜǎΣ hwύ όмΦлтΣ мΦмсύ 
¢нΣ aŀƭŜǎ όопπосǿύΥ мΦлт όмΦлоΣ мΦмнύ 
¢нΣ aŀƭŜǎ όонπооǿύΥ мΦлт όлΦфсΣ мΦмуύ 
¢нΣ aŀƭŜǎ όнуπомǿύΥ мΦмл όлΦфтΣ мΦнрύ 
¢нΣ aŀƭŜǎ όнлπнтǿύΥ мΦун όмΦрнΣ нΦмтύ 
¢нΣ CŜƳŀƭŜǎ όғотǿύΥ мΦлу όIƛƎƘŜǎǘ ǉǳŀǊǝƭŜ Ǿǎ [ƻǿŜǊ о 

ǉǳŀǊǝƭŜǎύ όмΦлоΣ мΦмнύ 
¢нΣ CŜƳŀƭŜǎ όопπосǿύΥ мΦлс όмΦлмΣ мΦммύ 
¢нΣ CŜƳŀƭŜǎ όонπооǿύΥ мΦлт όлΦфсΣ мΦмфύ 
¢нΣ CŜƳŀƭŜǎ όнуπомǿύΥ мΦмо όлΦффΣ мΦолύ 
¢нΣ CŜƳŀƭŜǎ όнлπнтǿύΥ мΦом όмΦлтΣ мΦсмύ 

    
CǊŜǎƴƻΣ YŜǊƴΣ {ǘŀƴƛǎƭŀǳǎΣ 
ŀƴŘ {ŀƴ Wƻŀǉǳƛƴ ŎƻǳƴǝŜǎ 

  
ƘǧǇǎΥκκǿǿǿΦƴŎōƛΦƴƭƳΦƴƛƘΦ
ƎƻǾκǇƳŎκŀǊǝŎƭŜǎκta/пст
мпууκ 

tŀŘǳƭŀ нлмр 
¢ǊŀŶŎπǊŜƭŀǘŜŘ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ Ǌƛǎƪ ƻŦ ǇǊŜǘŜǊƳ ōƛǊǘƘ ƛƴ ǘƘŜ {ŀƴ 
Wƻŀǉǳƛƴ ±ŀƭƭŜȅ ƻŦ /ŀƭƛŦƻǊƴƛŀΦ 

мнκлмκмр 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢. όопπосǿύΥ мΦнт όIƛƎƘŜǎǘ ǉǳŀǊǝƭŜ Ǿǎ 
[ƻǿŜǊ о ǉǳŀǊǝƭŜǎΣ hwύ όмΦноΣ мΦомύ 
онπооΥ мΦрс όмΦппΣ мΦсуύ 
нуπомΥ мΦсн όмΦптΣ мΦтуύ 
нпπнтΥ мΦфс όмΦсуΣ нΦолύ 
нлπноΥ мΦлу όлΦурΣ мΦоуύ 
 
¢м 
опπосΥ мΦло όмΦллΣ мΦлсύ 
онπооΥ лΦфс όлΦуфΣ мΦлоύ 
нуπомΥ лΦфп όлΦусΣ мΦлпύ 
нпπнтΥ лΦту όлΦссΣ лΦфмύ 
нлπноΥ лΦсп όлΦрмΣ лΦумύ 
 
¢н 
опπосΥ мΦлф όмΦлрΣ мΦмнύ 
онπооΥ мΦнм όмΦмнΣ мΦолύ 
нуπомΥ мΦрр όмΦпмΣ мΦтлύ 
нпπнтΥ нΦмп όмΦупΣ нΦрлύ 
нлπноΥ нΦуо όнΦнфΣ оΦрлύ 
 
¢о 
опπосΥ лΦфс όлΦфоΣ мΦллύ 
онπооΥ мΦло όлΦфсΣ мΦмнύ 
нуπомΥ мΦоп όмΦннΣ мΦпуύ 
 

[ŀǎǘ ƳƻƴǘƘ ƻŦ ǇǊŜƎƴŀƴŎȅ  
опπосΥ лΦфу όлΦфпΣ мΦлмύ 
онπооΥ мΦмр όмΦлсΣ мΦнпύ 
нуπомΥ мΦол όмΦмфΣ мΦпоύ 
нпπнтΥ нΦлр όмΦтрΣ нΦофύ 
нлπноΥ нΦуп όнΦнфΣ оΦрнύ 
 
[ŀǎǘ сǿ ƻŦ ǇǊŜƎƴŀƴŎȅ 
опπосΥ мΦлм όлΦфтΣ мΦлпύ 
онπооΥ мΦмс όмΦлуΣ мΦнрύ 
нуπомΥ мΦрм όмΦотΣ мΦсрύ 
нпπнтΥ нΦмф όмΦутΣ нΦррύ 
нлπноΥ нΦсф όнΦмуΣ оΦооύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢. όопπосǿύΥ мΦнт όIƛƎƘŜǎǘ ǉǳŀǊǝƭŜ Ǿǎ 
[ƻǿŜǊ о ǉǳŀǊǝƭŜǎΣ hwύ όмΦлсΣ мΦмпύ 
онπооΥ мΦрс όмΦлсΣ мΦнпύ 
нуπомΥ мΦсн όлΦфтΣ мΦмуύ 
нпπнтΥ мΦфс όлΦфмΣ мΦнуύ 
нлπноΥ мΦлу όлΦсфΣ мΦмнύ 
 
¢м 
опπосΥ мΦло όлΦффΣ мΦлрύ 
онπооΥ лΦфс όлΦфмΣ мΦлрύ 
нуπомΥ лΦфп όлΦфлΣ мΦлуύ 
нпπнтΥ лΦту όлΦсфΣ лΦфсύ 
нлπноΥ лΦсп όлΦппΣ лΦтнύ 
 
¢н 
опπосΥ мΦлф όмΦлоΣ мΦмлύ 
онπооΥ мΦнм όлΦффΣ мΦмрύ 
нуπомΥ мΦрр όмΦлмΣ мΦннύ 
нпπнтΥ нΦмп όмΦмуΣ мΦсмύ 
нлπноΥ нΦуо όмΦрнΣ нΦпнύ 
 
¢о 
опπосΥ лΦфс όлΦфуΣ мΦлпύ 
онπооΥ мΦло όлΦффΣ мΦмрύ 
нуπомΥ мΦоп όлΦфпΣ мΦмрύ 
 

[ŀǎǘ ƳƻƴǘƘ ƻŦ ǇǊŜƎƴŀƴŎȅ  
опπосΥ лΦфу όлΦфрΣ мΦлмύ 
онπооΥ мΦмр όмΦллΣ мΦмсύ 
нуπомΥ мΦол όлΦурΣ мΦлпύ 
нпπнтΥ нΦлр όлΦфуΣ мΦорύ 
нлπноΥ нΦуп όмΦунΣ нΦттύ 
 
[ŀǎǘ сǿ ƻŦ ǇǊŜƎƴŀƴŎȅ 
опπосΥ мΦлм όлΦфуΣ мΦлпύ 
онπооΥ мΦмс όлΦфсΣ мΦмнύ 
нуπомΥ мΦрм όлΦурΣ мΦлоύ 
нпπнтΥ нΦмф όмΦмфΣ мΦснύ 
нлπноΥ нΦсф όмΦурΣ нΦуоύ 

    
CǊŜǎƴƻΣ YŜǊƴΣ {ǘŀƴƛǎƭŀǳǎ 
ŀƴŘ {ŀƴ Wƻŀǉǳƛƴ ŎƻǳƴǝŜǎ 

  
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκнрпрооптκ 

/ƻƪŜǊ нлмр 
aƻŘŜƭƛƴƎ ǎǇŀǝŀƭ ŜũŜŎǘǎ ƻŦ taόнΦрύ ƻƴ ǘŜǊƳ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ 
ƛƴ [ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅ 

лтκмуκмр ¢[.²Υ мΦмф όǇŜǊ мл ҡƎκƳоΣ hwύ όмΦлнΣ мΦофύ       [ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκнсмфстулκ 

[ŀǳǊŜƴǘ 
нлмп 

{ƻǳǊŎŜǎ ŀƴŘ ŎƻƴǘŜƴǘǎ ƻŦ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀũŜŎǝƴƎ ǘŜǊƳ ƭƻǿ ōƛǊǘƘ 
ǿŜƛƎƘǘ ƛƴ [ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅΣ /ŀƭƛŦƻǊƴƛŀΣ нллмπнллу 

лтκнфκмп 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦлнл όǇŜǊ LvwΣ hwύ όмΦлмлΣ мΦломύ 
¢мΥ мΦлмо όмΦллоΣ мΦлннύ 
¢нΥ мΦлмо όмΦллпΣ мΦлноύ 
¢оΥ мΦлмо όмΦллпΣ мΦлннύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦллу όǇŜǊ LvwΣ hwύ όлΦфффΣ мΦлмтύ 
¢мΥ лΦффо όлΦфупΣ мΦллнύ 
¢нΥ мΦллм όлΦффнΣ мΦлмлύ 
¢оΥ мΦлнн όмΦлмоΣ мΦломύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ лΦффн όǇŜǊ LvwΣ hwύ όлΦфупΣ мΦллмύ 
¢мΥ мΦллу όлΦффуΣ мΦлмуύ 
¢нΥ мΦлло όлΦффоΣ мΦлмнύ 
¢оΥ лΦфтф όлΦфтлΣ лΦфууύ 

  [ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅ   
ƘǧǇǎΥκκǿǿǿΦŜƳōŀǎŜΦŎƻƳκ
ǊŜŎƻǊŘǎΚǎǳōŀŎǝƻƴҐǾƛŜǿǊŜ
ŎƻǊŘϧƛŘҐ[слммософм 

.ŀǎǳ нлмо 
9ũŜŎǘǎ ƻŦ ŬƴŜ ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊ ŀƴŘ ƛǘǎ ŎƻƴǎǝǘǳŜƴǘǎ ƻƴ ƭƻǿ 
ōƛǊǘƘ ǿŜƛƎƘǘ ŀƳƻƴƎ ŦǳƭƭπǘŜǊƳ ƛƴŦŀƴǘǎ ƛƴ /ŀƭƛŦƻǊƴƛŀ 

мнκмтκмо 
.ƛǊǘƘ ǿŜƛƎƘǘΥ  πт όǇŜǊ LvwΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ ό πфΣ πпύ 
[.²Υ  м όǇŜǊ LvwΣ ҈ ŎƘŀƴƎŜ ƛƴ ƻŘŘǎύ ό πнΣ рύ 

      /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκнпорфтлфκ 

[ŀǳǊŜƴǘ 
нлмо 

LƴǾŜǎǝƎŀǝƴƎ ǘƘŜ ŀǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ōƛǊǘƘ ǿŜƛƎƘǘ ŀƴŘ 
ŎƻƳǇƭŜƳŜƴǘŀǊȅ ŀƛǊ Ǉƻƭƭǳǝƻƴ ƳŜǘǊƛŎǎΥ ŀ ŎƻƘƻǊǘ ǎǘǳŘȅΦ 

лнκмтκмо 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ /![Lb9п ǇǊŜŘƛŎǝƻƴǎΣ [.²Υ лΦфф όǇŜǊ 
LvwΣ hwύ όлΦфнΣ мΦлсύ 
aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ рΦфп όнΦонΣ фΦртύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ aƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴ ƳŜŀǎǳǊŜƳŜƴǘǎΥ лΦфо 
όлΦупΣ мΦлнύ 
aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ нсΦуо όнмΦрсΣ онΦммύ 
¢мΣ aƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴ ƳŜŀǎǳǊŜƳŜƴǘǎΥ лΦфу όлΦфлΣ мΦлтύ 
aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ мрΦон όмлΦснΣ нлΦлнύ 
¢нΣ aƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴ ƳŜŀǎǳǊŜƳŜƴǘǎΥ лΦфо όлΦусΣ мΦлнύ 
aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ муΦфф όмпΦорΣ ноΦсоύ 
¢оΣ aƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴ ƳŜŀǎǳǊŜƳŜƴǘǎΥ лΦфп όлΦусΣ мΦлнύ 
aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ мрΦос όмлΦупΣ мфΦуфύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [¦wΣ [.²Υ лΦфп όǇŜǊ LvwΣ hwύ όлΦусΣ 
мΦлнύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [¦wΣ aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ мсΦрф 
όмнΦлмΣ нмΦмсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ aƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴ ƳŜŀǎǳǊŜƳŜƴǘǎΥ лΦур 
όлΦтсΣ лΦфпύ 
aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ осΦнп όолΦрлΣ пмΦфуύ 
¢мΣ aƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴ ƳŜŀǎǳǊŜƳŜƴǘǎΥ лΦфн όлΦупΣ мΦллύ 

aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ мтΦму όмнΦроΣ нмΦуоύ 
¢нΣ aƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴ ƳŜŀǎǳǊŜƳŜƴǘǎΥ лΦуу όлΦулΣ лΦфсύ 
aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ нпΦсн όмфΦупΣ нфΦпмύ 
¢оΣ aƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴ ƳŜŀǎǳǊŜƳŜƴǘǎΥ лΦфо όлΦусΣ мΦлнύ 

aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ нлΦфн όмсΦммΣ нрΦтоύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ aƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴ ƳŜŀǎǳǊŜƳŜƴǘǎΣ 
[.²Υ мΦмо όǇŜǊ LvwΣ hwύ όмΦлнΣ мΦнрύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ aƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴ ƳŜŀǎǳǊŜƳŜƴǘǎΣ 
aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ πомΦос όπосΦунΣ πнрΦуфύ 
¢мΣ aƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴ ƳŜŀǎǳǊŜƳŜƴǘǎΥ мΦло όлΦфпΣ мΦмоύ 
aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ πмоΦрн όπмуΦсфΣ πуΦопύ 
¢нΣ aƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴ ƳŜŀǎǳǊŜƳŜƴǘǎΥ мΦмн όмΦлнΣ мΦноύ 
aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ πноΦро όπнуΦтоΣ πмуΦонύ 
¢оΣ aƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴ ƳŜŀǎǳǊŜƳŜƴǘǎΥ мΦлт όлΦфуΣ мΦмтύ 
aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ πмтΦун όπннΦфуΣ πмнΦссύ 

  
[ƻǎ !ƴƎŜƭŜǎ ŀƴŘ hǊŀƴƎŜ 
ŎƻǳƴǝŜǎ 

  
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκнопмофснκ 

/ƻƪŜǊ нлмн 
/ƻƳǇŀǊƛƴƎ ŜȄǇƻǎǳǊŜ ŀǎǎŜǎǎƳŜƴǘ ƳŜǘƘƻŘǎ ŦƻǊ ǘǊŀŶŎπǊŜƭŀǘŜŘ 
ŀƛǊ Ǉƻƭƭǳǝƻƴ ƛƴ ŀƴ ŀŘǾŜǊǎŜ ǇǊŜƎƴŀƴŎȅ ƻǳǘŎƻƳŜ ǎǘǳŘȅ 

лтκлмκмн 

t¢. 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ /![Lb9пΣ [ƻǎ !ƴƎŜƭŜǎΥ мΦлп όǇŜǊ LvwΣ 
hwύ όмΦллΣ мΦлуύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ /![Lb9пΣ hǊŀƴƎŜ /ƻǳƴǘȅΥ мΦлн όлΦфтΣ 
мΦлтύ 

t¢. 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¦ƴŀŘƧǳǎǘŜŘ [¦wΣ [!Σ t¢.Υ мΦлт όǇŜǊ LvwΣ 
hwύ όмΦлнΣ мΦмоύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¦ƴŀŘƧǳǎǘŜŘ [¦wΣ h/Υ лΦфт όлΦфнΣ мΦлмύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢ŜƳǇƻǊŀƭƭȅ ŀŘƧǳǎǘŜŘ [¦wΣ [!Υ лΦфн όлΦурΣ 
лΦфуύ 

t¢. 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Σ t¢.Υ 
мΦлл όǇŜǊ LvwΣ hwύ όлΦфлΣ мΦмлύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦлп 
όлΦфлΣ мΦмлύ 

  
[ƻǎ !ƴƎŜƭŜǎ ŀƴŘ hǊŀƴƎŜ 
/ƻǳƴǝŜǎ 

  
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκнмпрофмоκ 

https://ehp.niehs.nih.gov/doi/10.1289/ehp.1510133
https://ehp.niehs.nih.gov/doi/10.1289/ehp.1510133
https://pubmed.ncbi.nlm.nih.gov/29659239/
https://pubmed.ncbi.nlm.nih.gov/29659239/
https://www.embase.com/records?subaction=viewrecord&id=L610226454
https://www.embase.com/records?subaction=viewrecord&id=L610226454
https://www.embase.com/records?subaction=viewrecord&id=L610226454
https://pubmed.ncbi.nlm.nih.gov/26850268/
https://pubmed.ncbi.nlm.nih.gov/26850268/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4671488/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4671488/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4671488/
https://pubmed.ncbi.nlm.nih.gov/25453347/
https://pubmed.ncbi.nlm.nih.gov/25453347/
https://pubmed.ncbi.nlm.nih.gov/26196780/
https://pubmed.ncbi.nlm.nih.gov/26196780/
https://www.embase.com/records?subaction=viewrecord&id=L601136391
https://www.embase.com/records?subaction=viewrecord&id=L601136391
https://www.embase.com/records?subaction=viewrecord&id=L601136391
https://pubmed.ncbi.nlm.nih.gov/24359709/
https://pubmed.ncbi.nlm.nih.gov/24359709/
https://pubmed.ncbi.nlm.nih.gov/23413962/
https://pubmed.ncbi.nlm.nih.gov/23413962/
https://pubmed.ncbi.nlm.nih.gov/21453913/
https://pubmed.ncbi.nlm.nih.gov/21453913/


 
 

 

онл 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦлп 
όлΦфпΣ мΦмрύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦлф 
όмΦллΣ мΦнлύ 
 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ /![Lb9пΣ [!Υ мΦло όǇŜǊ ҡƎκƳоΣ hwύ 
όмΦллΣ мΦлсύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ /![Lb9пΣ h/Υ мΦлм όлΦфуΣ мΦлрύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦлм 
όлΦффΣ мΦлоύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦлн 
όмΦллΣ мΦлпύ 
 
¢мΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦло όǇŜǊ LvwΣ hwύ 
όлΦфтΣ мΦмлύ 
¢мΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦло όлΦфсΣ мΦммύ 
¢нΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦлл όлΦфоΣ мΦлтύ 
¢нΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦло όлΦфсΣ мΦммύ 
 
hƴŜ ƳƻƴǘƘ ōŜŦƻǊŜ ōƛǊǘƘΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ 
лΦфу όǇŜǊ LvwΣ hwύ όлΦфпΣ мΦлоύ 
hƴŜ ƳƻƴǘƘ ōŜŦƻǊŜ ōƛǊǘƘΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ 
мΦлр όлΦффΣ мΦммύ 
 
ǾŜǊȅ t¢. 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ /![Lb9пΣ [!Υ мΦмт όмΦлсΣ мΦнфύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ /![Lb9пΣ h/Υ мΦмс όмΦлмΣ мΦопύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦло 
όлΦумΣ мΦолύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦоо 
όлΦффΣ мΦттύ 
 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ /![Lb9пΣ [!Υ мΦмн όǇŜǊ ҡƎκƳоΣ hwύ 
όмΦлпΣ мΦнмύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ /![Lb9пΣ h/Υ мΦмн όмΦлмΣ мΦнпύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦлм 
όлΦфсΣ мΦлрύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦлс 
όмΦллΣ мΦмнύ 
 
¢мΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦлр όǇŜǊ LvwΣ hwύ 
όлΦууΣ мΦнрύ 
¢мΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦоо όмΦлрΣ мΦсфύ 
¢нΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦлл όлΦуоΣ мΦнмύ 
¢нΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦмт όлΦфмΣ мΦрмύ 
hƴŜ ƳƻƴǘƘ ōŜŦƻǊŜ ōƛǊǘƘΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ 
лΦфф όлΦусΣ мΦмпύ 
hƴŜ ƳƻƴǘƘ ōŜŦƻǊŜ ōƛǊǘƘΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ 
мΦлп όлΦурΣ мΦнуύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢ŜƳǇƻǊŀƭƭȅ ŀŘƧǳǎǘŜŘ [¦wΣ h/Υ лΦфр 
όлΦурΣ лΦфуύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦлс 
όлΦурΣ лΦфуύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦмо 
όмΦлнΣ мΦнрύ 
 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¦ƴŀŘƧǳǎǘŜŘ [¦wΣ [!Υ мΦлф όǇŜǊ р ǇǇōΣ 
hwύ όмΦлоΣ мΦмрύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¦ƴŀŘƧǳǎǘŜŘ [¦wΣ h/Υ лΦфс όлΦфмΣ мΦлнύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢ŜƳǇƻǊŀƭƭȅ ŀŘƧǳǎǘŜŘ [¦wΣ [!Υ лΦфр όлΦфнΣ 
лΦффύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢ŜƳǇƻǊŀƭƭȅ ŀŘƧǳǎǘŜŘ [¦wΣ h/Υ лΦфт 
όлΦфпΣ мΦлмύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦлн 
όлΦфуΣ мΦлтύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦлр 
όмΦлмΣ мΦмлύ 
 
¢мΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦло όǇŜǊ LvwΣ hwύ 
όмΦлмΣ мΦмлύ 
¢мΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦло όлΦфсΣ мΦммύ 
¢нΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦлт όмΦлнΣ мΦммύ 
¢нΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦлм όлΦфпΣ мΦлуύ 
hƴŜ ƳƻƴǘƘ ōŜŦƻǊŜ ōƛǊǘƘΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ 
мΦлп όмΦлмΣ мΦлуύ 
hƴŜ ƳƻƴǘƘ ōŜŦƻǊŜ ōƛǊǘƘΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ 
мΦлп όлΦфуΣ мΦлфύ 
 

ǾŜǊȅ t¢.Υ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¦ƴŀŘƧǳǎǘŜŘ [¦wΣ [!Υ мΦпн όǇŜǊ LvwΣ hwύ 
όмΦнпΣ мΦснύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¦ƴŀŘƧǳǎǘŜŘ [¦wΣ h/Υ мΦлм όлΦурΣ мΦнлύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢ŜƳǇƻǊŀƭƭȅ ŀŘƧǳǎǘŜŘ [¦wΣ [!Υ мΦлп όлΦутΣ 
мΦнпύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢ŜƳǇƻǊŀƭƭȅ ŀŘƧǳǎǘŜŘ [¦wΣ h/Υ мΦло 
όлΦупΣ мΦнсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦпс 
όмΦммΣ мΦфнύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦпо 
όмΦлнΣ нΦлмύ 
 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¦ƴŀŘƧǳǎǘŜŘ [¦wΣ [!Υ мΦрл όǇŜǊ р ǇǇōΣ 
hwύ όмΦнуΣ мΦтсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¦ƴŀŘƧǳǎǘŜŘ [¦wΣ h/Υ мΦлм όлΦуоΣ мΦноύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢ŜƳǇƻǊŀƭƭȅ ŀŘƧǳǎǘŜŘ [¦wΣ [!Υ мΦлн όлΦфоΣ 
мΦмнύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢ŜƳǇƻǊŀƭƭȅ ŀŘƧǳǎǘŜŘ [¦wΣ h/Υ мΦлм 
όлΦфмΣ мΦмоύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦмт 
όмΦлпΣ мΦонύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦмс 
όмΦлмΣ мΦопύ 
 
¢мΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦнн όǇŜǊ LvwΣ hwύ 
όмΦмлΣ мΦорύ 
¢мΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦмр όлΦфнΣ мΦппύ 
¢нΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦнм όмΦлуΣ мΦорύ 
¢нΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦнл όлΦфрΣ мΦрнύ 
hƴŜ ƳƻƴǘƘ ōŜŦƻǊŜ ōƛǊǘƘΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ 
мΦмн όмΦлнΣ мΦноύ 
hƴŜ ƳƻƴǘƘ ōŜŦƻǊŜ ōƛǊǘƘΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ 
мΦмр όлΦфоΣ мΦпнύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦлл 
όǇŜǊ р ǇǇōΣ hwύ όлΦфсΣ мΦлпύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦлн 
όлΦфтΣ мΦлтύ 
¢мΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ лΦфф όǇŜǊ LvwΣ hwύ 
όлΦфнΣ мΦлтύ 
¢мΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦлс όлΦффΣ мΦмрύ 

¢нΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦлн όлΦфрΣ мΦмлύ 
¢нΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦлн όлΦфрΣ мΦммύ 
hƴŜ ƳƻƴǘƘ ōŜŦƻǊŜ ōƛǊǘƘΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ 
мΦлп όмΦлмΣ мΦлуύ 
hƴŜ ƳƻƴǘƘ ōŜŦƻǊŜ ōƛǊǘƘΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ 
мΦлп όлΦфуΣ мΦлфύ 
 
ǾŜǊȅ t¢. 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ лΦфт 
όǇŜǊ LvwΣ hwύ όлΦттΣ мΦнпύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦнл 
όлΦурΣ мΦсфύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ лΦфф 
όǇŜǊ р ǇǇōΣ hwύ όлΦуфΣ мΦмлύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦлу 
όлΦфоΣ мΦнсύ 
¢мΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ лΦфр όǇŜǊ LvwΣ hwύ 
όлΦтфΣ мΦмрύ 
¢мΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦмл όлΦурΣ мΦпнύ 
¢нΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ мΦлн όлΦурΣ мΦнпύ 
¢нΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ мΦмо όлΦутΣ мΦпуύ 
hƴŜ ƳƻƴǘƘ ōŜŦƻǊŜ ōƛǊǘƘΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ [!Υ 

мΦлм όлΦусΣ мΦмфύ 
hƴŜ ƳƻƴǘƘ ōŜŦƻǊŜ ōƛǊǘƘΣ bŜŀǊŜǎǘ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ h/Υ 
мΦмм όлΦуфΣ мΦоуύ 

DƘƻǎƘ нлмн 
!ǎǎŜǎǎƛƴƎ ǘƘŜ ƛƴƅǳŜƴŎŜ ƻŦ ǘǊŀŶŎπǊŜƭŀǘŜŘ ŀƛǊ Ǉƻƭƭǳǝƻƴ ƻƴ Ǌƛǎƪ 
ƻŦ ǘŜǊƳ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ ƻƴ ǘƘŜ ōŀǎƛǎ ƻŦ ƭŀƴŘπǳǎŜπōŀǎŜŘ 
ǊŜƎǊŜǎǎƛƻƴ ƳƻŘŜƭǎ ŀƴŘ ƳŜŀǎǳǊŜǎ ƻŦ ŀƛǊ ǘƻȄƛŎǎ 

лрκмоκмн ¢оΣ ¢[.²Υ  мΦлп όǇŜǊ LvwΣ hwύ όмΦллΣ мΦлтύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ {ŜŀǎƻƴŀƭƛȊŜŘ [¦w 9ȄǇƻǎǳǊŜ 9ǎǝƳŀǘŜΣ 
¢[.²Υ мΦлп όǇŜǊ млǇǇōΣ hwύ όмΦллΣ мΦлуύ 
aƻƴƛǘƻǊƛƴƎ {ǘŀǝƻƴ /ǊƛǘŜǊƛŀ tƻƭƭǳǘŀƴǘ 9ǎǝƳŀǘŜΥ мΦлн όлΦфтΣ 
мΦлтύ 
¢мΣ {ŜŀǎƻƴŀƭƛȊŜŘ [¦w 9ȄǇƻǎǳǊŜ 9ǎǝƳŀǘŜΥ мΦлн όлΦффΣ мΦлрύ 
¢мΣ aƻƴƛǘƻǊƛƴƎ {ǘŀǝƻƴ /ǊƛǘŜǊƛŀ tƻƭƭǳǘŀƴǘ 9ǎǝƳŀǘŜΥ мΦлл 
όлΦфсΣ мΦлоύ 
¢нΣ {ŜŀǎƻƴŀƭƛȊŜŘ [¦w 9ȄǇƻǎǳǊŜ 9ǎǝƳŀǘŜΥ мΦло όмΦллΣ мΦлсύ 
¢нΣ aƻƴƛǘƻǊƛƴƎ {ǘŀǝƻƴ /ǊƛǘŜǊƛŀ tƻƭƭǳǘŀƴǘ 9ǎǝƳŀǘŜΥ мΦлм 
όлΦфуΣ мΦлрύ 
¢оΣ {ŜŀǎƻƴŀƭƛȊŜŘ [¦w 9ȄǇƻǎǳǊŜ 9ǎǝƳŀǘŜΥ мΦлп όмΦллΣ мΦлтύ 
¢оΣ aƻƴƛǘƻǊƛƴƎ {ǘŀǝƻƴ /ǊƛǘŜǊƛŀ tƻƭƭǳǘŀƴǘ 9ǎǝƳŀǘŜΥ мΦлн 
όлΦффΣ мΦлсύ 
¢оΣ {ŜŀǎƻƴŀƭƛȊŜŘ [¦w 9ȄǇƻǎǳǊŜ 9ǎǝƳŀǘŜΥ мΦлп όǇŜǊ Lvwύ 
όмΦллΣ мΦлуύ 
¢оΥ мΦлп όмΦлмΣ мΦлтύ 

¦ƴǎŜŀǎƻƴŀƭƛȊŜŘ [¦w 9ȄǇƻǎǳǊŜ 9ǎǝƳŀǘŜΥ мΦлс όмΦлнΣ мΦлфύ 
bƻǘŜΥ ¦ƴǎŜŀǎƻƴŀƭƛȊŜŘ [¦w ƳŜǘǊƛŎǎ ǊŜǇǊŜǎŜƴǘ ŀƴƴǳŀƭ 
ŀǾŜǊŀƎŜ ŜȄǇƻǎǳǊŜǎΤ ǘƘŀǘ ƛǎΣ ŀƭƭ ǇǊŜƎƴŀƴŎȅ ǇŜǊƛƻŘǎ ǿƻǳƭŘ 
ǊŜŎŜƛǾŜ ǘƘŜ ǎŀƳŜ ŀƴƴǳŀƭ ǾŀƭǳŜ 

¢оΣ ¢[.²Υ лΦфт όǇŜǊ LvwΣ hwύ όлΦфпΣ мΦлмύ   [ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅ   
ƘǧǇǎΥκκǿǿǿΦŜƳōŀǎŜΦŎƻƳκ
ǊŜŎƻǊŘǎΚǎǳōŀŎǝƻƴҐǾƛŜǿǊŜ
ŎƻǊŘϧƛŘҐ[осрлноммс 

²ƛƭƘŜƭƳ 
нлмн 

¢ǊŀŶŎπǊŜƭŀǘŜŘ ŀƛǊ ǘƻȄƛŎǎ ŀƴŘ ǘŜǊƳ ƭƻǿ ōƛǊǘƘ ǿŜƛƎƘǘ ƛƴ [ƻǎ 
!ƴƎŜƭŜǎ /ƻǳƴǘȅΣ /ŀƭƛŦƻǊƴƛŀ 

лмκлмκмн 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.²Υ мΦлм όǇŜǊ LvwΣ hwύ όлΦфрΣ мΦлтύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.²Υ мΦлм όǇŜǊ р ҡƎκƳоΣ hwύ όлΦуфΣ 
мΦмрύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.²Υ лΦфп όǇŜǊ LvwΣ hwύ όлΦууΣ мΦлмύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦус όǇŜǊ млǇǇōΣ hwύ όлΦтоΣ мΦлнύ 
¦ƴǎŜŀǎƻƴŀƭƛȊŜŘ [¦wΥ мΦло όǇŜǊ LvwΣ hwύ όлΦфуΣ мΦлуύ 
¦ƴǎŜŀǎƻƴŀƭƛȊŜŘ [¦wΥ мΦлр όǇŜǊ млǇǇōΣ hwύ όлΦфрΣ мΦмтύ 
{ŜŀǎƻƴŀƭƛȊŜŘ [¦wΥ мΦлп όǇŜǊ LvwΣ hwύ όлΦфуΣ мΦммύ 
{ŜŀǎƻƴŀƭƛȊŜŘ [¦wΥ мΦлт όǇŜǊ млǇǇōΣ hwύ όлΦфтΣ мΦмуύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.²Υ лΦфс όǇŜǊ LvwΣ hwύ όлΦфлΣ мΦлнύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ ¢[.²Υ лΦфп όǇŜǊ млǇǇōΣ hwύ όлΦурΣ мΦлпύ 

  [ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅ   
ƘǧǇǎΥκκǿǿǿΦŜƳōŀǎŜΦŎƻƳκ
ǊŜŎƻǊŘǎΚǎǳōŀŎǝƻƴҐǾƛŜǿǊŜ
ŎƻǊŘϧƛŘҐ[осплнлоуп 

²ƛƭƘŜƭƳ 
нлмм 

¢ǊŀŶŎπǊŜƭŀǘŜŘ ŀƛǊ ǘƻȄƛŎǎ ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘΥ ! ǇƻǇǳƭŀǝƻƴπ
ōŀǎŜŘ ŎŀǎŜπŎƻƴǘǊƻƭ ǎǘǳŘȅ ƛƴ [ƻǎ !ƴƎŜƭŜǎ ŎƻǳƴǘȅΣ /ŀƭƛŦƻǊƴƛŀ 

лфκлтκмм 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ лΦфм όǇŜǊ LvwΣ hwύ όлΦууΣ лΦфпύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ лΦуп όǇŜǊ р ҡƎκƳоΣ hwύ όлΦтфΣ лΦуфύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ aǳƭǝ Ǉƻƭƭǳǘŀƴǘ ƳƻŘŜƭΥ мΦмм όǇŜǊ LvwΣ 
hwύ όмΦлнΣ мΦнлύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦлм όǇŜǊ LvwΣ hwύ όлΦфтΣ мΦлпύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦлм όǇŜǊ млǇǇōΣ hwύ όлΦфпΣ мΦлфύ 
{ŜŀǎƻƴŀƭƛȊŜŘ [¦wΥ лΦфт όǇŜǊ LvwΣ hwύ όлΦфпΣ мΦллύ 
{ŜŀǎƻƴŀƭƛȊŜŘ [¦wΥ лΦфр όǇŜǊ млǇǇōΣ hwύ όлΦфлΣ мΦллύ 
¦ƴǎŜŀǎƻƴŀƭƛȊŜŘ [¦wΥ мΦлп όǇŜǊ LvwΣ hwύ όмΦлнΣ мΦлтύ 
¦ƴǎŜŀǎƻƴŀƭƛȊŜŘ [¦wΥ мΦмл όǇŜǊ млǇǇōΣ hwύ όмΦлпΣ мΦмтύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦлн όǇŜǊ LvwΣ hwύ όлΦфуΣ мΦлрύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦлн όǇŜǊ млǇǇōΣ hwύ όлΦфуΣ мΦлтύ 

  [ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅ   
ƘǧǇǎΥκκǿǿǿΦŜƳōŀǎŜΦŎƻƳκ
ǊŜŎƻǊŘǎΚǎǳōŀŎǝƻƴҐǾƛŜǿǊŜ
ŎƻǊŘϧƛŘҐ[рмссллнп 

aƻǊŜƭƭƻπ
CǊƻǎŎƘ нлмл 

!ƳōƛŜƴǘ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŜȄǇƻǎǳǊŜ ŀƴŘ ŦǳƭƭπǘŜǊƳ ōƛǊǘƘ ǿŜƛƎƘǘ ƛƴ 
/ŀƭƛŦƻǊƴƛŀ 

лтκнуκмл 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .ƛǊǘƘǎ ǿƛǘƘƛƴ оƪƳ ƻŦ ŀ ƳƻƴƛǘƻǊΣ [.²Υ 
мΦлп όǇŜǊ млҡƎκƳоΣ hwύ όлΦффΣ мΦлфύ 
рƪƳΥ мΦлр όмΦлнΣ мΦлуύ 
млƪƳΥ мΦлп όмΦлнΣ мΦлтύ 
оƪƳΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ πфΦн ό.Ŝǘŀ ŜǎǝƳŀǘŜύ όπмнΦрΣ πрΦфύ 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ оƪƳΣ [.²Υ мΦло όǇŜǊ ǇǇƘƳΣ hwύ όмΦлмΣ 
мΦлрύ 
рƪƳΥ мΦлп όмΦлоΣ мΦлрύ 
млƪƳΥ мΦло όмΦлнΣ мΦлпύ 
 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ оƪƳΣ [.²Υ мΦлм όǇŜǊ ǇǇƘƳΣ hwύ όлΦфуΣ 
мΦлоύ 
рƪƳΥ лΦфу όлΦфтΣ мΦллύ 
млƪƳΥ лΦфу όлΦфтΣ лΦффύ 
 

  /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκнлсстлупκ 

https://www.embase.com/records?subaction=viewrecord&id=L365023116
https://www.embase.com/records?subaction=viewrecord&id=L365023116
https://www.embase.com/records?subaction=viewrecord&id=L365023116
https://www.embase.com/records?subaction=viewrecord&id=L364020384
https://www.embase.com/records?subaction=viewrecord&id=L364020384
https://www.embase.com/records?subaction=viewrecord&id=L364020384
https://www.embase.com/records?subaction=viewrecord&id=L51660024
https://www.embase.com/records?subaction=viewrecord&id=L51660024
https://www.embase.com/records?subaction=viewrecord&id=L51660024
https://pubmed.ncbi.nlm.nih.gov/20667084/
https://pubmed.ncbi.nlm.nih.gov/20667084/


 
 

 

онм 

рƪƳΥ πммΦп όπмоΦрΣ πфΦоύ 
млƪƳΥ πмнΦу όπмпΦоΣ πммΦоύ 
 
¢мΣ оƪƳΥ πсΦф όπфΦсΣ πпΦнύ 
¢мΣ рƪƳΥ πсΦм όπтΦуΣ πпΦоύ 
¢мΣ млƪƳΥ πсΦл όπтΦоΣ πпΦуύ 
 

¢нΣ оƪƳΥ πлΦр όπоΦсΣ нΦсύ 
¢нΣ рƪƳΥ πнΦн όπпΦнΣ πлΦоύ 
¢нΣ млƪƳΥ πнΦс όπпΦлΣ πмΦоύ 
 
¢оΣ оƪƳΥ πнΦп όπрΦнΣ лΦпύ 
¢оΣ рƪƳΥ πоΦс όπрΦрΣ πмΦуύ 
¢оΣ млƪƳΥ πпΦт όπсΦлΣ πоΦрύ 

оƪƳΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ πуΦо ό.Ŝǘŀ ŜǎǝƳŀǘŜύ όπфΦсΣ πтΦлύ 
рƪƳΥ πфΦт όπмлΦсΣ πуΦуύ 
млƪƳΥ πфΦл όπфΦсΣ πуΦпύ 
 
¢мΣ оƪƳΥ πнΦп όπпΦпΣ πлΦрύ 
¢мΣ млƪƳΥ πоΦл όπпΦпΣ πмΦуύ 
¢нΣ оƪƳΥ мΦу όπлΦуΣ пΦоύ 

¢нΣ рƪƳΥ лΦф όπлΦуΣ нΦрύ 
¢нΣ млƪƳΥ лΦс όπлΦсΣ мΦтύ 
¢оΣ оƪƳΥ πуΦм όπмлΦнΣ πсΦмύ 
¢оΣ рƪƳΥ πтΦф όπфΦнΣ πсΦрύ 
¢оΣ млƪƳΥ πтΦл όπтΦфΣ πсΦлύ 

оƪƳΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ πуΦф ό.Ŝǘŀ ŜǎǝƳŀǘŜύ όπмлΦсΣ πтΦмύ 
рƪƳΥ πтΦл όπуΦнΣ πрΦуύ 
млƪƳΥ πрΦт όπсΦсΣ πпΦфύ 
 
¢мΣ оƪƳΥ πнΦф όπпΦпΣ πмΦрύ 
¢мΣ рƪƳΥ πнΦт όπоΦтΣ πмΦтύ 
¢мΣ млƪƳΥ πнΦм όπнΦфΣ πмΦпύ 

¢нΣ оƪƳΥ πоΦм όπпΦсΣ πмΦсύ 
¢нΣ рƪƳΥ πнΦн όπоΦнΣ πмΦмύ 
¢нΣ млƪƳΥ πнΦо όπоΦмΣ πмΦрύ 
¢оΣ оƪƳΥ πоΦл όπпΦпΣ πмΦрύ 
¢оΣ рƪƳΥ πнΦп όπоΦпΣ πмΦпύ 
¢оΣ млƪƳΥ πмΦо όπнΦмΣ πлΦсύ¢оΣ рƪƳΥ πнΦп 
¢оΣ млƪƳΥ πмΦо 

²ǳ нллф 
!ǎǎƻŎƛŀǝƻƴ ōŜǘǿŜŜƴ ƭƻŎŀƭ ǘǊŀŶŎπƎŜƴŜǊŀǘŜŘ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ 
ǇǊŜŜŎƭŀƳǇǎƛŀ ŀƴŘ ǇǊŜǘŜǊƳ ŘŜƭƛǾŜǊȅ ƛƴ ǘƘŜ {ƻǳǘƘ /ƻŀǎǘ !ƛǊ 
.ŀǎƛƴ ƻŦ ŎŀƭƛŦƻǊƴƛŀ 

ммκлмκлф 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦло όǇŜǊ LvwΣ hwύ όмΦлмΣ мΦлсύ 
¢мΥ мΦло όмΦлмΣ мΦлсύ 
¢нΥ мΦлп όмΦлмΣ мΦлтύ 
Ƴt¢.Υ мΦлт όмΦлоΣ мΦмнύ 
¢мΥ мΦлу όмΦлоΣ мΦмнύ 
¢нΥ мΦлу όмΦлпΣ мΦмнύ 
Ǿt¢.Υ мΦму όмΦмлΣ мΦнсύ 
¢мΥ мΦмт όмΦлфΣ мΦнсύ 
¢нΥ мΦму όмΦмлΣ мΦнтύ 

      
[ƻǎ !ƴƎŜƭŜǎ ŀƴŘ hǊŀƴƎŜ 
/ƻǳƴǝŜǎ 

  
ƘǧǇǎΥκκǿǿǿΦŜƳōŀǎŜΦŎƻƳκ
ǊŜŎƻǊŘǎΚǎǳōŀŎǝƻƴҐǾƛŜǿǊŜ
ŎƻǊŘϧƛŘҐ[орумсолпф 

wƛǘȊ нллт 
!ƳōƛŜƴǘ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘ ƛƴ ǘƘŜ ŜƴǾƛǊƻƴƳŜƴǘ 
ŀƴŘ ǇǊŜƎƴŀƴŎȅ ƻǳǘŎƻƳŜǎ ǎǘǳŘȅ ŀǘ ǘƘŜ ¦ƴƛǾŜǊǎƛǘȅ ƻŦ /ŀƭƛŦƻǊƴƛŀΣ 
[ƻǎ !ƴƎŜƭŜǎ 

ммκлмκлт 
¢мΣ t¢.Υ мΦлм όмуΦспςнмΦос Ǿǎ ҖмуΦсоҡƎκƳоΣ hwύ όлΦфоΣ 
мΦлфύ 
¢мΥ мΦмл όҔнмΦос Ǿǎ ҖмуΦсоύ όмΦлмΣ мΦнлύ 

¢мΣ t¢.Υ мΦнн όнΦснςоΦмн Ǿǎ ҖнΦсмǇǇƘƳΣ hwύ όмΦмоΣ мΦомύ 
¢мΥ мΦлф όоΦмоςоΦсп Ǿǎ ҖнΦсмύ όмΦллΣ мΦмфύ 
¢мΥ мΦлф όҔоΦсп Ǿǎ ҖнΦсмύ όмΦллΣ мΦмфύ 

¢мΣ t¢.Υ лΦфу όнΦмуςнΦус Ǿǎ ҖнΦмт ǇǇƘƳΣ hwύ όлΦфмΣ мΦлсύ 
¢мΥ лΦфс όнΦутςоΦрп Ǿǎ ҖннΦмтύ όлΦууΣ мΦлсύ 
¢мΥ лΦфо όҔоΦрп Ǿǎ ҖнΦмтύ όлΦунΣ мΦлсύ 

  [ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅ   
ƘǧǇǎΥκκǿǿǿΦŜƳōŀǎŜΦŎƻƳκ
ǊŜŎƻǊŘǎΚǎǳōŀŎǝƻƴҐǾƛŜǿǊŜ
ŎƻǊŘϧƛŘҐ[птртпсур 

IǳȅƴƘ нллс 
wŜƭŀǝƻƴǎƘƛǇǎ ōŜǘǿŜŜƴ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ ǇǊŜǘŜǊƳ ōƛǊǘƘ ƛƴ 
/ŀƭƛŦƻǊƴƛŀΦ 

ммκлмκлс 

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ t¢.Υ мΦмр όǇŜǊ млҡƎκƳоΣ hwύ όмΦмрΣ 
мΦмсύ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΥ мΦмр όŀŘƧǳǎǘŜŘ ŦƻǊ /hύ όмΦмрΣ мΦмсύ 
нvΥ лΦфф όлΦфнΣ мΦлсύ 
нvΥ мΦлл όŀŘƧǳǎǘŜŘ ŦƻǊ /hύ όлΦфоΣ мΦлтύ 
оvΥ мΦмо όмΦлсΣ мΦнмύ 
оvΥ мΦмп όŀŘƧǳǎǘŜŘ ŦƻǊ /hύ όмΦлтΣ мΦноύ 
пvΥ мΦмр όмΦлтΣ мΦноύ 
пvΥ мΦмр όŀŘƧǳǎǘŜŘ ŦƻǊ /hύ όмΦлтΣ мΦнпύ 
 
CƛǊǎǘ ƳƻƴǘƘ ƻŦ ƎŜǎǘŀǝƻƴΥ мΦмо όмΦмоΣ мΦмоύ 
мƳƻ ƻŦ ƎŜǎǘŀǝƻƴΥ мΦмо όŀŘƧǳǎǘŜŘ ŦƻǊ /hύ όмΦмнΣ мΦмоύ 
нvΥ мΦлу όмΦлмΣ мΦмсύ 
нvΥ мΦлф όŀŘƧǳǎǘŜŘ ŦƻǊ /hύ όмΦлмΣ мΦмтύ 
оvΥ мΦмп όмΦлсΣ мΦннύ 
оvΥ мΦмп όŀŘƧǳǎǘŜŘ ŦƻǊ /hύ όмΦлсΣ мΦннύ 
пvΥ мΦнм όмΦмнΣ мΦолύ 
пvΥ мΦнм όŀŘƧǳǎǘŜŘ ŦƻǊ /hύ όмΦмнΣ мΦолύ 
 
[ŀǎǘ нǿ ƻŦ ƎŜǎǘŀǝƻƴΥ мΦлс όмΦлрΣ мΦлсύ 
[ŀǎǘ нǿ ƻŦ ƎŜǎǘŀǝƻƴΥ мΦлс όŀŘƧǳǎǘŜŘ ŦƻǊ /hΣ hwύ όмΦлрΣ 
мΦлсύ 
нvΥ мΦмм όмΦлпΣ мΦмфύ 
нvΥ мΦмм όŀŘƧǳǎǘŜŘ ŦƻǊ /hύ όмΦлпΣ мΦмфύ 
оvΥ мΦму όмΦмлΣ мΦнсύ 
оvΥ мΦму όŀŘƧǳǎǘŜŘ ŦƻǊ /hύ όмΦмлΣ мΦмфύ 
пvΥ мΦмт όмΦлуΣ мΦнсύ 
пvΥ мΦмт όŀŘƧǳǎǘŜŘ ŦƻǊ /hύ όмΦлфΣ мΦнтύ 

      /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκмтлрннулκ 

{ŀƭŀƳ нллр 
.ƛǊǘƘ ƻǳǘŎƻƳŜǎ ŀƴŘ ǇǊŜƴŀǘŀƭ ŜȄǇƻǎǳǊŜ ǘƻ ƻȊƻƴŜΣ ŎŀǊōƻƴ 
ƳƻƴƻȄƛŘŜΣ ŀƴŘ ǇŀǊǝŎǳƭŀǘŜ ƳŀǧŜǊΥ wŜǎǳƭǘǎ ŦǊƻƳ ǘƘŜ /ƘƛƭŘǊŜƴϥǎ 
IŜŀƭǘƘ {ǘǳŘȅ 

лтκмуκлр   

9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ ςтΦн όǇŜǊ LvwΣ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ όςопΦтΣ нлΦпύ 
¢мΥ ςмрΦо όςофΦтΣ фΦнύ 
¢нΥ мΦф όςноΦмΣ нсΦфύ 

¢оΥ ςсΦм όςомΦлΣ муΦфύ 
 
[.²Υ лΦу όhwύ όлΦпΣ мΦпύ 
¢мΥ лΦф όлΦрΣ мΦрύ 
¢нΥ мΦл όлΦсΣ мΦсύ 
¢оΥ лΦс όлΦпΣ мΦмύ 

нпƘǊ hїΥ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ ςптΦн όǇŜǊ LvwΣ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ όςстΦлΣ ςнтΦпύ 
¢мΥ ςмлΦп όςнуΦсΣ тΦтύ 
¢мΥ ςмтΦу όŀŘƧǳǎǘŜŘ ŦƻǊ /hύ όςотΦоΣ мΦсύ 
¢мΥ ςмуΦс όŀŘƧǳǎǘŜŘ ŦƻǊ ¢н ŀƴŘ ¢о нпƘǊ hїύ όςофΦлΣ мΦтύ 
¢нΥ ςонΦм όςрлΦтΣ ςмоΦпύ 
¢нΥ ςомΦс όŀŘƧǳǎǘŜŘ ŦƻǊ taмлύ όςрнΦнΣ ςммΦлύ 
¢нΥ ςмтΦр όŀŘƧǳǎǘŜŘ ŦƻǊ ¢м ŀƴŘ ¢о нпƘǊ hїύ όςоуΦсΣ оΦтύ 
¢оΥ ςорΦн όςрпΦсΣ ςмрΦуύ 
¢оΥ ςосΦф όŀŘƧǳǎǘŜŘ ŦƻǊ ¢м ŀƴŘ ¢н нпƘǊ hїύ όςруΦфΣ ςмрΦлύ 
 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦо όǇŜǊ LvwΣ hwύ όлΦфΣ мΦуύ 

¢мΥ мΦл όлΦтΣ мΦоύ 
¢нΥ мΦм όлΦуΣ мΦрύ 
¢оΥ мΦп όмΦлΣ мΦфύ 
 
мллл ƘǊ ǘƻ мулл ƘǊ hїΥ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ ςпфΦф όǇŜǊ LvwΣ .Ŝǘŀ 
ŜǎǝƳŀǘŜύ όςтнΦлΣ ςнтΦуύ 
¢мΥ ςрΦт όςноΦнΣ ммΦуύ 
¢нΥ ςнрΦт όςпнΦтΣ ςуΦтύ 
¢оΥ ςосΦт όςрпΦфΣ ςмуΦрύ 
 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ [.²Υ мΦр όǇŜǊ LvwΣ hwύ όлΦфΣ нΦоύ 
¢мΥ мΦл όлΦтΣ мΦоύ 
¢нΥ мΦм όлΦуΣ мΦрύ 
¢оΥ мΦп όмΦмΣ мΦфύ 

  /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǿǿǿΦŜƳōŀǎŜΦŎƻƳκ
ǊŜŎƻǊŘǎΚǎǳōŀŎǝƻƴҐǾƛŜǿǊŜ
ŎƻǊŘϧƛŘҐ[пмсмпфнп 

²ƛƭƘŜƭƳ 
нллр 

[ƻŎŀƭ ǾŀǊƛŀǝƻƴǎ ƛƴ /h ŀƴŘ ǇŀǊǝŎǳƭŀǘŜ ŀƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ ŀŘǾŜǊǎŜ 
ōƛǊǘƘ ƻǳǘŎƻƳŜǎ ƛƴ [ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅΣ /ŀƭƛŦƻǊƴƛŀΣ ¦{!Φ 

лрκмлκлр 

¢мΣ .ƛǊǘƘǎ Җм ƳƛƭŜ ƻŦ ŀ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΣ t¢.Υ лΦур όǇŜǊ 
мл ҡƎκƳоΣ wwύ όлΦтлΣ мΦлнύ 
нрǘƘπтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ лΦфм όлΦтнΣ мΦмсύ 
җтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ лΦуо όлΦслΣ мΦмпύ 
 
¢мΣ .ƛǊǘƘǎ Ҕм ƳƛƭŜ ŀƴŘ Җ ƻŦ ŀ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΥ лΦур όǇŜǊ 
мл ҡƎκƳоύ όлΦтпΣ лΦффύ 
нрǘƘπтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ лΦум όлΦсфΣ лΦфпύ 
җтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ лΦтф όлΦсрΣ лΦфтύ 
 
¢мΣ .ƛǊǘƘǎ Ҕн ƳƛƭŜ ŀƴŘ Җ ƻŦ ŀ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΥ лΦуо όǇŜǊ 
мл ҡƎκƳоύ όлΦтуΣ лΦууύ 
нрǘƘπтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ лΦтф όлΦтпΣ лΦурύ 
җтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ лΦтс όлΦтлΣ лΦупύ 
 
¢мΣ ½ƛǇ ŎƻŘŜ ƭŜǾŜƭϝΥ лΦто όǇŜǊ мл ҡƎκƳоύ όлΦстΣ лΦулύ 
нрǘƘπтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ лΦтл όлΦсмΣ лΦулύ 

      [ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκмсмплсолκ 

https://www.embase.com/records?subaction=viewrecord&id=L358163049
https://www.embase.com/records?subaction=viewrecord&id=L358163049
https://www.embase.com/records?subaction=viewrecord&id=L358163049
https://www.embase.com/records?subaction=viewrecord&id=L47574685
https://www.embase.com/records?subaction=viewrecord&id=L47574685
https://www.embase.com/records?subaction=viewrecord&id=L47574685
https://pubmed.ncbi.nlm.nih.gov/17052280/
https://pubmed.ncbi.nlm.nih.gov/17052280/
https://www.embase.com/records?subaction=viewrecord&id=L41614924
https://www.embase.com/records?subaction=viewrecord&id=L41614924
https://www.embase.com/records?subaction=viewrecord&id=L41614924
https://pubmed.ncbi.nlm.nih.gov/16140630/
https://pubmed.ncbi.nlm.nih.gov/16140630/


 
 

 

онн 

җтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ лΦсп όлΦроΣ лΦтсύ 
 
сǿ ōŜŦƻǊŜ ōƛǊǘƘΣ .ƛǊǘƘǎ Җм ƳƛƭŜ ƻŦ ŀ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΥ 
мΦлф όǇŜǊ мл ҡƎκƳоύ όлΦфмΣ мΦолύ 
нрǘƘπтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ мΦнм όлΦфтΣ мΦрмύ 
җтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ мΦнр όлΦфоΣ мΦсуύ 
 

.ƛǊǘƘǎ Ҕм ƳƛƭŜ ŀƴŘ Җ ƻŦ ŀ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΥ мΦлу όǇŜǊ мл 
ҡƎκƳоύ όлΦфтΣ мΦнмύ 
нрǘƘπтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ лΦфп όлΦунΣ мΦлуύ 
җтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ мΦлп όлΦутΣ мΦнпύ 
 
.ƛǊǘƘǎ Ҕн ƳƛƭŜ ŀƴŘ Җ ƻŦ ŀ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴΥ мΦлр όǇŜǊ мл 
ҡƎκƳоύ όлΦффΣ мΦмлύ 
нрǘƘπтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ мΦлс όмΦллΣ мΦмоύ 
җтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ мΦлу όлΦффΣ мΦмтύ 
 
½ƛǇ ŎƻŘŜ ƭŜǾŜƭϝΥ мΦмл όǇŜǊ мл ҡƎκƳоύ όмΦллΣ мΦнмύ 
нрǘƘπтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ мΦлс όлΦфпΣ мΦнлύ 
җтрǘƘ ǇŜǊŎŜƴǝƭŜ Ǿǎ ғнрǘƘ ǇŜǊŎŜƴǝƭŜΥ мΦмф όмΦлнΣ мΦплύ 
 
ϝ½ƛǇ ŎƻŘŜ ƭŜǾŜƭ ŀƴŀƭȅǎƛǎΥ ŀƭƭ ōƛǊǘƘǎ ŘǳǊƛƴƎ мффпςнллл ǘƻ 
ƳƻǘƘŜǊǎ ǿƘƻ ǊŜǎƛŘŜŘ ƛƴ ŀ ½Lt ŎƻŘŜ ǿƘƻǎŜ ŀǊŜŀ ŦŜƭƭ ŀǘ ƭŜŀǎǘ 
сл҈ ǿƛǘƘƛƴ ŀ нπƳƛ ǊŀŘƛǳǎ ƻŦ ŀ ƳƻƴƛǘƻǊƛƴƎ ǎǘŀǝƻƴ 

tŀǊƪŜǊ нллр !ƛǊ Ǉƻƭƭǳǝƻƴ ŀƴŘ ōƛǊǘƘ ǿŜƛƎƘǘ ŀƳƻƴƎ ǘŜǊƳ ƛƴŦŀƴǘǎ ƛƴ /ŀƭƛŦƻǊƴƛŀ лмκлмκлр 

bƻǘ ŀŘƧǳǎǘŜŘ ŦƻǊ /hΥ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘόƎύΥ уΦп όммΦфςмоΦф Ǿǎ 
ғммΦфҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ όπмлΦсΣ нтΦпύ 
моΦфςмуΦп Ǿǎ ғммΦфΥ πмоΦт όπопΦнΣ сΦфύ 
ҔмуΦп Ǿǎ ғммΦфΥ πосΦм όπррΦуΣ πмсΦрύ 
{D!Σ hwΥ 

ммΦфςмоΦф Ǿǎ ғммΦфΥ лΦут όлΦтрΣ мΦлнύ 
моΦфςмуΦп Ǿǎ ғммΦфΥ лΦфт όлΦунΣ мΦмрύ 
ҔмуΦп Ǿǎ ғммΦфΥ мΦмн όлΦфсΣ мΦомύ 
 
!ŘƧǳǎǘŜŘ ŦƻǊ /hΣ 
aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘόƎύΥ 
ммΦфςмоΦф Ǿǎ ғммΦфΥ ммΦу όπуΦуΣ онΦпύ 
моΦфςмуΦп Ǿǎ ғммΦфΥ πммΦо όπооΦрΣ млΦфύ 
ҔмуΦп Ǿǎ ғммΦфΥ πорΦо όπруΦсΣ πмнΦлύ 
 
¢мΣ aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘόƎύΥ 
ммΦфςмоΦф Ǿǎ ғммΦфΥ πрΦт όπнтΦфΣ мсΦрύ 
моΦфςмуΦп Ǿǎ ғммΦфΥ πнΦр όπнпΦрΣ мфΦрύ 
ҔмуΦп Ǿǎ ғммΦфΥ πорΦу όπруΦпΣ πмоΦоύ 
 
¢нΣ aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘόƎύΥ 
ммΦфςмоΦф Ǿǎ ғммΦфΥ ммΦо όπмнΦнΣ опΦфύ 
моΦфςмуΦп Ǿǎ ғммΦфΥ πмтΦн όπофΦпΣ пΦфύ 
ҔмуΦп Ǿǎ ғммΦфΥ πпсΦс όπсуΦсΣ πнпΦсύ 
 
¢оΣ aŜŀƴ ōƛǊǘƘ ǿŜƛƎƘǘόƎύΥ 
ммΦфςмоΦф Ǿǎ ғммΦфΥ уΦо όπмоΦмΣ нфΦуύ 
моΦфςмуΦп Ǿǎ ғммΦфΥ πуΦм όπолΦнΣ моΦфύ 
ҔмуΦп Ǿǎ ғммΦфΥ πомΦс όπрнΦлΣ πммΦмύ 
 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ {D!Σ hwΥ 
ммΦфςмоΦф Ǿǎ ғммΦфΥ лΦфл όлΦтсΣ мΦлтύ 
моΦфςмуΦп Ǿǎ ғммΦфΥ мΦло όлΦусΣ мΦноύ 
ҔмуΦп Ǿǎ ғммΦфΥ мΦно όмΦлоΣ мΦрлύ 
 
¢мΣ {D!Σ hwΥ 
ммΦфςмоΦф Ǿǎ ғммΦфΥ мΦлн όлΦупΣ мΦноύ 
моΦфςмуΦп Ǿǎ ғммΦфΥ мΦмн όлΦфоΣ мΦопύ 
ҔмуΦп Ǿǎ ғммΦфΥ мΦнс όмΦлпΣ мΦрмύ 
 
¢нΣ {D!Σ hwΥ 
ммΦфςмоΦф Ǿǎ ғммΦфΥ лΦуф όлΦтоΣ мΦлфύ 
моΦфςмуΦп Ǿǎ ғммΦфΥ мΦлр όлΦууΣ мΦнсύ 
ҔмуΦп Ǿǎ ғммΦфΥ мΦнп όмΦлпΣ мΦпфύ 
 
¢оΣ {D!Σ hwΥ 
ммΦфςмоΦф Ǿǎ ғммΦфΥ мΦлл όлΦуоΣ мΦмфύ 
моΦфςмуΦп Ǿǎ ғммΦфΥ лΦфу όлΦунΣ мΦмуύ 
ҔмуΦп Ǿǎ ғммΦфΥ мΦнм όмΦлнΣ мΦпоύ 

      /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǿǿǿΦŜƳōŀǎŜΦŎƻƳκ
ǊŜŎƻǊŘǎΚǎǳōŀŎǝƻƴҐǾƛŜǿǊŜ
ŎƻǊŘϧƛŘҐ[полпснфл 

.ŀǎǳ нллп 
/ƻƳǇŀǊƛƴƎ ŜȄǇƻǎǳǊŜ ƳŜǘǊƛŎǎ ƛƴ ǘƘŜ ǊŜƭŀǝƻƴǎƘƛǇ ōŜǘǿŜŜƴ 
taнΦр ŀƴŘ ōƛǊǘƘ ǿŜƛƎƘǘ ƛƴ /ŀƭƛŦƻǊƴƛŀ 

лфκмоκлп 

!ǾŜǊŀƎŜ ƻŦ ƳŜŀǎǳǊŜƳŜƴǘǎ ŦǊƻƳ ƳƻƴƛǘƻǊǎ ǿƛǘƘƛƴ ŀ рπƳƛƭŜ 
ǊŀŘƛǳǎΥ 
9ƴǝǊŜ ǇǊŜƎƴŀƴŎȅΣ bƻƴπIƛǎǇŀƴƛŎ ²ƘƛǘŜΣ .ƛǊǘƘ ǿŜƛƎƘǘ όƎύΥ π
мΦрн όǇŜǊ ҡƎκƳоΣ .Ŝǘŀ ŜǎǝƳŀǘŜύ όπоΦрнΣ лΦпуύ 
IƛǎǇŀƴƛŎΥ πнΦпф όπпΦроΣ πлΦпрύ 
 
!ǾŜǊŀƎŜ ƻŦ ƳƻƴƛǘƻǊπǎǇŜŎƛŬŎ ƳŜŀǎǳǊŜƳŜƴǘǎ ǿƛǘƘƛƴ ŜŀŎƘ 
ŎƻǳƴǘȅΥ 
bƻƴπIƛǎǇŀƴƛŎ ²ƘƛǘŜΥ πпΦлп όπсΦтмΣ πмΦотύ 
IƛǎǇŀƴƛŎΥ πпΦор όπтΦптΣ πмΦноύ 

      /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǿǿǿΦŜƳōŀǎŜΦŎƻƳκ
ǊŜŎƻǊŘǎΚǎǳōŀŎǝƻƴҐǾƛŜǿǊŜ
ŎƻǊŘϧƛŘҐ[офотнрун 

²ƛƭƘŜƭƳ 
нлло 

wŜǎƛŘŜƴǝŀƭ ǇǊƻȄƛƳƛǘȅ ǘƻ ǘǊŀŶŎ ŀƴŘ ŀŘǾŜǊǎŜ ōƛǊǘƘ ƻǳǘŎƻƳŜǎ ƛƴ 
[ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅΣ /ŀƭƛŦƻǊƴƛŀΣ мффпπмффс 

лнκлмκло   
!ƴƴǳŀƭ !ǾŜǊŀƎŜΣ t¢.Υ  лΦфп όǇŜǊ ǇǇƘƳΣ wwύ όлΦусΣ мΦлнύ 
¢[.²Υ лΦфо όлΦтфΣ мΦлфύ 

!ƴƴǳŀƭ !ǾŜǊŀƎŜΣ t¢.Υ мΦлр όǇŜǊ ǇǇƘƳΣ wwύ όлΦфрΣ мΦмсύ 
¢[.²Υ мΦлм όлΦупΣ мΦнмύ 

  [ƻǎ !ƴƎŜƭŜǎ /ƻǳƴǘȅ   

ƘǧǇǎΥκκǿǿǿΦŜƳōŀǎŜΦŎƻƳκ

ǊŜŎƻǊŘǎΚǎǳōŀŎǝƻƴҐǾƛŜǿǊŜ
ŎƻǊŘϧƛŘҐ[осолромф 

wƛǘȊ нллл 
9ũŜŎǘ ƻŦ ŀƛǊ Ǉƻƭƭǳǝƻƴ ƻƴ ǇǊŜǘŜǊƳ ōƛǊǘƘ ŀƳƻƴƎ ŎƘƛƭŘǊŜƴ ōƻǊƴ ƛƴ 
{ƻǳǘƘŜǊƴ /ŀƭƛŦƻǊƴƛŀ ōŜǘǿŜŜƴ мфуф ŀƴŘ мффоΦ 

лфκлмκлл   

[ŀǎǘ сǿ ōŜŦƻǊŜ ōƛǊǘƘΣ t¢.Υ уΦу όғоΦнл ǇǇƘƳΣ LƴŎƛŘŜƴŎŜ 
ǇǊƻǇƻǊǝƻƴύ όуΦпΣ фΦнύ 
оΦнлςғпΦлфΥ уΦф όуΦсΣ фΦоύ 
пΦлфςғрΦлпΥ фΦл όуΦтΣ фΦпύ 
җрΦлпΥ фΦр όфΦмΣ фΦфύ 
 
мƳƻ ƻŦ ǇǊŜƎƴŀƴŎȅΥ фΦм όғоΦооΣ LƴŎƛŘŜƴŎŜ ǇǊƻǇƻǊǝƻƴύ όуΦтΣ 
фΦрύ 
оΦооςғпΦноΥ фΦм όуΦуΣ фΦрύ 
пΦноςғрΦнмΥ фΦл όуΦтΣ фΦпύ 
рΦнмΥ фΦл όуΦсΣ фΦпύ 
bƻǘ ŀƴ ŜũŜŎǘ ŜǎǝƳŀǘŜ 

[ŀǎǘ сǿ ōŜŦƻǊŜ ōƛǊǘƘΣ t¢.Υ фΦл όғнΦмн ǇǇƘƳΣ LƴŎƛŘŜƴŎŜ 
ǇǊƻǇƻǊǝƻƴύ όуΦтΣ фΦпύ 
нΦмнςғоΦртΥ фΦо όфΦлΣ фΦтύ 
оΦртςғпΦулΥ фΦл όуΦсΣ фΦпύ 
җпΦулǇǇƘƳΥ уΦс όуΦоΣ фΦлύ 
 
мƳƻ ƻŦ ǇǊŜƎƴŀƴŎȅΥ уΦт όғнΦлмΣ LƴŎƛŘŜƴŎŜ ǇǊƻǇƻǊǝƻƴύ όуΦоΣ 
фΦлύ 
нΦлмςғоΦруΥ фΦс όфΦнΣ фΦфύ 
оΦруςғпΦупΥ фΦм όуΦуΣ фΦрύ 
җпΦупΥ уΦт όуΦоΣ фΦлύ 
bƻǘ ŀƴ ŜũŜŎǘ ŜǎǝƳŀǘŜ 

  {ƻǳǘƘŜǊƴ /ŀƭƛŦƻǊƴƛŀ   
ƘǧǇǎΥκκǇǳōƳŜŘΦƴŎōƛΦƴƭƳΦ
ƴƛƘΦƎƻǾκмлфррплмκ 
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