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ABSTRACT 

Environmental and Geo-Social Factors in Alzheimer’s Disease and Related Dementia 

Development 

by 

Gabrielle Eva Husted 

The broad question examined in this dissertation is how environmental exposures 

shape the risk of Alzheimer’s disease and related dementias (ADRD). More 

specifically, this dissertation investigates socio-environmental inequalities, phthalate 

exposure, and air pollution as determinants of cognitive aging across multiple 

geographic and biological scales, drawing on methods from spatial epidemiology, 

environmental health, biomarker development, and population health research.  

Chapter 1 uses linked Panel Study of Income Dynamics (PSID), EPA Toxic Release 

Inventory (TRI), and U.S. Census data to examine whether long-term exposure to 

emissions from plastics and rubber manufacturing facilities is associated with ADRD 

risk in the United States. Using longitudinal modeling and logistic regression, this 

chapter finds that higher emissions intensity from plastics and rubber-related 

facilities is associated with increased ADRD risk, independent of individual 

socioeconomic characteristics and neighborhood disadvantage. Neighborhood 

disadvantage also emerges as a strong independent predictor of ADRD risk, 

underscoring the importance of structural and environmental determinants of 

cognitive aging. Chapter 2 develops a laboratory method for detecting phthalates in 

human fecal samples (n=10) using ultra-high-performance liquid chromatography-

mass spectrometry (UPLC-MS), with data from the Microbiome in Alzheimer's Risk 

Study (MARS). This chapter demonstrates that phthalates are detectable in human 
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fecal samples and establishes a proof-of-concept for using fecal biomarkers in 

environmental exposure research, laying the groundwork for future studies 

examining relationships among phthalate exposure, gut microbiome function, and 

cognitive health outcomes. Chapter 3 investigates air pollution and cognitive health 

within an under-resourced population in Lima, Peru using secondary door-to-door 

survey data (n=1,066) paired with PurpleAir and OpenStreetMap data. This chapter 

examines the feasibility of integrating citizen-science air pollution monitoring with 

community-based cognitive health research in a region with limited environmental 

monitoring infrastructure. While no significant associations were observed between 

PM2.5 and cognitive outcomes, uniformly high exposure levels and limited within-

population exposure variation likely complicate detection of exposure-response 

gradients. Secondary findings suggest that roadway proximity may reflect both 

pollution exposure and improved access to transportation, healthcare, social 

engagement, and socio-economic status, highlighting the complexity of 

disentangling environmental risks in urban, low-and-middle-income contexts. This 

chapter also underscores persistent data gaps in cognitive health and environmental 

research in LMICs. Together these chapters demonstrate that environmental 

exposures, from industrial emissions to chemical pollutants to air quality, are 

unequally distributed and may contribute to disparate ADRD risk across populations 

and geographies. This dissertation advances interdisciplinary methods for studying 

environmental contributors to cognitive aging and points to the need for more 

equitable environmental and public health policy.  
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INTRODUCTION 

How do you identify toxicity, or simply harm, when something is so intertwined with 

habits and processes of daily life? The short answer is that it takes considerable time, 

determination, and collaboration. In recent years it has become abundantly clear 

that plastics pervade all aspects of our lives. Plastics break down into micro- 

and nano-plastics that can make their way into our bodies’ organs and tissues, such 

as the placenta, the lungs, and the brain (Nihart et al., 2025). We are exposed across 

the life course, from in-utero to end of life. We can be exposed via direct contact 

through products we knowingly choose, yet many exposures come “second-hand” 

through the social and structural pathways that shape our exposures. With this in 

mind, in order to make meaningful improvements to public health, a collective, 

unified effort in the form of policy change and systemic-level interventions and 

investments is critical when approaching ubiquitous environmental exposures and 

health outcomes. This dissertation broadly asks how environmental and geo-social 

factors shape Alzheimer's disease and related dementia risk. We explore how 

environmental hazards become health inequities through geo-social differentiation.  

While exposure to plastics is ubiquitous in industrialized societies, geo-social factors 

create differential exposure patterns and vulnerabilities. Within this dissertation, we 

repeatedly observe the importance of socio-economic status and access to resources 

shaping dementia risk. Our work contributes to and reinforces the understanding 

that modifiable risk factors are present, are unequally impactful, and with concerted 

effort, can be minimized. A couple examples from public health allow us to elaborate 

on the challenges of identifying, managing, and mitigating systemic-level 

environmental hazards.  

https://www.zotero.org/google-docs/?xkMDEz
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Silent epidemic: Lead 

Since antiquity, lead has been known to cause harm, being associated by the ancient 

Romans with the “ghoulish” deity Saturn – the word “saturnine” was a term used to 

describe someone who had personality and behavior changes as a result of lead 

intoxication; they became irritable, anti-social, and impulsive (US EPA, n.d.) 

However, it was not until 1974 that concrete evidence for the harms of lead, at any 

level beyond zero, came to light. Dr. Needleman studied the deciduous (baby) teeth 

of children in a diverse group of elementary schools in Philadelphia, selected based 

on the socio-economic status of the students they served, and their proximity to 

known sources of lead (e.g., highways, smelting factories). Teeth can reflect a reliable 

estimate of body burden of lead because they permanently store lead. They provide a 

cumulative measure of lead exposure, even when other samples, like blood levels of 

lead, are low or zero (Strehlow, 1972). Dr. Needleman found that all levels of 

exposure to lead were detrimental to children' s cognitive development and socio-

emotional skills, and that those at risk extend beyond the previously identified 

populations – low income, non-white race, living in deteriorating housing. While 

lead paint and leaded gas are primarily sources of lead exposure, this work 

highlighted the role of airborne lead settling in environments that children interact 

with, such as school yards and sand boxes, and by examining teeth, the authors were 

able to uncover that lead exposure is far more extensive than previously thought. 

These findings were contested by industrial giants that did not want limitations 

placed on using lead. Consequently, phasing out lead from products like gasoline, 

paint, and plumbing took place over decades, with some efforts continuing into the 

present day (Lead and Children’s Health, 2026).  

https://www.zotero.org/google-docs/?2vazHa
https://www.zotero.org/google-docs/?qIvoxn
https://www.zotero.org/google-docs/?3BAaxm


3 

Denial, then disparity 

A similar story of adamant denial of the harms of something convenient, yet 

insidious can be found in smoking. Smoking was originally marketed as ‘good for 

your nerves,’ yet with the sharp rise in lung cancer, individuals, the medical 

community, and non-profit groups began to contest the safety of smoking. Leaders 

of these groups urged President Kennedy to commission a study to investigate the 

risks associated with smoking. It led to the 1964 landmark report Smoking and 

Health: Report of the Advisory Committee to the Surgeon General of the Public 

Health Service (Selling Smoke: Tobacco Advertising and Anti-Smoking Campaigns, 

Yale University Library Online Exhibitions, n.d.). The findings were conclusive, and 

anti-smoking efforts have been underway since the 1970s, including bans in public 

places, places of work, and within the home. However, bans frequently result in 

industry creating an alternative that is often equally harmful (e.g., BPA is banned, 

then replaced with BPS. Cigarettes replaced with vaping). Additionally, recent data 

show that although overall smoking rates have declined, smoking remains 

disproportionately prevalent among marginalized populations. Rates are estimated 

to be nearly three times higher among individuals with lower socioeconomic status 

(SES) or lower educational attainment, as well as among sexual and gender 

minorities and those with histories of unstable housing, mental health conditions, or 

substance use. These disparities underscore the need for targeted public health 

approaches. Relevant to our plastics work, smoking prevalence nearly doubles when 

alternative nicotine products such as e-cigarettes are included, increasing estimates 

from 9.9% to 18.8% of the U.S. population (Agaku, 2026). 
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Modern day public health crisis: Plastics 

These examples highlight core challenges of researching population level 

environmental exposures and health outcomes – including determining how to 

measure the exposure, how to identify body burden, and how to communicate the 

findings to elicit population-level change. This dissertation investigates the potential 

harms of plastics. They are ubiquitous, under-researched, and largely unregulated. 

The mechanisms of how the chemicals in plastics impact health outcomes are still 

unclear. Echoing the nature of claims that lead and smoking were not 

overwhelmingly harmful, a recent NPR article states that the World Health 

Organization did not find evidence of health concerns from microplastics in drinking 

water (Neuman, 2019). However, upon close reading of the article, the researchers 

clarify that their report is based on incomplete information. They emphasize the 

urgent need to know more about the health impact of microplastics because of their 

omnipresence. The WHO director of public health paired this caution with a 

recommendation to develop new ways to remove microplastics from drinking water 

and to establish standard methods for measuring microplastics in water – clearly 

communicating that their report was no reason to sit back and enjoy the plastic-

infused water.  

 
Plastics present a third, and in some ways more complex, iteration of this same 

pattern seen in lead and smoking as a public health crisis. Microplastics are plastics 

that are less than 5mm, about the size of a pencil eraser tip. As they break down into 

their chemical components, whether that is due to time, heat exposure, or a contact 

interaction, they pose greater threat to the health of humans. Nanoplastics are those 

https://www.zotero.org/google-docs/?FrzH3C
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that are less than 1 µm in size. They are unable to be seen with the naked eye, and 

they are small enough to enter the body’s cells and tissues; nanoplastics have been 

found in human blood, lungs, gut, feces, and reproductive tissues like the placenta 

and testes.(Campanale et al., 2020; Y. Deng et al., 2017; Lim, n.d.) Plastic 

production has been increasing exponentially since the 1940s. Plastic manufacturing 

involves the use of additives, one major component being phthalates, a plasticizer. 

Phthalates are colorless, odorless, oily liquids. They're in shampoo bottles, medical 

equipment, food containers, vinyl flooring, children's toys—everywhere. Phthalates 

do not chemically bind to the material they are added to, which leads to them being 

readily absorbed into the human body; through leaching into food or water that has 

been stored in container made with phthalates, exposure to airborne phthalate 

particles when working with materials such as plastic piping or synthetic furniture, 

and our skin can absorb phthalates from certain lotion and cosmetics.(Zarus et al., 

2021) Phthalates are rapidly metabolized in the body, roughly within 12 hours, 

however, due to constant re-exposure and the bio-availability of phthalates, more 

research is needed to determine what proportion is retained, and how they are 

excreted.  

Geo-Social Determinants of Health and the Exposome 

 
While exposure to plastics is ubiquitous in industrialized societies, geo-social factors 

create differential exposure patterns and vulnerabilities (Cox et al., 2019; Hale et al., 

2020; Husted et al., 2024). Exposure to plastics, and the chemicals they are 

composed of, isn't random. Marginalized populations such as communities of color 

https://www.zotero.org/google-docs/?aD6B8J
https://www.zotero.org/google-docs/?jCIHQK
https://www.zotero.org/google-docs/?jCIHQK
https://www.zotero.org/google-docs/?050Lw8
https://www.zotero.org/google-docs/?050Lw8
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and low-income neighborhoods face higher pollution levels (Braveman et al., 2011; 

Fricker, n.d.). They may live closer to plastic manufacturing plants and have fewer 

resources to reduce exposure. Choosing glass over plastic, whole foods over 

packaged goods — these are choices that are constrained by income and access. Geo-

social factors don't just shape whose health deteriorates; they shape who gets 

exposed in the first place. Two theoretical frameworks unite this dissertation and 

help make sense of these patterns. Geo-social determinants of health refers to the 

upstream factors - those occurring prior to any clinical interventions - that shape 

health outcomes (Braveman et al., 2011; Diez Roux, 2022; Marmot, 2017; Sharkey & 

Faber, 2014). The key component is that individuals have constrained choices in 

where they are born, grow, live, work, and age (Marmot, 2015, 2017; Status 

Syndrome - Marmot - 2004 - Significance - Wiley Online Library, n.d.). These 

constraints are patterned by race, class, and place, and they create differential 

vulnerability to environmental exposures like phthalates. The second framework is 

the exposome — the sum of all environmental exposures across the life course, from 

air quality and diet to stress and housing (Karlsson et al., 2021; Rappaport, 2011; 

Wild, 2005). What's powerful about this concept is that it operationalizes how social 

inequalities literally get under the skin. It complements the genome; environmental 

factors can modulate epigenetic modifications, such as DNA methylation and histone 

modifications, thereby altering gene expression. The exposome reminds us that our 

biology is socially embedded, and that is good news, because it means it's potentially 

modifiable. Early life education access, midlife smoking and employment, later life 

social connection and proximity to healthcare are all entry points for ‘health’ 

interventions.  

https://www.zotero.org/google-docs/?noR2RA
https://www.zotero.org/google-docs/?noR2RA
https://www.zotero.org/google-docs/?C3An88
https://www.zotero.org/google-docs/?C3An88
https://www.zotero.org/google-docs/?MjmQz7
https://www.zotero.org/google-docs/?MjmQz7
https://www.zotero.org/google-docs/?wlnodf
https://www.zotero.org/google-docs/?wlnodf
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Phthalate-Gut-Brain Nexus 

Chronic neuroinflammation is a direct contributor to Alzheimer's pathology, and 

many of the factors that drive it are social and environmental in origin. Phthalates 

are among the environmental factors suspected to drive this neuroinflammatory 

burden, though the mechanisms are still being explored (Agin et al., 2020; Z. Deng 

et al., 2024; Dutta et al., 2020; Jin et al., 2023). Dementia prevalence rises sharply 

with age, and is meaningfully higher among women across all age groups (Dementia, 

n.d.). By age 90+, nearly 39% of women globally carry a dementia diagnosis 

(Dementia, n.d.). The trajectory in the U.S. is stark. By 2050, it is expected that 

nearly 13 million Americans will be living with Alzheimer's, which is roughly double 

today's burden (Alzheimer’s Disease Facts and Figures, n.d.). However, we know at 

a population level that social inequalities largely shape who gets dementia. The 

mechanisms, though, are still being worked out. We focus on pre-clinical biology and 

non-pharmacological entry points aimed at reducing ADRD risk. We leverage a 

variety of contextual data to investigate the relationship between phthalates and 

ADRD, including demographic, socio-economic, neighborhood deprivation, 

biomarker, industrial manufacturing, and air pollution data.  

 
Examining deciduous teeth allowed researchers to understand the longitudinal 

impacts of low-level exposure to lead. A presidentially commissioned research effort 

decisively determined the harm of smoking. Both leading to assertive and enduring 

policy to protect public health. The methodological lessons from lead and tobacco 

research inform how this dissertation approaches plastics. While phthalate research 

has been around since the 70s, it has yet to achieve universal acceptance as a hazard 

https://www.zotero.org/google-docs/?JCgdiZ
https://www.zotero.org/google-docs/?JCgdiZ
https://www.zotero.org/google-docs/?xlx3VE
https://www.zotero.org/google-docs/?xlx3VE
https://www.zotero.org/google-docs/?0eEYhc
https://www.zotero.org/google-docs/?QDwk3W
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with across-the-board regulation implemented. Initially research focused on animal 

models and established the harms to endocrine and cardiovascular systems. Then 

the National Health and Nutrition Examination Survey (NHANES) began studying 

human urine levels of phthalates in 1999 and onward. However, there is growing 

evidence that a multi-modal approach is needed to gain the clearest picture of the 

effects of phthalates on humans.  

 
Recent work by a group of scientists at Scripps studied over 2,300 seawater samples 

from various projects around the world, seeking to catalog traces of human-made 

chemicals. They used a non-targeted lab approach and reference libraries to tackle 

this project. One of their top pollutants identified were plasticizers. While this article 

was informative, simply through reporting on the contents of ocean pollution, a 

comment from one of the authors was particularly insightful and validating for this 

dissertation: 

“The human footprint is in everything… What determines whether you find it is whether you 

look for it in your data” (Fox, 2026).  –Lihini Aluwihare, a chemical oceanographer at 

Scripps and co-author of the study 

This dissertation directly looks for phthalates within a variety of data sources at 

different geographical and population scales, broadly asking how environmental and 

geo-social factors shape Alzheimer's Disease and Related Dementia (ADRD) risk. 

While many types of dementia fall under the ADRD umbrella, 60-80% of cases are 

estimated to be Alzheimer’s Disease, and 40% of dementia cases worldwide are 

attributable to 12 modifiable risk factors (Alzheimer’s Disease Facts and Figures, 

n.d.; Livingston et al., 2020). Different brain pathology and structural changes 

indicate underlying progressive neurodegenerative disease and help researchers 

https://www.zotero.org/google-docs/?yDIsu5
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characterize an individual’s disease. Specifically for Alzheimer's Disease, it’s 

estimated that there can be a gap of ten to twenty years between when 

neuropathology begins and when memory loss and other symptoms arise, making 

early predictors of AD progression a critical research target. All three chapters are 

connected by the social determinants of health framework and the exposome 

paradigm, which together facilitate understanding how environmental hazards can 

become health inequities through geo-social differentiation.  

 

Chapter 1 uses national data to examine how socio-demographic and geographic 

inequalities shape phthalate exposure and its links to cognitive impairment. 

Specifically, we examine how exposure to industrial pollution – measured as 

emissions intensity from the nearest plastics or rubber facility – affects ADRD risk 

over time. Socioeconomic status and neighborhood resources shape both where 

people live and their access to protective factors, and residential mobility can cause 

exposure to accumulate differently across the life course.  

 

Chapter 2 zooms into the gut as a biological site of exposure to plastics using 

University of Wisconsin-Madison’s Alzheimer's Disease Research Center clinical 

core and biomarker core data. The gut is central to this story: we have roughly 100 

trillion microorganisms in the gut, producing hormones, modulating immunity and 

communicating bidirectionally with the brain (ELS, 2024; Heston et al., 2022, 

2023). Research has shown that intestinal inflammation is associated with greater 

amyloid burden, and that specific microbial metabolites in cerebrospinal fluid track 

with faster neurodegeneration, yet no studies have examined fecal levels of 
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phthalates as they related to gut microbiome composition and brain biomarkers 

(Heston et al., 2022, 2023; Vogt et al., 2017). Because lab protocols for analysis of 

fecal samples for phthalates don’t yet exist, this chapter is both a methodological and 

empirical contribution: a proof-of-concept project that opens up new measurement 

considerations and research questions.  

 

Chapter 3 moves to Peru, examining chronic air pollution and dementia in a 

marginalized peri-urban community in Lima using secondary data from a door-to-

door population-based study, along with publicly available PurpleAir monitoring 

data and OpenStreetMap data. While the environmental exposure focus shifts from 

phthalates to air pollution more broadly (which likely includes aggregated phthalates 

within particulate matter measurements), the primary goal is to explore health 

equity in data monitoring within low-to-middle-income countries. A critical barrier 

to understanding health inequities is the lack of adequate, fine-grained data, which 

leads to an underestimation of increased risk among lesser-resources populations. 

We specifically investigated how chronic air pollution exposure intersects with socio-

demographic vulnerability to potentially affect dementia in Puente Piedra, Lima.  
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Abstract: 

Background: The demographic shift toward an older global population is 

contributing to the rising burden of Alzheimer’s Disease and Related Dementias 

(ADRD), as increased life expectancy and declining fertility reshape population 

structure. While age remains the strongest risk factor, emerging evidence suggests 

that other determinants may also influence incidence trends. Environmental 
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toxicants, in particular, are increasingly recognized as contributors to cognitive 

decline, underscoring the need to examine their role in cognitive aging. Objective: 

To assess whether exposure to plastics/rubber industry emissions is associated with 

ADRD risk, and whether sociodemographic factors modify this relationship. 

Methods: We linked geocoded Environmental Protection Agency (EPA) Toxic 

Release Inventory (TRI) data with Panel Study of Income Dynamics (PSID) records 

and census data from the Neighborhood Change Database (NCDB). Using spatial 

statistical methods and neighborhood effects frameworks, we measured historical 

exposure to plastics/rubber emissions and time-varying sociodemographic 

characteristics from 1990–2017, leveraging PSID’s longitudinal structure to capture 

residential mobility. ADRD outcomes were defined as any positive AD8 screen in 

2017, 2019, 2021, or 2023. Logistic regression models estimated ADRD risk as a 

function of the average total pounds of chemicals (released into air, water, and land) 

from the TRI facility nearest to the centroid of each individual’s census tract of 

residence. Models accounted for changes in residential location over time and 

adjusted for individual-level factors (sex, race, age, education, income, marital 

status, home ownership, number of moves) as well as neighborhood-level 

disadvantage. Results: Moderate average exposure to plastics/rubber TRI 

emissions was significantly associated with elevated ADRD risk (OR = 1.339), 

independent of income and neighborhood disadvantage. Other contextual effects, 

specifically neighborhood disadvantage, appeared to be highly predictive of elevated 

ADRD risk.  
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Introduction 

Phthalates—chemicals widely used to soften plastics and stabilize plastic products—

have become pervasive in daily life since the 1940s. They are found in flooring, food 

packaging, medical devices, cosmetics, and children's toys, entering the body via 

ingestion, inhalation, and dermal absorption. Exposure patterns are socially 

stratified, with low-income and marginalized populations facing higher burdens 

likely due to housing quality, occupational environments, and product usage 

patterns (Wang & Qian, 2021; Zarus et al., 2021). While traditionally classified as 

endocrine disruptors, phthalates are now recognized as neurotoxicants. Human and 

animal studies link higher phthalate metabolite levels to impaired memory, reduced 

processing speed, altered synaptic signaling, and neurodevelopmental disorders 

(Engel et al., 2021). Mechanistic work points to oxidative stress, mitochondrial 

dysfunction, acetylcholine disruption, and persistent neuroinflammation—processes 

closely aligned with ADRD. Despite these accumulating findings, regulatory 

oversight remains limited (Pletz, 2022; Sadeghzadeh, 2024), underscoring the need 

to examine phthalates as contributors to cognitive aging. 

The social determinants of health framework recognizes that upstream, non-medical 

factors such as education, income, race, and neighborhood conditions shape both 

exposure and resilience. Life course experiences influence gut microbiome 

composition, which in turn may affect vulnerability to environmental toxicants 

(Subramanian, 2014; Rinninella et al., 2019). Plastic production itself reflects 

environmental inequities: the U.S. hosts 35 ethane cracker plants — concentrated in 

Texas and Louisiana — that convert fracked gas into ethylene for plastics. 
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Communities living near these facilities face greater phthalate exposure through 

polluted air and other pathways (EPA, 2017). In Louisiana’s St. James Parish, 

“Cancer Alley” illustrates how historic racial and economic marginalization 

intersects with industrial siting to produce disproportionate burdens of cancer, 

respiratory disease, and adverse birth outcomes (Verdin, 2020; Terrell & Julien, 

2021; Human Rights Watch, 2024). 

 

Prior research has linked air pollution to dementia risk, but several important gaps 

remain. Most studies focus on broad categories of pollutants (e.g., PM2.5) rather 

than source-specific exposures, leaving the contribution of plastics/rubber 

manufacturing — a major emitter of phthalates and other neurotoxic chemicals — 

largely unexplored. Few analyses consider long-term exposures at fine spatial scales, 

and even fewer account for residential mobility or changing census tract boundaries. 

In addition, the environmental justice dimensions of dementia risk are 

understudied, despite evidence that disadvantaged communities and communities of 

color are disproportionately burdened by industrial facilities. Our study addresses 

these gaps by linking nearly three decades of geocoded TRI data on plastics/rubber 

facilities to cognitive outcomes, providing a novel test of source-specific toxic 

exposure in relation to ADRD symptoms. Establishing this connection would not 

only advance understanding of environmental contributions to dementia but also 

inform upstream, neighborhood-level, and policy interventions to promote healthier 

aging and reduce inequities in cognitive health (Farsetta, 2020). 
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The central focus of this paper is to examine whether exposure to plastics/rubber 

producing industries is associated with ADRD risk, and how socio-demographic 

context influences that relationship. This paper aims to identify the relationship 

between socio-demographic characteristics of individuals with ADRD risk and 

proximity to toxic chemical waste from the plastics/rubber sector. 

 

Research questions & Hypotheses: 

(1) Primary association: Is average yearly exposure intensity (total pounds of 

emissions released from the nearest plastics/rubber TRI facility) over the 

study timeframe (1990-2017) associated with ADRD risk? 

Hypothesis: Individuals with higher yearly average exposure intensity—

measured as greater total pounds of emissions released by their nearest 

plastics/rubber TRI facility over the study timeframe, 1990-2017—will exhibit 

higher ADRD risk, where ADRD is defined as reporting two or more cognitive 

difficulties on the PSID AD8 dementia screening tool. 

(2) Exposure accumulation: Is living in a census tract with closer proximity to 

plastics and rubber polluting industries associated with increased likelihood 

of ADRD? 

Hypothesis: Closer proximity (measured in km from census tract centroids 

to the nearest EPA TRI plastics/rubber facility) will be significantly associated 

with increased ADRD risk. 



16 

(3) Effect modification: Does household income (as a proxy for socioeconomic 

status) moderate the association between emissions from plastics/rubber 

polluting industries and ADRD risk? 

Hypothesis: The association between emissions exposure and ADRD risk 

will vary by income level, as demonstrated by a statistically significant 

interaction term (exposure × income) in regression models. 

Background 

ADRD Burden and Risk Factors 

Alzheimer's disease accounts for 60–80% of dementia cases (Alzheimer's 

Association, 2020; Alzheimer's Disease International, 2020; Alzheimer's 

Association, 2024) and is a progressive neurodegenerative disease defined by 

abnormal proteinopathies (amyloid plaques and neurofibrillary tangles), with a 

prolonged silent phase before eventual cognitive decline, behavioral changes, and 

physical challenges. The 2020 economic toll reached $305 billion (Wong, 2020; 

Milken Institute, 2022), though this doesn't capture broader societal repercussions 

or the loss of quality time with loved ones. Approximately 6.9 million Americans 

aged 65 and older have Alzheimer's dementia, with an additional 200,000 

experiencing younger-onset dementia (Alzheimer's Association, 2024). Alzheimer's 

disease mortality has increased significantly, with deaths more than doubling 

between 2000 and 2021—a 141% rise. While demographic shifts toward longer 

lifespans contribute to rising ADRD rates, proper understanding and access to risk-

minimizing behaviors could help plateau these trends. 
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ADRD pathology accumulates years before clinical diagnosis. While age and genetics 

are unmodifiable, twelve established modifiable risk factors—including low 

education, hypertension, hearing loss, obesity, smoking, and air pollution—account 

for about 40% of the global dementia burden (Livingston et al., 2020). Reduced 

environmental exposures are associated with reductions in neuropathological 

damage, supporting prevention efforts (Zetterberg & Bendlin, 2021). 

Phthalates and Gut Microbiome Pathways 

This study focuses specifically on pollutants released by plastics/rubber 

manufacturing industries, rather than general pollution exposure, due to their 

unique chemical composition and increasing environmental ubiquity. Unlike many 

airborne pollutants that dissipate quickly or face stricter regulation, phthalates 

persist environmentally and accumulate in human bodies. This targeted approach 

moves beyond broad environmental hazard measures to interrogate socially 

patterned exposure pathways especially relevant to ADRD. 

One pathway through which phthalates may influence neurodegeneration is the gut 

microbiome. After absorption, phthalates can reach the gastrointestinal tract and 

alter microbial composition and metabolic function. Experimental evidence shows 

that exposure to diethylhexyl phthalate (DEHP) reduces Clostridium sensu stricto 

and increases Lachnoclostridium, leading to elevated p-cresol—a microbial 

metabolite associated with neurodevelopmental and inflammatory disorders (Lei et 

al., 2019). 
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Such dysbiosis is relevant because the gut–brain axis plays a critical role in 

regulating immune signaling, neurotransmitter production, and neuroinflammation. 

Perturbations in microbial composition can increase permeability of the gut and 

blood–brain barriers, triggering release of proinflammatory cytokines such as TNF-α 

(Jang et al., 2021). Although gut disruption can arise from diet, antibiotics, or 

chronic illness, environmental chemicals are increasingly recognized as key drivers 

(Goodrich et al., 2014; Vatanen et al., 2016). The EPA’s emphasis on cumulative 

“chemical and non-chemical stressors” (Frey, 2022) further highlights the 

importance of considering how social inequities compound biological vulnerability 

along this pathway. 

Geographic and Social Patterns of Exposure 

Exposure patterns vary geographically from neighborhood blocks to entire regions, 

shaping cumulative risk. Place influences both environmental exposures and access 

to protective resources (Census Bureau, 2022). For older adults, the most relevant 

exposures may be local to home and immediate surroundings, yet their health 

outcomes reflect lifelong residence in inequitable environments (Marmot, 2015; 

Sharkey & Faber, 2014). Residential segregation, limited green space, and existing 

health vulnerabilities interact with chemical exposures to reinforce environmental 

injustice (Wilson et al., 2012). Phthalate exposure has been linked to developmental 

differences, allergic symptoms, and long-term brain effects (Bornehag et al., 2004), 

with risks persisting across the life course—particularly impacting communities 

facing multiple, compounding disadvantages. 
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Racial Stratification of Environmental Exposures over the Lifecourse 

Social disadvantages, lack of environmental assets (i.e., green space, exposure to 

urban heat islands), and health vulnerabilities combine to produce racial 

stratification of disproportionate exposure to pollution through the environment. 

Historic redlining, zoning, urban planning and development, and industry 

regulation have varying impacts on individuals in relation to their socio-

demographics (Wilson et al., 2012; Frey, 2022). For example, even amidst 

nationwide declines in pollution levels, on average, Blacks and Latinos are exposed 

to greater amounts of nitrogen dioxide (NO₂) and particulate matter, PM2.5 and 

PM10 (Kravitz-Wirtz et al., 2016). These inequities are not confined to single points 

in time but accumulate across the lifecourse, shaping long-term health trajectories 

and vulnerability to age-related conditions. This work lays the foundation for our 

exploration of how exposure to plastics/rubber producing industries follows a socio-

demographic pattern—one that we expect to contribute to disproportionate risk for 

ADRD. 

 

The lifecourse perspective underscores how exposures and social conditions 

experienced from the prenatal period through late life accumulate to shape health 

trajectories, particularly brain health. Phthalates, for example, cross the placenta, 

making exposure possible even before birth, and have been linked to allergic 

symptoms in children within the range of what is typically found indoors (Bornehag 

et al., 2004). Prenatal and early life exposures are especially consequential, as shown 

in a longitudinal study that measured phthalate metabolites in mothers at 16 weeks 

gestation and in mother–child pairs through age eight, finding inverse associations 
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with children’s IQ (Li et al., 2019). Kawachi and co-authors (2002) describe three 

mechanisms by which such early exposures influence health inequalities across the 

lifecourse: latent effects, which carry forward from early environments into 

adulthood; pathway effects, which shape trajectories of health and opportunity; and 

cumulative effects, which reflect dose–response relationships with harmful 

environments over many years. These dynamics are highly relevant to ADRD, which 

develop decades before symptoms emerge, highlighting the importance of 

identifying modifiable exposures and protective factors long before clinical 

diagnosis. Given that Black and Native populations face heightened dementia risk 

not explained by genetics or cardiovascular disease (Farsetta, 2020), there is 

urgency to investigate socio-environmental determinants such as education, wealth, 

neighborhood conditions, and exposure to industrial pollutants across the lifecourse. 

Current EPA Regulatory Status 

The EPA is actively regulating phthalates through systematic risk evaluations under 

the Toxic Substances Control Act (TSCA), concerned about their toxicity and 

evidence of pervasive human and environmental exposure (US EPA, 2015a). The 

agency recently determined that Diisodecyl phthalate (DIDP) presents unreasonable 

risk to unprotected female workers of reproductive age using products containing 

DIDP in vehicle and construction applications (EPA, 2025; US EPA, 2015b). 

EPA has released draft risk evaluations for dibutyl phthalate (DBP), di(2-ethylhexyl) 

phthalate (DEHP), diisononyl phthalate (DINP), dicyclohexyl phthalate (DCHP), 

and butyl benzyl phthalate (BBP). The Science Advisory Council on Chemicals is 

conducting peer reviews, and EPA is developing cumulative risk assessments 
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evaluating combined health risks from multiple phthalates simultaneously, 

recognizing that people typically face exposure to multiple chemicals rather than 

individual substances in isolation. 

Data and Sample 

Our research uses health and sociodemographic data from the Panel Study of 

Income Dynamics (PSID) and pairs it with data from the Environmental Protection 

Agency Toxic Release Inventory (EPA TRI) and the Neighborhood Change Database 

(NCDB). We investigate whether average annual exposure and proximity to 

emissions from toxic plastics/rubber industries are associated with cognitive health 

challenges among residents, using the PSID Eight-item Informant Interview to 

Differentiate Aging and Dementia (AD8) instrument to assess ADRD symptoms. 

Years 1990-2017 were selected as the exposure assessment period for measuring 

proximity to industrial emissions exposure, individual sociodemographic 

characteristics, and neighborhood variables. This 27-year window enables us to 

capture long-term patterns of industrial emissions, while accounting for 

demographic and socioeconomic characteristics that may influence both proximity 

to TRI facilities and ADRD risk. Although our models are not time-varying in 

structure, using longitudinal PSID data allows us to construct measures that reflect 

changes over time where relevant (e.g., residence, income) and to incorporate stable 

attributes where appropriate (e.g., education). Our outcome variable, ADRD risk, 

became available in 2017 when the PSID first administered the AD8 dementia 

screening survey. ADRD risk is measured as whether an individual ever fulfilled the 

criteria for ADRD risk (i.e., two or more memory challenges on the AD8) during any 
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of the available survey years: 2017, 2019, 2021, or 2023. Our analytic window begins 

in 1990. This was chosen because prior to 1990, census tract boundary definitions 

were not standardized nationally, making it difficult to align neighborhood-level 

data across time and space. Beginning our analyses with data from 1990 allows for 

harmonized linkage between the geocoded PSID, the NCDB, and the EPA TRI data. 

Year 2023 represents the most recent available wave of PSID data at the time of 

analysis. Fall 2025. 

 

To construct our sample, we identified respondents ages 65 and over by the year 

2023 (n = 3849). Of that sample, we restricted our analytic sample to participants 

aged 65 and over by year 2023 and having non-missing and valid AD8 responses in 

any of the AD8 survey years, 2017-2023 (n = 2627). A substantial number of cases 

were coded as “0” on the ADRD risk variable, which, according to the 2017 codebook 

(and similarly for 2019, 2021, and 2023), reflects inapplicable cases – the AD8 

Survey was not asked for specific PSID sub-samples. These include respondents 

from the Immigrant recontact sample (ER30001=4700–4851) or Multiplicity 

sample (ER30001=4001–4462 and ER32052=2019); respondents from the Latino 

sample (ER30001=7001–9308); cases of main family nonresponse by 2017 or 

mover-out nonresponse by 2015 (ER34501=0); mover-out deceased individuals in 

2017 (ER34502=81–89); or individuals younger than 65 years old or with age 

recorded as don’t know/no answer (ER34581=5). These cases were excluded from 

analysis, which is appropriate given that they were never administered the AD8 

instrument and therefore should not be conflated with individuals who were asked 

but did not screen positive for ADRD risk.  
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Datasets  

1. Panel Study of Income Dynamics (PSID) 

The Panel Study of Income Dynamics (PSID) is the longest running longitudinal 

household study in the world. It began in 1968 and has collected data annually from 

1968-1997, and biennially 1997 onward (PSID, 2017). The panel began with data 

collection from 5,000 families and 18,000 individuals. However, through the PSID’s 

combination of ‘natural refreshment’ design and purposeful refreshment of select 

subgroups, the sample has grown to roughly 25,000 individuals in 2023. We utilize 

geographic identifiers available under a restricted contract from the PSID in order to 

identify residential neighborhoods of respondents for each survey wave. The 

restricted PSID Geocode Match files contain the Census Tract data—standardized to 

2020 tract boundaries in the 2023 release—for all survey years, allowing us to link 

data from the PSID annual family files to Census data by connecting the 

characteristics of the geographic area in which individuals and families live (e.g., the 

neighborhood) to the PSID individual via their family-level data. 

 

We began with the 1990 to 2023 PSID public-use data download 

(https://psidonline.isr.umich.edu/), selecting relevant variables, along with the 

weighting and sample design variables automatically provided by PSID; this file was 

then imported to the PSID enclave, and the restricted use geo-coded files were 

merged to the family file for each survey wave. The main weighting variable is the 

2023 longitudinal weight (ER35264). The PSID 2023 longitudinal weight accounts 

for the original sample design, differential attrition, and replenishment over the full 

https://psidonline.isr.umich.edu/
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study period, ensuring estimates are representative of the U.S. population across all 

included waves. Throughout the analysis, we use unweighted results to maintain 

consistency with the multivariable models and because the AD8 subsample's 

representativeness is limited by the PSID's cohort-based design. The AD8 survey was 

only introduced in 2017 for adults 65+, and while the PSID maintains national 

representativeness for its original 1968 cohort and immigrant refreshes, the AD8 

subsample is constrained to those birth cohorts present in these samples at that 

time; the weights are designed to represent these specific cohorts rather than the 

current U.S. population of older adults.  

2. Environmental Protection Agency Toxic Release Inventory (EPA TRI) 

Exposure to toxic industry data comes from the EPA TRI data. The EPA TRI was 

established by the 1986 Emergency Planning and Community Right-to-Know Act. It 

is a publicly available database that tracks chemical releases (into air, water, land) by 

industry; it has a measure of toxic plastics and rubber-emitting industries, 

identifying their geolocations and their chemical releases in pounds. The TRI 

enables communities, researchers, and policymakers to monitor environmental 

hazards, linking industrial activity to public health concerns. TRI began collecting 

data in 1987 and they publish new data each year in July. To align with our interest 

in environmental exposure to phthalates, we downloaded and merged EPA TRI data 

for plastics/rubber facilities in the years 1990–2017 and assigned provided facility 

geo-coordinates to census tracts based on 2020 boundaries. Both key predictor 

variables—chemical release amounts (lbs) and distance (km) to the nearest 

plastics/rubber facility—have right-skewed distributions. This means most 
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observations cluster at lower values, with a long tail of higher values. This pattern 

likely results from industrial facilities being concentrated in certain geographic areas 

rather than evenly distributed. 

3. Neighborhood Change Database (NCDB) 

The Neighborhood Change Database (NCDB) is a longitudinal census tract-level 

dataset developed by the Urban Institute and GeoLytics that provides standardized 

demographic, socioeconomic, and housing variables across multiple decennial 

censuses using consistent 2020 census tract boundaries (GeoLytics & Urban 

Institute, 2023). The database facilitates temporal analysis of neighborhood change 

by addressing census boundary changes over time, making it particularly valuable 

for studies examining how community characteristics evolve in relation to 

environmental exposures. We used NCDB harmonized to 2020 tract boundaries, 

which was the most widely available and validated source when this analysis began 

and aligned with our other geocoded datasets, EPA TRI and PSID. 

 

We used NCDB data from the decennial censuses (1990, 2000, 2010, and 2020) to 

construct a census tract–level neighborhood disadvantage index (see Appendix 2). 

For intercensal years, we applied linear interpolation to estimate tract 

characteristics, assuming gradual change while recognizing this may not capture 

abrupt demographic or socioeconomic shifts. The index was built using eight tract-

level variables selected for their data availability, temporal coverage, and conceptual 

alignment with the Area Deprivation Index framework (Kind & Buckingham, 2018), 

adapted to fit our study’s constraints and PSID linkage. Constructing the index 
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before transforming the data from long to wide and before restricting the analytic 

sample ensured use of the full set of available tract data (1990–2017), maximizing 

coverage and stability of the principal components solution. This approach allowed 

us to derive a measure of neighborhood disadvantage independently of missingness 

in individual-level PSID data, maintaining comparability within our sample and 

preserving the hyper-local, structural neighborhood context relevant to our study 

population. Although our models are cross-sectional, this strategy yields a pseudo-

longitudinal framework in which decades of census data characterize neighborhood 

conditions linked to individual outcomes. 

Data Processing 

We harmonize geographic and temporal identifiers across the three data sources, 

linking the geocoded PSID (1990–2023), EPA TRI (1990-2017), and NCDB data 

(1990-2020) by the census tract boundary for each year (harmonized to 2020 

boundaries). Using restricted access data, we first identify each PSID respondent’s 

census tract for every available PSID survey year (1990–2023) using tract geocodes 

standardized to 2020 boundaries. We then merge tract-level sociodemographic 

variables from the NCDB (1990–2020) to the PSID based on census tract and survey 

year, prior to constructing the neighborhood disadvantage index. Separately, we 

process TRI plastics/rubber facility data (1990–2017) to generate annual tract-level 

exposure metrics. These emissions measures and facility locations were then merged 

into the PSID by census tract and year, resulting in a spatially and temporally 

aligned person-year dataset that preserved the full PSID sample. 
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Analytic Strategy  

Our outcome measure draws on repeated AD8 assessments from 2017–2023. To 

align the ADRD outcome, covariates, and exposure information, we collapse the 

dataset to the person-level, applying different summary statistics depending on the 

variable type; for time-varying variables, we use the mean across available years, 

while for demographic and outcome variables we retain the most recent non-missing 

observation.  

Measures  

1. Outcome Variable 

ADRD Risk Indicator 

We assess cognitive health risk using the AD8 Dementia Screening Interview, a brief, 

validated tool designed to detect early signs of dementia in community-based 

populations (Galvin et al., 2006). The AD8 focuses on functional changes such as 

difficulty with appointments, finances, or learning new tasks, making it particularly 

useful for identifying pre-clinical cognitive decline. In the PSID, the AD8 screener 

consists of eight questions about cognitive and functional problems (see Appendix 

Table A1 for the full list). The AD8 has demonstrated strong sensitivity and 

specificity when validated against clinical assessments like the Clinical Dementia 

Rating (CDR) and has been favorably compared to other screening tools such as the 

Mini-Mental State Examination (MMSE) and Montreal Cognitive Assessment 

(MoCA). 

 



28 

We construct an indicator of ADRD risk using the AD8 Dementia Screening 

Interview, administered in the PSID in 2017, 2019, 2021, and 2023. ADRD status is 

coded as “1” if a respondent endorsed two or more items on the AD8 screener 

(wtr2plus = 1). A person-level variable was then created to indicate whether an 

individual ever had a value of “1” on the AD8 screener in any of the four waves 

(2017-2023). Among those with valid data, 28.39% met this criterion at least once. 

Table 1 below depicts the distribution of participants aged 65 and older that are 

considered to have ADRD risk, that are not considered to have ADRD risk, and that 

identify as inapplicable to the AD8 survey for each of our outcome measure years, 

2017-2023. 

Table 1 Distribution of ADRD risk by year of AD8 Survey and potential observation values. Data: Panel Study of 
Income Dynamics (PSID), years 2017-2023, unweighted. 

ADRD 2017, n (%) 2019, n (%) 2021, n (%) 2023, n (%) 2017-2023, n (%) 

At Risk 475 (12.39%) 523 (13.64%) 501 (13.06%) 494 
(12.83%) 672 (25.58%) 

No Risk 1767 (46.08%) 1943 (50.68%) 2142 (55.82%) 2273 
(59.05%) 1955 (74.42%) 

0 [NA] 1593 (41.54%) 1368 (35.69%) 1194 (31.12%) 1082 
(28.11%) - - -  

Total 3835 3834 3837 3849 2627 
 

2. Key Predictor Variables: Plastics/Rubber Industry Variables 

Exposure Variable Construction 

Using 2020 TIGER/Line census tract shapefiles, we obtain tract centroids computed 

as the geometric center of each tract polygon using the largest polygon component to 

ensure a single representative point per tract. All spatial data were projected to the 
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Albers Equal Area Conic coordinate system (EPSG:5070 – NAD83/Conus Albers) to 

ensure accurate distance calculations across the continental United States.  

We exclude (n = 3) individuals who lived in non-continental US locations (e.g., 

Alaska, Hawaii, US territories, and foreign county identifiers) during any 

observation year to ensure comparable geographic exposure assessment, as the 

density and distribution of manufacturing facilities differs substantially in these 

regions. 

Using nearest neighbor analysis with the sf and nngeo packages in R, we identify the 

closest facility in any emission category to every census tract centroid and calculate 

the Euclidean distance in kilometers.  

Although census tract centroids are spatially fixed, the set of nearby TRI facilities 

changes over time as facilities open, close, or vary in their annual reporting activity. 

Consequently, the nearest facility to a given tract centroid—and the corresponding 

distance and emission values—may differ across years. To capture this temporal 

variation, we calculate year-specific distances between each census tract centroid 

and the nearest active plastics/rubber TRI facility for each year from 1990 through 

2017, using Euclidean distance (in kilometers). This approach allows exposure 

measures to reflect dynamic changes in the industrial landscape rather than 

assuming static proximity. Each person-year observation was assigned the distance 

and total chemical releases from the nearest facility to their census tract centroid in 

that year. We then average these annual values across all observation years to create 

person-level continuous variables representing mean distance (in km) and mean 
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exposure (in pounds) to the nearest plastics/rubber TRI facility over the study 

period (1990-2017). 

The following example demonstrates our data processing approach for a single 

individual using simulated data. Due to the restricted nature of our geocoded PSID 

data, we present this illustration with fabricated values while maintaining 

methodological accuracy: 

 

Longitudinal data for one person 

Tract ID Year Nearest TRI 

ID 

Distance (km) Total 

Releases (lbs) 

101 1990 TRI123 4.5 12,000 

101 1991 TRI123 4.5 11,500 

101 1995 TRI789 2.1 34,000 

101 2000 TRI789 2.1 32,000 

202 2003 TRI456 6.2 5,000 

 

Summary data for one person 

Tract IDs  Mean Distance (km) Mean Total Releases 

(lbs) 

101, 202 3.88 18,900 
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Given the right-skewed distribution of both our average annual values of emission 

exposure (pounds released by nearest plastics/rubber TRI and distance to nearest 

plastics/rubber TRI), with a concentration of observations at lower values (median 

distance = 16.31 km), median emissions = 0 lbs) and a long tail extending to higher 

values (maximum distance = 299.70 km, maximum emissions = 30,800,000 lbs), 

we categorize both measures of exposure into groups-based percentiles.  

Person level average pounds of exposure from nearest plastics/rubber TRI across all 

years in which they are observed (1990-2017).  

● 0 None, 0 lbs 

● 1 Low, > 0-7,627 lbs (greater than zero up to 75th percentile) 

● 2 Moderate, 7,627 lbs - 75,797 lbs (75th-90th percentile) 

● 3 High, 75,797+ lbs (90th+ percentile) 

Person level average distance to plastics/rubber TRI (regardless of emitter level) 

across available years (1990-2017) in kilometers. (minimum value is 0.53 km) 

1. Near, 0.53-30.55 km (min up to 75th percentile) 

2. Moderate, 30.55-50.59 km (75th-90th percentile) 

3. Far, 50.59+ km (90th+ percentile) 

This approach ensures adequate sample sizes for each exposure category while 

maintaining meaningful exposure contrasts. Models using alternative categorization, 
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in addition to log transformation, are reported in Appendix 4; results remain largely 

unchanged.  

3. Additional Measures 

Following the social determinants of health framework, we account for upstream 

factors — education, income, housing, and neighborhood characteristics — that may 

shape both exposure to TRI emissions and ADRD risk (Link et al., 2008; Diez Roux, 

A. V., & Mair, C., 2010; Majoka, M. A., & Schimming, C., 2021; CDC, 2022). Age is 

the greatest known risk factor for ADRD, with risk doubling every 5 years after age 

65 (Alzheimer's Association, 2025); we categorize individual age at the 2023 

interview as: 65-70 years, 71-80 years, 81-90 years, and 91+ years. Sex 

(male/female) is a well-documented non-modifiable risk factor, with increased risk 

for women attributed to biological and social factors (O'Neal M. A., 2024). Race and 

ethnicity contribute to ADRD risk through life experiences, socioeconomic 

indicators, and comorbidities (Adkins-Jackson et al., 2023; Alzheimer's Association, 

2025; Lim, U. & Park, S. Y., 2022); participants were grouped into three categories 

based on their 2023 report of their race: white, Black, and all others (due to small 

sample sizes in other racial categories). Marital status (recorded based on response 

to the 2023 survey year) may influence ADRD risk, though findings remain mixed 

(Karakose et al., 2025); we categorize participants as ever married (including 

married, divorced, widowed, or separated) or never married. Number of residential 

moves (1990-2017) serves as a proxy for economic instability and residential 

precarity across the life course (Kushel et al., 2006; Alzheimer's Association, 2025). 

Home ownership (recorded based on the most recent available observation between 
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1990-2023) indicates wealth accumulation and neighborhood stability, which may 

influence dementia risk through access to resources and reduced housing-related 

stress (Hamoudi, A., & Dowd, J. B., 2014; Boehm, T., & Schlottmann, A., 2004). 

Education is a modifiable risk factor that may build cognitive reserve and enable 

access to resources supporting brain health (Barcellos et al., 2025; Alzheimer's 

Association, 2025; Yang et al., 2025). Highest education level was categorized as less 

than 12 years, 12-15 years, and 16+ years, based on years of education reported in 

survey year 2023. Income serves as a key proxy for socioeconomic status, with lower 

income increasing ADRD risk (Majoka, M. A., & Schimming, C., 2021). We calculate 

Average Income Percentile using inflation-adjusted total family income from PSID 

data years 1990-2017 (base year 2023, CPI: 304.7), ranking participants within each 

year using the formula: (rank-1)/(valid_count-1)×100, then averaging percentiles 

across all waves. An alternative coding of income was created for the interaction 

model; Binary Income uses the median of average income percentile as a cutoff, 

creating a 50/50 split identifying individuals whose Average Income Percentile value 

was in the bottom and top half of the distribution. 

Mean Disadvantage Index (Standardized) 

We include a measure of neighborhood quality – Census Tract Disadvantage – in 

order to capture potential structural determinants of health. Neighborhood features 

such as walkability, access to healthy food stores, and social cohesion are associated 

with lower ADRD risk (Yang et al., 2024). Our measure represents each participant's 

average neighborhood disadvantage exposure, calculated by taking the mean of their 



34 

standardized disadvantage index values (construct described in Appendix 2) across 

all years and residential locations in which they were observed in the study. 

Methodological Approach 

First, we use descriptive statistics to characterize the sample. Then we run simple 

chi-square tests to assess whether our key exposure measures, as well as other 

covariates, are independently associated with ADRD risk. Lastly, we examine 

whether TRI exposure factors, socio-demographics, and neighborhood 

characteristics are associated with ADRD risk by fitting a series of logistic regression 

models. Plastics exposure is operationalized in two ways: (1) emissions volume 

(pounds of toxic chemicals emitted by the nearest plastics/rubber TRI facility) and 

(2) geographic proximity (distance in kilometers from census tract centroid to the 

nearest plastics/rubber TRI facility). All regression models are estimated using both 

exposure measures. For brevity, the main text presents the set of results using the 

emissions measure (lbs), as this captures both the presence and intensity of 

industrial pollution. Parallel analyses using the distance measure (km) are reported 

in Appendix 3.  

Confidence intervals are calculated at the 90% level, consistent with conventions in 

epidemiology and environmental health research where minimizing Type II error is 

prioritized, and to highlight the direction and magnitude of associations rather than 

strict significance testing. Statistical significance is regarded as P < 0.10. Analyses are 

limited to respondents with complete data on all analytic variables (n=2,627). All 

models are estimated in Stata using the logit command, with standard errors left 
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unclustered because the analytic dataset contains only one observation per census 

tract.  

Descriptive statistics are unweighted to provide analytic sample estimates. 

Categorical variables are created based on analytic unweighted sample percentiles. 

Sensitivity analyses using survey-weighted percentiles show similar cutoff values 

(within 15%), suggesting minimal impact of the weighting on category definitions. 

Chi-squared tests and regression models are unweighted to examine associations 

within the analytic sample.  

All analyses are conducted in Stata MP 17.0, with tract-level exposure data processed 

in R Version 2025.05.0 Mariposa Orchid.  

Model development follows a theory-driven approach, informed by the socio-

ecological model. Sensitivity checks are described in the limitations section. We fit 

five models to guide inference and evaluate robustness: 

● Model 1. Binary ADRD risk was regressed on the categorical measure of 

Average Exposure to Nearest Plastics/Rubber TRI Emissions, lbs (1990-2017) 

● Model 2. Model 1, plus individual and household covariates are added – sex, 

race, age, income, mobility, marital status, home ownership, education.  

● Model 3. Model 2, plus neighborhood variable is added – mean 

neighborhood disadvantage index. 

● Model 4. Model 3, plus interaction –  distance exposure categories and 

individual binary income (top/bottom 50%). 
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● Model 5. Model 3, plus the categorical measure of Average Exposure to 

Nearest Plastics/Rubber TRI Emissions, lbs (1990-2017) 

Results 

Descriptive statistics for the analytic sample are shown in Table 2. A total of 74.42% 

of our sample is identified as never having risk of ADRD in 2017, 2019, 2021 or 2023 

(see Table 2), whereas 25.58% of the sample is at risk of ADRD.  

 

The mean pounds emitted from the nearest plastics/rubber TRI facility is 86,052 lbs, 

with a maximum of 30,800,000 lbs, minimum of 0.00 lbs, and median of 0.00 lbs 

(data not shown). In our sample, 58.81% of participants are in the None category (0 

lbs), while 16.18% are in the Low category (>0–7,627 lbs; up to the 75th percentile). 

The Moderate category (7,627–75,797 lbs; 75th–90th percentile) contains 15.00% of 

our sample, and the High category (75,797+ lbs; 90th+ percentile) captures 10.01% 

of our sample. 

 

The mean distance from residential locations to the nearest plastics/rubber TRI 

facility is 25.20 km, with a maximum of 299.70 km, minimum of 0.53 km, and 

median of 16.31 km (data not shown). A total of 74.99% of our sample is in the Near 

category (0.53–30.54 km; minimum up to the 75th percentile). The Moderate 

category (30.54–50.59 km; 75th–90th percentile) contains 14.96% of our sample, 

and 10.05% is in the Far category (50.59+ km; 90th+ percentile). 
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By design, our sample is aged 65 and older. Almost half of our sample is aged 65 to 

70 years old (46.52%), with few 91+ year olds (2.21%). The vast majority of our 

sample has been, or currently is, married (94.63%), and has been, or currently is, a 

homeowner (93.60%). Our sample is skewed toward high educational attainment, 

with 56.22% of our sample having 12 to 16 years of education and only 9.14% having 

fewer than 12 years of education. 

 

Participants in our sample reside in neighborhoods with below-average disadvantage 

relative to the reference population. The mean standardized neighborhood 

disadvantage index is -0.06 (SE = 0.017), indicating that individuals experience 

neighborhood environments slightly above average in terms of disadvantage during 

the observed timeframe. This composite index, derived from eight census tract-level 

socioeconomic indicators via principal component analysis, reflects lower poverty 

rates, reduced unemployment, higher educational attainment, greater 

homeownership, and fewer never-married residents compared to the average census 

tract in the PSID sample (1990-2017). Because the disadvantage index is calculated 

prior to collapsing to the person level, this measure represents each individual's 

average neighborhood disadvantage exposure across all years of observation (1990-

2017), capturing both stable residence patterns and any residential mobility over the 

study period. Negative values on this standardized scale indicate relatively more 

advantaged neighborhood conditions, suggesting that our sample, on average, 

resides in socioeconomically favorable contexts. 
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In Table 3, we describe levels of ADRD risk by our key covariates, using unweighted 

chi-square tests to detect significant variation. Many variables show statistically 

significant differences between these two groups (p < 0.05). We see evidence of an 

association between exposure measured by average emissions (in pounds) from the 

nearest plastics/rubber TRI facility and ADRD risk prevalence. Individuals with 

moderate and high emissions exposure have the greatest ADRD risk prevalence 

(29.95% and 29.28% respectively). ADRD risk increases with increased exposure to 

emissions by the nearest plastics/rubber facility. Interestingly, the percentage of 

individuals with ADRD risk is highest among those with average far distance to a 

TRI facility (27.27%), compared to 24.68% among the moderate distance group and 

25.53% among those in the near distance group. However, there is no statistically 

significant difference between the categories. As would be expected, rates of ADRD 

risk increase significantly with age, ranging from 17.51% among the youngest ages 

65-70, to 70.69% among respondents 91 years and older. Black individuals have 

higher ADRD risk (29.12%) compared to whites (23.66%); individuals who never 

had married, and individuals with less education also have higher rates of ADRD 

risk. Rates of residential mobility are positively associated with ADRD risk, with 

more frequent movers exhibiting higher rates of risk. Among participants who never 

moved during the study period, 24.17% are at risk for ADRD, compared to 25.27% 

among those who moved three to five times and 44.44% among those who moved 

ten or more times. Never owning a home is significantly associated with ADRD risk 

(35.71%), compared to individuals who have or currently do own a home (24.89%). 

Significant differences are also observed in income categories, those that are in the 
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bottom 50th percentile of average household income are at higher risk of ADRD 

(33.56%). 

 

Table 4 reports results of multi-variable logistic regression models predicting the 

association between plastics exposure (lbs emitted by nearest plastics/rubber TRI), 

neighborhood disadvantage, and other socio-demographic variables on ADRD risk. 

Odds ratios and p-values for all covariates, along with model fit statistics (AIC, BIC, 

log likelihood, and N) are reported. All models are also estimated using distance to 

the nearest plastics/rubber TRI facility (km) as the key exposure variable; these 

results are presented in Appendix 3. 

 

The models indicate a positive and significant relationship between annual average 

exposure to emissions from the nearest TRI facility (measured in pounds) and 

ADRD risk. In model 1, before including additional covariates, we see that the odds 

of ADRD risk are 39% higher and 34% higher for individuals in the moderate and 

high risk exposure categories, compared to individuals with no exposure. Once 

covariates are added in, our results shift slightly. We continue to see a positive 

association between plastic exposure and ADRD risk, especially among individuals 

in the moderate-level exposure category. However, the coefficient for individuals in 

the highest exposure is no longer significant once controlling for additional 

covariates. This attenuation suggests that neighborhood conditions account for some 

of the observed variation in ADRD risk initially attributed to plastics/rubber 

emissions in Model 1. In Model 4, which includes individual, household, and 

neighborhood covariates plus an interaction term between income and emissions 
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exposure, the main effect of emissions exposure loses statistical significance. The 

non-significant interaction term indicates that the relationship between emissions 

and ADRD risk does not vary meaningfully by income level. Instead, the loss of 

significance for the emissions main effect suggests that the combination of 

sociodemographic factors (particularly income) and neighborhood conditions 

together explain the variance in ADRD risk that initially appeared attributable to 

emissions exposure alone. Model 5 captures the features of Model 3, while also 

controlling for distance to the nearest plastics/rubber TRI. Moderate levels of 

emissions exposure remain significantly associated with increased ADRD risk  (OR = 

1.343), meaning that when holding distance to the nearest TRI facility constant, 

moderate emissions exposure is independently associated with a 34% increase in 

odds of ADRD risk (p < 0.05), suggesting that toxic emissions from plastics/rubber 

manufacturing have effects beyond mere proximity to industrial sites. 

 

Significantly, we see that people living in deprived areas over the course of their lives 

have higher odds of ADRD (OR = 1.171, model 3). As anticipated given the broader 

literature, our model suggests a strong positive association between age and ADRD 

risk, with older age increasing the odds of ADRD. Household average income is 

significantly associated with decreased odds of ADRD risk (OR = 0.98, model 3). 

Total residential moves across the survey years were significantly associated with 

increased odds at the high end of the range, 10+ moves (OR = 2.03, model 3). In 

model 4, having 16+ years or more of education is associated with a significantly 

decreased risk of ADRD (OR = 0.70), compared to the reference category of less than 

12 years of education. Interestingly, sex, race, marital status/history, and home 
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ownership status/history are not significantly associated with ADRD risk, while 

holding other covariates constant. We do not observe a significant interaction 

between plastics/rubber TRI emissions exposure categories and income, contrary to 

our hypotheses (Model 4).        

 

Table 2 Unweighted descriptive statistics (n=2,627). Data: Panel Study of Income Dynamics (PSID) 1990-2023, 
Environmental Protection Agency Toxic Release Inventory (EPA TRI) 1990-2017, and Neighborhood Change Database 
(NCDB) 1990-2020. 

Variable N Percentage/Mean 

ADRD Risk Indicator (2017-2023)   

No Risk 1955 74.42% 

At Risk 672 25.58% 

   

Average Distance to Nearest Plastics/Rubber 
TRI Facility, km (1990-2017) *continuous* 2,627 25.20 km 

   

Average Distance to Nearest Plastics/Rubber 
TRI Facility, km (1990-2017) *categorical*   

1 Near, 0.53-30.54 km (min up to 75th percentile) 1970 74.99% 

2 Moderate, 30.54-50.59 km (75th-90th percentile) 393 14.96% 

3 Far, 50.59+ km (90th+ percentile) 264 10.05% 

   

Average Exposure to Nearest Plastics/Rubber 
TRI Emissions, lbs (1990-2017) *continuous* 2627 86,052 lbs 

   

Average Exposure to Nearest Plastics/Rubber 
TRI Emissions, lbs (1990-2017) *categorical*   

0 None, 0 lbs 1545 58.81% 

1 Low, >0-7627.52 lbs (up to 75th percentile) 425 16.18% 
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2 Moderate, 7627.52 lbs - 75797.66 lbs (75th-90th 
percentile) 394 15.00% 

3 High, 75797.66+ lbs (90th+ percentile) 263 10.01% 

   

Age (2023)   

65-70 y.o. 1222 46.52% 

71-80 y.o. 1088 41.42% 

81-90 y.o. 259 9.86% 

91+ y.o. 58 2.21% 

   

Sex (2023)   

Male 1193 45.41% 

Female 1434 54.59% 

Race (2023)   

White 1754 66.77% 

Black 728 27.71% 

All other 145 5.52% 

Wtr Ever Married (2023)   

Never married 141 5.37% 

Current/previously married 2486 94.63% 

   

Total Moves (1990-2017)   

0 695 26.46% 

1-2 936 35.63% 

3-5 637 24.25% 

6-9 296 11.27% 

10+ 63 2.40% 

   

Home Ownership (1990-2017)   

Never a homeowner 168 6.40% 

Current or previous homeowner 2459 93.60% 

   

Max Education Level (1990-2017)   
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Less than 12 years 240 9.14% 

12 years or more, less than 16 years 1477 56.22% 

16 years or more 910 35% 

   

Household Average Income Percentile (1990-
2017) 2,627 54.085 

   

Household Income Binary (recode of 
Household Average Income Percentile, 1990-
2017)   

Bottom 50% 1314 50.05% 

Top 50% 1313 49.98% 

   

Mean Disadvantage Index, Standardized 
(1990-2017) 2,627 -0.06 

Total Sample 2,627  
 

Table 3 Descriptive statistics stratified by ADRD Risk (n=2,627). Unweighted chi-squared values are reported. Data: PSID 
1990-2023, EPA TRI 1990-2017, and NCDB 1990-2020. Significance levels: p < 0.05 *, p < 0.01 **, p < 0.001 ***. 

Variable 
No ADRD Risk (%) / 

mean (SE) 
ADRD Risk (%) / 

mean (SE) 
(un-

weighted) χ² 

ADRD Risk Indicator (2017-
2023) 

  -- 

No Risk 100% --  

At Risk -- 100%  

    

Average Distance to Nearest 
Plastics/Rubber TRI Facility, 
km (1990-2017) *continuous* 

25.06 km 25.60 km 0.669 

    

Average Distance to Nearest 
Plastics/Rubber TRI Facility, 
km (1990-2017) *categorical* 

  0.753 

1 Near, 0.53-30.54 km (min up to 
75th percentile) 

74.47% 25.53%  
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2 Moderate, 30.54-50.59 km 
(75th-90th percentile) 

75.32% 24.68%  

3 Far, 50.59+ km (90th+ 
percentile) 

72.73% 27.27%  

    

Average Exposure to Nearest 
Plastics/Rubber TRI 
Emissions, lbs (1990-2017) 
*continuous* 

95,536 (SE: 23,384) 58,461 (SE: 9933) 0.358 

    

Average Exposure to Nearest 
Plastics/Rubber TRI 
Emissions, lbs (1990-2017) 
*categorical* 

  0.025** 

0 None, 0 lbs 76.44% 23.56%  

1 Low, >0-7627.52 lbs (up to 75th 
percentile) 

73.41% 26.59%  

2 Moderate, 7627.52 lbs - 
75797.66 lbs (75th-90th 

percentile) 
70.05% 29.95%  

3 High, 75797.66+ lbs (90th+ 
percentile) 

70.72% 29.28%  

    

Age (2023)   < 0.001*** 

65-70 y.o. 82.49% 17.51%  

71-80 y.o. 72.74% 27.76%  

81-90 y.o. 55.60% 44.40%  

91+ y.o. 29.31% 70.69%  

    

Sex (2023)   0.642 

Male 74.84% 25.15%  

Female 74.06% 25.94%  

Race (2023)   0.005** 

White 76.34% 23.66  

Black 70.88% 29.12%  
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All other 68.97% 31.03%  

Wtr Ever Married (2023)   0.018* 

Never married 65.96% 34.04%  

Current/previously married 74.90% 25.10%  

    

Total Moves (1990-2017)   0.005** 

0 75.83% 24.17%  

1-2 75.53% 24.47%  

3-5 74.73% 25.27%  

6-9 70.95% 29.05%  

10+ 55.56% 44.44%  

    

Home Ownership (1990-
2017)   0.002** 

Never a homeowner 64.29% 35.71%  

Current or previous homeowner 75.11 24.89%  

    

Max Education Level (1990-
2017) 

  < 0.001*** 

Less than 12 years 60.83% 39.17%  

12 years or more, less than 16 
years 

73.60% 26.40%  

16 years or more 79.34% 20.66%  

    

Household Average Income 
Percentile (1990-2017) 

55.00 (SE: 0.523) 43.47 (SE: 0.874)  

    

Household Income Binary 
(recode of Household 
Average Income Percentile, 
1990-2017) 

  < 0.001*** 

Bottom 50% 66.44% 33.56%  

Top 50% 82.41% 17.59%  
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Mean Disadvantage Index, 
Standardized (1990-2017) 

-0.116 (SE: 0.019) 0.089 (SE: 0.033)  

Total Sample % 71.61% 28.39%  

 

 

Table 4 Odds ratios from logistic regression models predicting ADRD risk. Reference categories and model fit statistics are 
shown. Significance levels: p < 0.05 *, p < 0.01 **, p < 0.001 ***. 

Variable Model 1 Model 2 Model 3 Model 4 Model 5 
Average Exposure to 
Nearest 
Plastics/Rubber TRI 
Emissions, lbs (1990-
2017) *categorical* 

     

Ref = 0 None, 0 lbs      

1 Low, >0-7627 lbs (up to 
75th percentile) 

1.175 1.14 1.135 1.110 1.141 

2 Moderate, 7627 lbs - 
75,797 lbs (75th-90th 

percentile) 
1.387** 1.341* 1.339* 1.263 1.343* 

3 High, 75,797+ lbs (90th+ 
percentile) 

1.343* 1.2 1.203 1.134 1.202 

      

Sex (2023)      

Ref = Male      

Female  0.900 0.904 0.927 0.904 

      

Race (2023)      

Ref = White      

Black  1.062 0.936 0.997 0.924 

All other  1.434 1.340 1.333 1.330 

      

Age (2023)      

Ref = 65-70 y.o.      
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71-80 y.o.  2.033*** 2.066*** 2.079*** 2.073*** 

81-90 y.o.  3.881*** 3.986*** 4.231*** 3.984*** 

91+ y.o.  11.638*** 12.418*** 13.302*** 12.385*** 

      

Household Average 
Income Percentile 
(1990-2017) 

 0.982*** 0.983***  0.983*** 

      

Total Moves (1990-
2017)      

Ref = 0 moves      

1-2  1.188 1.193 1.190 1.194 

3-5  1.186 1.175 1.202 1.172 

6-9  1.378 1.355 1.417 1.354 

10+  2.027* 2.026* 2.337** 2.024* 

      

Wtr Ever Married 
(2023)      

Ref = Never married      

Current/previously 
married  0.885 0.874 0.751 0.874 

      

Home Ownership 
(1990-2017)      

Ref = Never a homeowner      

Current or previous 
homeowner  1.096 1.158 1.013 1.168 

      

Max Education Level 
(1990-2017)      

Ref = Less than 12 years      

12 years or more, less than 
16 years  0.819 0.85 0.762 0.843 

16 years or more  0.845 0.875 0.697* 0.869 
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Mean Disadvantage 
Index, Standardized 
(1990-2017) 

  1.171* 1.207* 1.168* 

      

Household Income 
Binary (recode of 
Household Average 
Income Percentile, 
1990-2017) 

     

Ref = Bottom 50%      

Top 50%    0.550***  

      

Binary 
Income*Exposure to 
Emissions 

     

Ref = Bottom 50% 
income*None      

Top 50% income*Low    1.076  

Top 50% 
income*Moderate    1.203  

Top 50% income*High    1.183  

      

Average Distance to 
Nearest 
Plastics/Rubber TRI 
Facility, km (1990-
2017) *categorical* 

     

Ref = 1 Near, 0.53-
30.54km (min up to 75th 

percentile) 
     

2 Moderate, 30.54-50.59 
km (75th-90th percentile) 

    0.880 

3 Far, 50.59+ km (90th+ 
percentile) 

    0.960 

      

_cons 0.308*** 0.485* 0.437** 0.345*** 0.452* 

 m1 m2 m3 m4 m5 

n 2627 2627 2627 2627 2627 

aic 2986.299 2755.262 2751.857 2772.724 2754.968 
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bic 3009.793 2866.860 2869.329 2907.817 2884.187 

ll -1489.149 -1358.631 -1355.929 -1363.362 -1355.484 

Discussion 

Before interpreting the broader implications of these findings, we systematically 

evaluate each research question and hypothesis to assess the extent to which the 

results provide empirical support. 

The first research question examines if average yearly exposure intensity (total 

pounds of emissions released from the nearest plastics/rubber TRI facility) over the 

study timeframe (1990-2017) is associated with ADRD risk. The hypothesis predicts 

that individuals with higher average yearly exposure intensity—measured as greater 

total pounds of emissions released by their nearest plastics/rubber TRI facility over 

the study timeframe, 1990-2017— exhibit higher ADRD risk. The findings partially 

support this hypothesis. Individuals with moderate (OR=1.387**, Model 1) and 

high (OR=1.343*, Model 1) exposure demonstrated significantly elevated ADRD risk 

compared to those with no exposure. However, the significant association between 

high level exposure and ADRD risk is attenuated once accounting for additional 

socio-demographic and neighborhood variables (OR=1.203, Model 3); moderate 

level exposure and ADRD risk remains statistically significant (OR = 1.339*, Model 

3). 

The second question investigates whether living in a census tract with closer 

proximity to plastics/rubber polluting industries is associated with increased 

likelihood of ADRD. The hypothesis proposes that closer proximity (measured in km 
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from census tract centroids to the nearest EPA TRI plastics/rubber facility) will be 

significantly associated with increased ADRD risk, where ADRD is defined as 

reporting two or more cognitive difficulties on the PSID AD8 dementia screening 

tool. This hypothesis is not supported, given the results reported in Appendix 3. 

Proximity (measured in kilometers) to the nearest plastics/rubber TRI facility is not 

significantly associated with odds of ADRD risk (Appendix 3). Moderate distance 

compared to near distance to plastics/rubber TRI has slightly lower odds of ADRD 

risk (OR = 0.956), whereas further distance compared to near distance to 

plastics/rubber TRI has slightly higher odds of ADRD risk (OR = 1.094).  

The third question explores whether household income (as a proxy for 

socioeconomic status) moderates the association between proximity to 

plastics/rubber polluting industries and ADRD risk. The hypothesis suggests the 

association between exposure and ADRD risk would vary by income level, as 

demonstrated by a statistically significant interaction term (exposure × income) in 

regression models. This hypothesis is also not supported. The interaction term 

between exposure and household income percentile is not statistically significant in 

either set of models (exposure measured in pounds and exposure measured in 

kilometers), indicating that income does not moderate the relationship between TRI 

facility exposure and ADRD risk. However, income demonstrates a significant main 

effect, with higher household income percentile associated with reduced odds of 

ADRD across all models in which it was included as a covariate (OR = 0.983, Model 

3). 
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In this paper, we examine the association between exposure to polluting 

plastics/rubber industries and risk for ADRD. We find a statistically significant, yet 

nuanced, relationship between exposure to plastics, measured as pounds emitted by 

the nearest plastics/rubber TRI and residential location over the years 1990-2017. 

Notably, what emerges from our models is a strong and significant association 

between life-course exposure to neighborhood deprivation and ADRD risk—a 

finding that underscores the importance of social determinants in understanding 

dementia risk. 

Our findings reveal elevated ADRD prevalence among individuals with any exposure 

to plastic/rubber TRI emissions compared to those with no exposure, though we do 

not observe the anticipated monotonic dose-response relationship. While the 

moderate exposure category shows increased odds of ADRD in adjusted models 

(ORs ranging from 1.339-1.343), the high exposure category paradoxically does not 

demonstrate the strongest association, and lost statistical significance in the 

adjusted models (models 2-5). Several interrelated factors likely contribute to this 

complex pattern and warrant careful interpretation. 

The strong attenuation of effect estimates following adjustment for socioeconomic 

covariates—particularly in the high exposure category—suggests that residential 

selection bias and social determinants of health play important confounding roles. 

Neighborhoods surrounding high-emission facilities may not be uniformly 

disadvantaged; some may house individuals with greater socioeconomic resources 

who can buffer exposure impacts through better healthcare access, superior 

nutrition, lower cumulative stress, and reduced co-exposures to other environmental 
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hazards. This "healthy resident" effect could mask the true toxic impact of high-level 

exposures in observational data. Conversely, moderate-exposure neighborhoods may 

represent a particularly vulnerable configuration: enough emission levels to confer 

health risk, combined with population-level socioeconomic disadvantage that 

amplifies susceptibility and limits protective resources. 

Additionally, residential mobility patterns may differ systematically across exposure 

categories. Individuals initially residing near high-emission facilities may be more 

likely to relocate (if resources permit), while those near moderate-emission facilities 

may be more residentially stable. Our person-level averaging approach would then 

underestimate peak exposures for mobile individuals while better capturing 

sustained exposure for stable residents, potentially flattening observed dose-

response relationships. 

Despite these important limitations, the consistent pattern of elevated ADRD 

prevalence across all exposure categories relative to no exposure suggests a plausible 

adverse association between plastics/rubber TRI emissions and cognitive health 

outcomes. The absence of a clear dose-response gradient should not be interpreted 

as evidence against a relationship, but rather as highlighting the methodological 

challenges inherent in observational environmental epidemiology. Residential 

selection bias, exposure misclassification, and unmeasured confounding likely 

obscure underlying biological relationships in analyses using administrative 

proximity-based exposure metrics. 
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Future research should employ more sophisticated exposure assessment methods. 

Atmospheric dispersion modeling could account for wind patterns, topography, and 

facility-specific emission profiles. Biomarker-based exposure measures would 

capture individual-level internal dose rather than relying on proximity alone. Studies 

with larger samples in high-exposure categories and more granular data on 

protective factors (e.g., healthcare utilization, diet quality, stress) would help clarify 

whether the observed pattern reflects true non-linearity or methodological artifact. 

Understanding these mechanisms is critical for informing environmental health 

policy and protecting vulnerable populations from neurotoxic exposures. 

Another consideration relates to potential measurement limitations inherent in TRI 

reporting requirements. Facilities must report to the TRI if they exceed chemical 

quantity thresholds and meet facility criteria. Standard reporting thresholds are 

25,000 pounds for manufacturing or processing and 10,000 pounds for otherwise 

using TRI-listed chemicals. However, Persistent, Bioaccumulative, and Toxic (PBT) 

chemicals, such as lead, certain plastics, and some PFAS, have much lower 

thresholds (e.g., 100 pounds). Beyond chemical thresholds, facilities must also have 

10+ full-time equivalent employees and operate under a covered North American 

Industry Classification System (NAICS) industry code. Federal facilities are exempt 

from NAICS requirements. Facilities exceeding any applicable threshold must 

report. Additionally, facilities meeting reporting criteria must submit TRI reports 

even when reporting zero emissions, as the inventory tracks not only releases but 

also pollution prevention activities, recycling, energy recovery, and waste treatment 

practices. Thus, a facility may appear in TRI data with zero reported emissions while 
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still managing substantial quantities of TRI-listed chemicals through recycling or 

other waste management activities that prevent environmental release. These 

reporting thresholds and the inclusion of facilities with zero emissions may create 

systematic differences in exposure measurement across geographic areas, potentially 

contributing to the observed pattern where very low exposure areas may have 

incomplete capture of industrial activity while some facilities in our reference 

category (zero emissions) may actually be managing significant chemical quantities 

through pollution prevention measures. Future research should further differentiate 

types of industrial activity within the TRI, such as comparing proximity to 

plastics/rubber recycling facilities versus production facilities, to better understand 

how varying modes of chemical management relate to ADRD risk. 

 

As expected, age emerges as a strong risk factor for ADRD in our sample, consistent 

with established literature. In contrast, sex is not significantly associated with ADRD 

risk, which diverges from much of the existing evidence. Sex is considered a non-

modifiable risk factor for ADRD that is well documented yet not fully understood. 

Increased risk among women has been attributed to both biological and social 

factors, including the drop in estrogen at menopause, differences in brain glucose 

metabolism, higher prevalence of autoimmune conditions, historically lower levels of 

education, greater risk among ApoE-4 carriers, and longer average life expectancy 

(O'Neal M. A., 2024). 

 

Our findings contribute to ongoing discussions about the variability of sex-based 

risk, suggesting that observed differences may depend on cohort composition, 
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measurement approach, or the influence of intersecting social and environmental 

factors. It is possible that evolving social conditions—such as improved access to 

education and healthcare among women—may be narrowing previously observed sex 

disparities in ADRD risk. Future research should further investigate these 

intersections to clarify the mechanisms driving sex differences in ADRD onset and 

progression across diverse populations. 

 

Race, homeownership, and education show significant associations with ADRD risk 

in bivariate analyses (table 3) but become non-significant in the multivariable 

logistic regression model. This attenuation suggests these apparent associations may 

be confounded by other variables in the model, particularly income and 

neighborhood disadvantage, which are strongly correlated with race, 

homeownership, and education. The loss of significance likely reflects the complex 

interrelationships among socioeconomic position indicators rather than the absence 

of true associations. These variables may operate through shared pathways or serve 

as proxies for overlapping social determinants of health. Moreover, the protective 

effect of education on cognitive decline may diminish with advancing age, as the 

cognitive reserve built through early educational attainment becomes less influential 

relative to other biological and environmental factors that accumulate over the 

lifecourse. 

 

Greater neighborhood disadvantage, measured using a composite index derived 

from Neighborhood Change Database census data corresponding to our analytic 

sample’s geographic locations, is associated with higher odds of ADRD risk. This is 
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consistent with our hypothesis, bivariate findings, and the broader literature 

documenting the influence of social and structural determinants on cognitive aging. 

This association underscores how cumulative disadvantage, reflected in factors such 

as economic deprivation, limited access to health-promoting resources, and 

environmental burdens, can compound over the lifecourse to shape vulnerability to 

ADRD. These findings reinforce the importance of addressing place-based inequities 

as a modifiable pathway through which social context contributes to 

neurodegenerative risk. 

In Model 4, the interaction between exposure and income was not statistically 

significant (exposure categories × binary income, p > 0.10), indicating that the effect 

of plastics/rubber TRI exposure on ADRD risk does not differ by income level. This 

finding contrasts with our hypothesis that household income would moderate the 

exposure-outcome relationship through protective resources such as residential air 

filtration, better healthcare access, superior nutrition, and greater residential 

mobility away from high-exposure areas. 

Several factors may explain the absence of effect modification. First, neurotoxic 

exposures from plastics/rubber manufacturing may exert relatively uniform 

biological effects across socioeconomic strata, overwhelming the protective capacity 

of individual-level resources. Second, our binary income measure (above/below 

median) may lack sufficient granularity to detect effect modification, as protective 

resources may accrue non-linearly at higher income levels. The median split may 

obscure heterogeneity within both income categories, and our time-averaged 

measure may not capture peak earning years or economic shocks. Third, statistical 



57 

power limitations likely constrained our ability to detect true effect modification, as 

interaction terms require substantially larger sample sizes than main effects, 

particularly with only 263 individuals in our highest exposure category. 

Despite the non-significant interaction, Model 4 demonstrated a strong main effect 

of income (OR=0.550, p<0.001), indicating that while income does not modify how 

exposure affects ADRD risk, it remains an important independent predictor. This 

pattern suggests an additive rather than synergistic relationship: both 

environmental exposures and socioeconomic disadvantage contribute to ADRD risk 

through potentially independent pathways. Upstream interventions targeting 

exposure reduction, through stronger emissions regulations and facility siting 

policies, can be effective measures to protect population health equitably. 

Limitations 

The main models we report on use emissions exposure measured in pounds by the 

nearest plastics/rubber TRI, and we categorize them based on meaningful 

percentiles (min value up to 75th percentile, 75th-90th percentile, 90th+ percentile). 

Model 5 also takes into account the distance to the nearest emitter (of any poundage 

amount), and these are categorized similarly.  

Throughout this process, we explore various approaches to capture changes in 

residential location over time and link them to plastics/rubber industry data. We 

develop five sets of alternative models based on different exposure measures: 
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1. Distance-based replication: The same five models presented in this 

paper, but using kilometers to nearest plastics/rubber TRI facility (any 

emission level) rather than pounds emitted (Appendix 3) 

2. Pounds median/tail: Pounds exposure categorized by median and tail 

distribution (Appendix 4, A) 

3. Distance median/tail: Kilometers exposure categorized by median and tail 

distribution (Appendix 4, B) 

4. Log-transformed pounds: Log-transformed pounds exposure divided into 

quartiles (Appendix 4, C) 

5. Log-transformed distance: Log-transformed kilometers exposure divided 

into quartiles (Appendix 4, D) 

Model output tables for all five alternative model sets are provided in the 

Appendices. Key findings: 

Model Set 1 (Distance-based replication, Appendix 3): No exposure 

measures are significant. Age, total moves, average income percentile, and 

disadvantage index remain significant. Sex, race, marital status, homeownership, 

education, and the income×exposure interaction are not significant. 

Model Set 2 (Pounds median/tail, Appendix 4 A): Similar pattern to our 

main model—mid-level exposure to emissions shows elevated OR for ADRD risk, 

with greater attenuation after adding covariates. Age, total moves, average income 

percentile, and disadvantage index remain significant. Sex, race, marital status, 
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homeownership, education, and the income×exposure interaction are not 

significant. 

Model Set 3 (Distance median/tail,  Appendix 4 B): Distance exposure (km) 

is significant in the base model and remains significant for mid-level exposure after 

adjusting for individual and household covariates. In fully adjusted models and 

models with the interaction term, the exposure effect is attenuated to non-

significance. Age, total moves, average income percentile, and disadvantage index 

remain significant. Sex, race, marital status, homeownership, education, and the 

income×exposure interaction are not significant. 

Model Set 4 (Log-transformed pounds, Appendix 4 C): Similar pattern to 

our main model, but the 4th quartile of exposure shows the highest (and statistically 

significant) OR for ADRD risk in models 1–3. In model 4, adding the interaction 

term attenuates the exposure effect to non-significance. Age, total moves, average 

income percentile, and disadvantage index remain significant. Sex, race, marital 

status, homeownership, and education are not significant. 

The significant finding in the 4th quartile should be interpreted with caution. Log-

transforming pounds before creating quartiles compresses high exposure values, 

meaning the 4th quartile encompasses an extremely wide range of original exposure 

levels. This broad categorization may mask important distinctions between 

moderately high and extremely high exposures and makes it difficult to determine 

whether the observed effect is driven by the full quartile or only the most extreme 

values within it. 
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Model Set 5 (Log-transformed distance, Appendix 4 D): No significant 

relationship between logged kilometer quartiles and ADRD risk. Age, total moves, 

average income percentile, and disadvantage index remain significant. Sex, race, 

marital status, homeownership, and education are not significant. 

This study has several limitations related to data coverage, statistical power, and 

generalizability. We examined whether the PSID remained representative of the U.S. 

in our study, given our substantial restrictions we placed on the sample (i.e. 65+ 

years old and AD8 Survey Respondent). There are approximately 85,000 census 

tracts in the U.S. Our analytic sample, spanning 1990-2017, captures 6,595 unique 

census tracts (approximately 8% of all U.S. census tracts). While the PSID is 

designed to be geographically representative, the sample restrictions we applied to 

ensure relevance to ADRD research resulted in a study population that is not 

geographically representative of the U.S. The geographic diversity represented in our 

dataset is limited, which may constrain the generalizability of our findings and 

reduce our ability to detect spatial patterns in exposure and risk. Some states have 

low numbers of participants, in the single and double digits, such as Delaware, 

Hawaii, Montana, and Wyoming. Other states have high observations in the 1-2 

thousands, such as California, Virginia, Texas, South Carolina, North Carolina, 

Pennsylvania, Michigan, and Florida. However, all lower 48 states and Washington, 

D.C. are represented in our sample. 

To assess the geographic representativeness of the PSID sample relative to EPA TRI 

facility locations, we conducted a post hoc analysis of facility distribution across 

tracts with and without PSID participants. Results reveal that fewer than 1.44% of 
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TRI facilities fall within PSID-covered tracts, suggesting limited overlap between 

exposure areas and the sampling frame. To better understand coverage in publicly 

known industrial hotspots, we summarize approximate PSID observational density 

across states with a high concentration of plastics/rubber facilities (see Table 5). 

Results suggest underrepresentation in several key states, including parts of 

Appalachia and the Gulf South. This post hoc summary indicates whether 

participant observations are low, mid, or high within each state (vagueness is due to 

the restricted nature of the PSID geocoded data). Notably, coverage is low in several 

states with historically high plastics industry presence, including Louisiana and 

Alabama. 

 

Table 5 Approximate PSID observational coverage in U.S. states with known high concentrations of plastics/rubber 
facilities. 

Known High Concentrations of Plastics 
Industries 

(Appalachia and Gulf States) 

Available Observations 
(approximation, due to restricted 

geocoded data) 

Louisiana low 

Texas high 

Alabama low 

Mississippi low 

Florida high 

Indiana mid 

Illinois mid 

Ohio high 

The AD8 was only administered to individuals aged 65 and older, meaning this study 

does not capture potential early-onset ADRD or cognitive decline among younger 

adults. This age restriction reduces the window for detecting preclinical stages of 
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ADRD. Moreover, while our primary exposure window spans from 1990 to 2017, the 

average age of participants in 1990 was approximately 38 years. As a result, this 

study cannot assess exposure during earlier, potentially more sensitive 

developmental periods (i.e. childhood, puberty, etc.).  

This analysis is limited in its ability to establish causal pathways or identify specific 

mechanisms through which environmental toxicants affect cognitive outcomes. 

While spatial patterns are consistent with an environmental contribution to 

cognitive decline, we cannot assess routes of exposure (e.g., inhalation, ingestion, 

dermal absorption), cumulative dose, or internal biomarkers of toxicant burden. 

Moreover, because the PSID does not include complete residential histories, we 

cannot determine the duration of residence within a given census tract or whether 

exposures were continuous or intermittent across the study period. Accordingly, our 

models capture associations between historical proximity—defined as any 

documented residence in a census tract containing plastics/rubber TRI facilities—

and later-life ADRD risk, rather than causal effects of exposure. 

Our exposure assessment approach—using person-level average emissions from the 

nearest plastics/rubber TRI facility over 1990-2017—introduces several sources of 

potential misclassification. This metric does not account for (1) spatial decay of 

pollutant concentrations with distance, (2) prevailing wind patterns and 

atmospheric dispersion, (3) contributions from multiple nearby facilities, or (4) 

differences in emission composition (air, land, water) across facilities. High-

emission facilities may be geographically isolated in less densely populated areas, 

resulting in lower population-level exposure despite high facility-level emissions. 
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Conversely, moderate-emission facilities may cluster in urban or suburban areas 

with higher background pollution from traffic, industry, and other sources, creating 

a more toxic cumulative exposure environment. Our "nearest facility" approach 

captures proximity but not true inhalation exposure, potentially obscuring genuine 

dose-response relationships. 

To ensure a comprehensive understanding of exposure to plastics/rubber TRI 

facilities, we examined total emissions (pounds) released by the nearest facility of 

any emission level—this is the primary exposure variable used in our main models. 

In addition, we explored exposure by emission intensity, categorizing 

plastics/rubber TRI facilities each year from 1990 to 2017 into tertiles of total annual 

releases: low (bottom third), medium (middle third), and high (top third) emitters. 

Among respondents living nearest low or medium emitters, approximately 24.81% 

had ADRD risk, compared to 26.34% among those living nearest high emitters. An 

unweighted chi-squared test (p = 0.368 > 0.05; data not shown) indicated no 

statistically significant difference in ADRD risk between these groups. Accordingly, 

our main models focused on ADRD risk in relation to proximity to the nearest 

plastics/rubber TRI facility, regardless of emission level. 

Conclusion & Future Work 

In this study, we examine the association between residential exposure to toxic-

releasing plastics/rubber manufacturing facilities emissions (lbs) and ADRD risk 

among Panel Study of Income Dynamics (PSID) participants from 1990-2017. Using 

geocoded residential histories and EPA TRI emissions data, we find that individuals 
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with moderate average exposure to plastics/rubber TRI emissions from the nearest 

facility have significantly elevated ADRD risk (OR = 1.339) compared to those with 

no exposure, even after adjusting for age, income, residential mobility, and 

neighborhood disadvantage. However, we do not observe the anticipated monotonic 

dose-response relationship, as high exposure is not significantly associated with 

ADRD risk in adjusted models. Additionally, we find that neighborhood 

disadvantage is strongly associated with increased ADRD risk, underscoring the 

importance of social determinants in understanding dementia outcomes. Our 

findings suggest that environmental exposure to industrial pollutants contributes to 

cognitive decline, though the relationship is complex and likely influenced by 

residential selection patterns, exposure misclassification, and unmeasured 

confounding factors. 

The results underscore the importance of environmental justice perspectives in 

ADRD research, demonstrating how environmental exposures and socioeconomic 

vulnerabilities compound to create differential cognitive health risks. Future work 

should investigate how average exposures and socio-structural vulnerabilities jointly 

shape cognitive aging across place and time, with particular attention to improving 

geographic coverage in heavily industrialized regions. These results highlight the 

complexity of ADRD etiology and the need for further research integrating 

environmental, biological, and social pathways while addressing measurement and 

sampling limitations that may obscure true exposure-outcome relationships. 

This work represents a foundational step in a broader research agenda investigating 

preclinical pathways to ADRD, with primary focus on understanding how phthalate 
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exposure may influence ADRD risk through microbiome-mediated pathways. This 

biologically grounded approach will advance our understanding of environmental 

health disparities and the mechanisms linking chemical exposures, gut health, and 

cognitive decline. Our next study will draw on the Wisconsin Registry for 

Alzheimer's Prevention (WRAP) using lab-based measures, including fecal samples 

and microbiome sequencing. We hypothesize that protective neighborhood 

environments support greater microbiome resilience, which may buffer individuals 

from cognitive harms associated with phthalate exposure. This approach integrates 

environmental exposures, spatial data, socio-demographic context, and biological 

mechanisms to investigate the phthalate–gut–brain nexus as a potential contributor 

to ADRD disparities. 

More broadly, this work highlights the pervasive presence of plastics in modern 

environments and the health risks posed by their chemical components. By linking 

environmental exposure to cognitive outcomes within a socio-ecological framework, 

we contribute evidence toward answering a central question spanning 

environmental science, public health, and neurology: How do environmental 

exposures and geo-social determinants shape the development and distribution of 

Alzheimer's Disease and Related Dementias? 
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Abstract 

Background: Phthalates are ubiquitous (e.g., plastics, cosmetics, food packaging), 

and re-exposure is continuous despite rapid elimination from the body. Phthalates 

are linked with adverse health outcomes, however their relationships with dementia 

risk are not known. This proof-of-concept study generated fecal phthalate 

metabolomics to examine gut microbiome ecology, geo-social determinants of health 

(area deprivation index or ADI), and brain biomarker outcomes. Methods: This 

study integrates participant and biospecimen-level data from the Microbiome in 

Alzheimer's Risk Study (MARS), drawn from the Wisconsin Registry for Alzheimer's 

Prevention (WRAP) and Alzheimer's Disease Research Center (ADRC) cohorts. Four 

aims guided this work: (1) method optimization of fecal phthalate analysis (n = 10); 

(2) quantification of 19 phthalates and metabolites; (3) characterization of gut 

microbiome composition via sequencing; and (4) description of relationships 

between phthalate prevalence, microbiome composition, geo-social factors, and 

brain health measures. Key outcomes include Alzheimer's diagnosis and plasma 
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biomarkers (GFAP, NfL, ptau-217). Key predictors include phthalate 

presence/absence, age, sex, race, education, Area Deprivation Index (ADI), Bristol 

score, BMI, MIND diet score, enterotype, Shannon index, and observed species 

count. Results: PERMANOVA confirmed significant differences in microbial 

community composition between the Bacteroides dominant enterotype and the 

Prevotella dominant enterotype (R² = 0.04, F = 14.28, p = 0.001); the modest effect 

size suggests enterotypes reflect shifts in relative abundance among shared taxa 

rather than discrete ecosystems. In this pilot cohort of ten cognitively unimpaired 

adults, ADI did not consistently predict within-sample phthalate burden — samples 

from both low- and high-deprivation areas spanned wide detection ranges. 

Butylbenzyl phthalate and DEHP were detected across nearly all samples regardless 

of socioeconomic context. Conclusions: This pilot study demonstrates that fecal 

phthalate measurement is analytically feasible. Measuring phthalate metabolites in 

feces, where gut microbes are directly present, provides the opportunity to examine 

direct phthalate effects on gut microbiome, compared to the more common use of 

urinary metabolites, which primarily reflect downstream metabolic and excretory 

processes. Consistent with the Brain Health Synercome framework (Baez et al., 

2026), findings underscore the need to integrate structural and individual-level 

exposure characterization to understand plastic-associated risk for brain health. 

Introduction 

Phthalates are a group of synthetic compounds formed as diesters derived from 

phthalic acid (1,2-benzenedicarboxylic acid), with extensive industrial applications 

in manufacturing flexible plastics, consumer goods, and personal care items (Husøy 
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et al., 2019). Because phthalates lack covalent bonds with the plastics they're 

incorporated into, they can leach into surrounding environments and products. They 

easily dissolve in fats and oils, readily transferring from plastic containers (i.e., food 

wraps, bottles) into fatty foods such as oils, dairy, meat, and processed snacks. 

People are exposed throughout life by ingestion, inhalation, and dermal contact. 

Phthalate exposure varies substantially across geographic and demographic groups 

and is of particular concern for susceptible populations, including pregnant women, 

children, and adolescents, due to developmental sensitivity (Koch et al., 2009). 

Phthalates impact the gastrointestinal barrier, the microbial composition, and 

disrupt endocrine signaling (Claus et al., 2016; Kowalski and Mulak, 2019; 

Rinninella et al., 2019). They alter immune function pathways and endogenous 

hormone production. These effects are increasingly implicated in inflammation, 

metabolic dysfunction, and neurodegenerative risk across the life course. Older 

adults may represent a particularly vulnerable population, as age-related declines in 

metabolic and detoxification capacity, combined with the blood-brain barrier 

deterioration characteristic of dementia, could together create a more permissive 

environment for plastic uptake and accumulation. 

This study is motivated by emerging evidence that suggests environmental toxicants, 

including phthalates, may influence neurocognitive health through pathways 

involving the gut–brain axis, inflammation, and microbial dysbiosis (Wang & Wang, 

2016; Jang et al., 2021; Nihart et al., 2025). Feces capture intestinal-level exposure 

and metabolism, making them particularly relevant for studies linking phthalates to 

the gut microbiome and downstream neurological risk. Compared with urine, fecal 
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samples may reflect slower transit, microbial modification, and local exposure rather 

than rapid renal clearance. Measuring phthalate metabolites in fecal samples 

provides closer alignment with gastrointestinal exposure and gut microbial 

processes than urinary biomarkers alone, which primarily reflect short-term renal 

excretion. However, human fecal phthalate metabolites are poorly characterized, 

with very few studies explicitly measuring monoester metabolites in fecal samples 

(Jeong et al., 2020; Kato et al., 2006; Senta et al., 2020; Erben et al., 2021). In 

studies analyzing human fecal samples for microplastics using detection by micro-

Raman spectrometer, microplastics were detected in all participants’ feces (Yan et 

al., 2022). For some metabolites, excretion rates (via urine, feces, sweat) are still 

unknown, and while there are excretion rates known for many metabolites, they are 

still under-studied, have many uncertainties, and there are often conflicting results 

(Senta et al., 2020). In studies of dog feces, excretion rates were 3–36 times higher 

than the corresponding urinary excretion rates (Li and Kannan, 2024). Additionally, 

a laboratory study in rats found that less than 4% of an administered dose of 

parabens—while distinct from phthalates, both are linked to endocrine disruption—

was excreted in feces following oral, topical, and subcutaneous exposure (Aubert et 

al., 2012). These findings highlight persistent uncertainties about how these 

compounds are metabolized and eliminated from the body. 

 

This paper aims to address these gaps and move the needle on fecal phthalate 

analysis, as it relates to brain health. We focus on five major parent phthalic acid 

esters and their metabolites. We pair this descriptive data with socio-demographic 

data, geographic characteristics, and brain health biomarkers. Phthalate exposures 
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and the gut microbiome relationship is geographical in nature due to the effect both 

the natural and built environment has on behavior, aging, and accessibility of 

healthy living such as physical activity, quality food, education, health care. We 

examine phthalates as they relate to socio-demographic data, geographic 

characteristics, and brain health biomarkers in an effort to identify factors that work 

through biology to ‘get under the skin’ and affect aging, specifically ADRD risk. This 

targeted scope allows for method development and feasibility testing, while 

capturing biologically relevant exposure pathways at the gut level. 

Research Questions 

1. Method optimization and phthalate detection: Can fecal phthalate 

analysis methods be optimized to reliably detect phthalates (table 6) and their 

metabolites above methodological sensitivity thresholds, while minimizing 

contamination and storage-related bias? (n = 10) 

2. Gut microbiome characterization: What are the gut microbiome profiles 

and microbial metabolite patterns — including genus-level community 

composition, alpha and beta diversity — among MARS participants 

undergoing sequencing analysis? (n = 315) 

3. Exposure–microbiome–brain health relationships: Are fecal 

phthalate concentrations associated with gut microbiome composition, geo-

social factors, and brain health measures within the pilot sample? (n = 10) 
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Table 6 Major phthalate esters (PAEs) and their metabolites. Full name, abbreviation, chemical formula, and 
corresponding de-protonated species mass. 

 

We hypothesize that higher phthalate concentrations will be associated with 

dysbiotic gut profiles, examined via alpha diversity and comparisons of key genera 

and species — including Prevotella (indicative of plant- and fiber-rich diets), 

Akkermansia muciniphila (a marker of healthy gut mucosal integrity and metabolic 

health), and butyrate-producing genera. Depletion of these taxa may reflect a gut 

environment with compromised barrier function and greater systemic inflammatory 

potential (Bauer, Huus, & Finlay, 2016). This hypothesis is grounded in evidence 

that phthalates can alter microbial community structure and that dysbiotic profiles 

characterized by reduced SCFA production and elevated lipopolysaccharide (LPS) 

translocation are associated with neuroinflammatory risk (Vogt et al., 2017; Heston 

et al., 2023). While research on the phthalate-gut-brain axis is sparse, some work 
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has found an association between urinary levels of di(2-ethylhexyl) phthalate 

(DEHP), monomethyl phthalate (MMP), and mono-n-butyl phthalate (MnBP) and 

dysbiosis characterized by altered gut bacteria, bile acids, SCFAs, and amino acid 

metabolism in patients with dementia with Lewy bodies (Deng et al., 2024). 

Additionally, recent work has established that socioeconomic status extends its 

impact even to the gut; SES is strongly associated with both composition and the 

diversity of the gut microbiome (Zuniga-Chaves et al., 2023; Kwak et al., 2024). 

Whether phthalate exposure shapes the microbiome, or whether certain enterotypes 

create conditions favorable to phthalate retention and absorption, remains a key 

open question this research seeks to address. Upon exposure to phthalates, how each 

individual’s body systems processes, and potentially changes, the chemicals is still 

unknown; biomarkers within fecal samples are complex and can be a result of 

metabolism from gut microflora (Deda et al., 2015).  

To our knowledge, this study is among the first to quantify fecal phthalates in 

humans, and to evaluate these measures in relation to gut microbiome composition 

and cognitive outcomes. 

Background 

Phthalate exposure is associated with inflammation, and developmental and 

reproductive toxicity (Heudorf et al., 2007; Zarus et al., 2021). We can detect 

metabolites in human matrices, which are the broken down parent phthalate, 

indicating active processing. These monoester metabolites are reliable biomarkers 

for exposure (Johns et al., 2015; Radke et al., 2018). 
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Most phthalates are quickly broken down and leave the body through urine, sweat, 

and feces, often within a day. The vast majority of human phthalate exposure 

biomonitoring studies have focused on urinary phthalate metabolites, which reflect 

recent systemic exposure and rapid renal excretion (Hasan et al., 2025). In parallel, 

environmental measurements of parent phthalates are well documented in food, 

indoor air, dust, soil, and on skin or hands, providing important information on 

exposure sources and pathways (Campanale et al., 2020). Yet, because phthalates 

are in so many products (plastics, cosmetics, food packaging), "re-exposure" is 

continuous, meaning they're always present, even if not stored long-term (Wang, Y., 

& Qian, H., 2021). Low molecular weight phthalates can accumulate, such as in the 

kidneys, liver, and brain (Nihart et al., 2025). In one study examining phthalates in 

sweat, Di(2-ethylhexyl)phthalate (DEHP) was found in all samples, even when 

absent from corresponding urine samples, indicating both some degree of 

bioaccumulation and retention, and that perspiration might be an effective method 

to eliminate toxic phthalates (Genuis et al., 2012). 

There is a small body of literature examining wastewater to assess exposure and 

excretion of plasticizers such as phthalates. “Wastewater based epidemiology” has 

been previously used to monitor illicit drugs and viruses such as COVID-19 and polio 

(Larsen et al., 2024). Wastewater provides more accessible spatial and temporal 

monitoring, compared to individual biomarker sampling, and can serve to motivate 

public health interventions, or closer biomonitoring endeavors (Been et al., 2018). 

However, ambient environmental monitoring identifies external sources of phthalate 

exposure, whereas individual human biomonitoring more accurately captures 
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internal dose and biologically relevant exposure (Koch et al., 2009). Biomonitoring 

evidence demonstrates that phthalates can induce biological effects at low, 

environmentally relevant concentrations, presenting analytical challenges such as 

ubiquitous background contamination ("the phthalate blank problem"), which has 

been mitigated by focusing on specific hydrolytic and oxidative metabolites less 

prone to contamination (Koch et al., 2009).  

Recent research has investigated the interconnections between urinary phthalate 

metabolite concentrations, gut microbiome dysbiosis, and metabolic profiles in 

patients with Dementia with Lewy Bodies (Deng et al., 2024). The investigation 

incorporated human fecal microbiota transplantation experiments into mice, which 

served to elucidate the mechanistic role of phthalate metabolites in gut dysbiosis, 

phthalate exposure, and disease-relevant outcomes. 

A central question in this area concerns the route by which environmental plastics 

translate into internal biological burden. Emerging evidence suggests that dietary fat 

absorption represents a key gateway (Nihart et al., 2025). Lipid digestion involves a 

highly organized sequence: pancreatic enzymes break down and emulsify dietary 

fats, epithelial cells of the gut absorb the resulting fatty acids and repackage them 

into chylomicrons, and these lipid-rich particles are then transported into systemic 

circulation. Critically, this distribution is not random — chylomicrons are directed 

toward tissues with high lipid demand, including the brain, which is extensively 

composed of lipids and myelin. Microplastics may exploit this pathway by 

associating with dietary lipids and effectively “hitchhiking” through the same 

absorptive machinery the body uses for nutrient uptake (Nihart et al., 2025). Under 
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this "hijacking hypothesis,” gut and brain vasculature function less as protective 

barriers and more as inadvertent gateways for plastic translocation — though this 

framework remains under active investigation. 

Postmortem human brain tissue provides some of the most striking evidence of 

central nervous system accumulation to date. Nihart et al. (2025) found microplastic 

concentrations in brain tissue to be 5-8 times higher in individuals with dementia 

compared to those without, with plastics clustering in and around the arteriolar 

walls of affected brains. High concentrations were also identified in and around 

inflamed regions associated with immune cell infiltration, raising the question of 

whether plastics are driving neuroinflammation or whether sites of existing disease 

represent preferential destinations for plastic deposition; this directionality remains 

unresolved (Nihart et al., 2025; Somarelli et al., 2026). Some research additionally 

suggests that nanoplastics may promote the aggregation of pathological proteins 

including tau, beta-amyloid, and alpha-synuclein, potentially through surface 

chemistry interactions (West et al., 2026). This evidence requires cautious 

interpretation and replication.  

Our paper contributes to this growing body of knowledge by presenting a proof-of-

concept study assessing whether fecal phthalate metabolites can be reliably 

measured, an important step toward better characterizing plastic-associated 

exposures relevant to brain health. We contribute to filling the gap by providing a 

guide to detecting phthalate metabolites using a targeted and non-targeted screening 

approach for human fecal biomonitoring (Guo et al., 2019).  
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Data & Methods 

This study integrates participant visit- and fecal biospecimen-level data from the 

Microbiome in Alzheimer’s Risk Study (MARS. It is an on-going study that began in 

2016 and includes participants from the Wisconsin Registry for Alzheimer’s 

Prevention (WRAP) and Alzheimer’s Disease Research Center (ADRC) cohorts. 

Sequencing metadata derived from fecal samples was processed at University of 

Wisconsin-Madison. While some participants in MARS are also participants in 

WRAP and ADRC cohorts, the MARS dataset was designated as the authoritative 

source for participant demographics, clinical diagnoses, and cognitive and 

biomarker measures. We established a Materials Transfer Agreement and Biological 

Use Authorization plan in order to gain access to this restricted data, available upon 

application to the UW-Madison ADRC. 

 

I begin by describing the two groups we create from our MARS cohort (n = 315). 

Then I explain the measures we use to characterize them, including the Area 

Deprivation Index (ADI), the MIND diet scores, and gut microbiome analysis 

(shotgun metagenomics data, PERMANOVA, Principle Coordinate Analysis (PCoA), 

alpha diversity, and beta diversity). Next, I outline the fecal sample preparation, 

analytical workflow for phthalate detection, including chemical structure of 

phthalates and mass spectrometry (Group 2, n = 10). Finally, I report our plasma 

brain biomarker variables available for Group 2. 

 

We have two subsets of participants that we worked with for this paper. Group 1 

included 315 unique participants, all who have fecal samples that underwent 
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metagenomic sequencing and had this raw data available to be shared via Globus, a 

secure, cloud-based platform for transferring, sharing, and managing large datasets 

between institutions. We have the diagnosis and sparse plasma biomarkers for this 

group. Group 2 included 10 unique participants within Group 1 that were selected 

based on known levels of socio-economic deprivation as measured by the Area 

Deprivation Index, and we have complete plasma biomarker data for this group. 

 

The Area Deprivation Index (ADI), obtained from the Neighborhood Atlas, was 

merged into the MARS cohort dataset and was available for all participants. The ADI 

is a validated measure of neighborhood-level socioeconomic disadvantage and is 

commonly used to capture aspects of the adverse social exposome—the broader 

social and environmental conditions that shape health across populations (Kind & 

Buckingham, 2018; Figueroa et al., 2020; Kind et al., 2020). Calculated at the census 

block group level, the ADI combines multiple socioeconomic indicators, including 

income and poverty levels, educational attainment, employment, housing quality, 

transportation access, prevalence of single-parent households, and the proportion of 

older adults living alone. These indicators are integrated using a factor analysis 

model to generate a standardized score ranging from 1 to 10, with higher scores 

indicating greater neighborhood deprivation relative to other areas nationally or 

within a state. For this pilot study, ADI values were used to intentionally select ten 

eligible participants, including five residing in neighborhoods with low deprivation 

and five residing in neighborhoods with high deprivation. 
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The diet of each participant is assessed via their MIND diet score. The 

Mediterranean-DASH Intervention for Neurodegenerative Delay, known as the 

MIND diet, is a dietary pattern that has demonstrated protective benefits against 

cognitive decline (Barnes et al., 2023). The MIND diet focuses on consuming plant-

based foods, with an emphasis on green leafy vegetables, nuts, berries, fish, and olive 

oil. It encourages limiting foods with high levels of saturated fat and sugar, which 

may include processed meat, butter, margarine, sweets, and fried foods. A MIND 

diet 14-item questionnaire developed by Martha Clare Morris at Rush University was 

used as an abbreviated approach to assess adherence to these guidelines; scores 

range from 0 to 14, with lower scores indicating a less adequate diet with respect to 

brain health (Barnes et al., 2023). 

 

Gut microbiome composition for participants in Group 1—including the subset of 10 

participants in Group 2—was characterized using shotgun metagenomic sequencing 

of fecal samples (Quince et al., 2017). Shotgun metagenomic sequencing of human 

gut microbiome fecal samples involves extracting all microbial DNA present in a 

stool sample and sequencing it without targeting a specific gene. The resulting DNA 

fragments are computationally assembled and compared to a reference database or 

library to identify the microorganisms present and the genes they carry. This 

approach allows researchers to characterize both the taxonomic composition and 

functional potential of the gut microbiome at high resolution.  

 

We analyze and summarize the gut microbiome data using R (version 4.5.2; 2025-

10-31), leveraging the “vegan” package for ordination and community-level 
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statistical analysis (Oksanen et al., 2024). To provide structure to the inherently 

high-dimensional data, we apply enterotyping, which groups microbiomes based on 

the dominant bacterial genus (Arumugam et al., 2011). Although microbial 

community structure exists along a continuum rather than as discrete categories, 

enterotypes offer a useful framework for high-level interpretation.  

 

Enterotypes are identified using PAM (Partitioning Around Medoids) clustering, 

implemented via the “cluster” package in R (Kaufman & Rousseeuw, 1990; Maechler 

et al., 2024). PAM operates by selecting k actual data points, called medoids, that 

best represent the center of each cluster, then assigning all remaining samples to the 

nearest medoid based on a dissimilarity metric. Unlike k-means, which uses abstract 

centroids, PAM anchors each cluster to a real observation making it more robust to 

outliers and more interpretable in the context of microbial community profiles. To 

determine the optimal number of clusters, we evaluate average silhouette width 

across candidate values of k (Rousseeuw, 1987).  For each sample, the silhouette 

width measures how similar it is to its own cluster relative to the next-nearest 

cluster, ranging from -1 (misclassified) to +1 (well-matched); averaging these values 

across all samples produces a summary score for a given k. The value of k that 

maximizes average silhouette width is selected, balancing cluster cohesion and 

separation. This approach avoids arbitrarily imposing a fixed number of enterotypes 

and instead allows the structure of the data to guide the grouping.  

 

We formally test differences in microbial composition across enterotypes using 

PERMANOVA (Permutational Multivariate Analysis of Variance), a statistical test 
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used to determine whether the overall composition of microbial communities differs 

significantly between groups (Anderson, 2001). Briefly, the method first computes a 

distance matrix between all pairs of samples using a beta-diversity metric, then 

calculates a pseudo-F statistic — the ratio of between-group variance to within-group 

variance in that distance space. Group labels are then permuted thousands of times, 

with the pseudo-F recalculated at each iteration to build a null distribution; a p-

value is derived by asking how often a random permutation produces an F statistic 

as large as the observed one. To visualize this, we use Principal Coordinate Analysis 

(PCoA) to depict similarities and differences between samples, reducing complex 

microbial profiles into lower-dimensional space and enabling interpretation of 

patterns in community composition using ordination based on Euclidean distances 

(Gower, 1966). 

 

Because PCoA typically captures only a portion of total variation, often within the 

first two or three components, we interpret these results alongside additional 

metrics, particularly alpha diversity and other explanatory variables, to ensure a 

more complete and robust characterization of microbiome structure.  

 

Alpha diversity refers to the diversity of species within a sample. The Shannon index 

is a commonly used metric that assesses diversity by measuring both species 

richness and evenness within a community (Shannon, 1948). Values generally fall 

between 1.5 and 3.5 with higher values indicating greater diversity. Beta diversity 

refers to the compositional difference between any two samples. Bray Curtis 

dissimilarity index is a commonly used metric to assess beta diversity (Bray & Curtis, 
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1957). A value of 0 indicates that the samples are identical, while a value of 1 

indicates that they have no overlap.  

Laboratory Protocol 

Within Group 1, 10 fecal samples, selected based on their ADI and availability of 

plasma ADRD biomarkers, were shipped to UC-Santa Barbara to undergo phthalate 

analysis. Fecal samples were analyzed for multiple phthalate monoester metabolites.  

Frozen human fecal samples were stored at −80 °C until processing. Samples were 

thawed on ice and weighed (1.42–2.04 g wet weight). Exact mass was recorded for 

normalization. Standardized sample preparation practices for human fecal analyses 

were informed by Hosseinkhani et al. (2021). Fecal samples were extracted using a 

monophasic methanol protocol adapted from Kelly et al. (2022), suitable for 

UPLC-MS analysis of small molecule metabolites. Methanol is indicated for 

extraction of less polar compounds, such as phthalates (Deda et al., 2015). Methanol 

(UPLC–MS grade, pre-chilled to 4 °C) was added at a ratio of 10 mL per gram of 

feces (30 mL per 3 g target mass). Samples were vortexed for 30 s and agitated on an 

orbital shaker (125 rpm) for 30 min at 4 °C to facilitate extraction. Samples were 

centrifuged at 4,000 × g for 15 min at 4 °C to pellet particulate material. The 

supernatant was transferred to clean tubes and centrifuged again at 10,000 × g for 

10 min at 4 °C to ensure complete clarification. Clarified extracts were transferred to 

amber glass vials and stored at −80 °C until analysis. All materials in contact with 

samples were glass whenever possible to minimize background phthalate 

contamination. Prior to UPLC–MS analysis, extracts were transferred to 

autosampler vials for injection. The samples did not undergo dilution.  
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Detection of analytes used LC-MS/MS methods similar to those developed by CDC 

for phthalate metabolites, incorporating labeled internal standards to correct for 

instrument variability (CDC, 2017-2018). We purchased two phthalate standards: 

mono(2-ethylhexyl) phthalate (MEHP) and mono-n-butyl phthalate (mnBP), which 

correspond to the parent compounds Di(2-ethylhexyl)phthalate (DEHP) and Di-n-

butyl phthalate (DBP). The standards allow us to confirm their presence and 

retention times. Detection was performed in negative ionization mode. The mnBP 

standard produced a single, well-resolved peak at approximately 2.28 minutes with a 

mass-to-charge ratio (m/z) of 221.08, consistent with the expected [M-H]-⁻ ion. The 

MEHP standard eluted later at approximately 5.03 minutes, consistent with its 

greater hydrophobicity, and produced a characteristic ion at m/z 277.14. These 

standards established reference retention times and mass signatures used to identify 

target metabolites in subsequent sample analyses. 

DEHP (di-2-ethylhexyl phthalate) is a high–molecular weight plasticizer 

commonly used in PVC products (e.g., medical tubing, flooring, and food 

packaging), and it was measured via its primary metabolite, mono-2-

ethylhexyl phthalate (MEHP).  

DBP (dibutyl phthalate), a low–molecular weight phthalate used in personal 

care products, adhesives, and coatings, was assessed using mono-n-butyl 

phthalate (MnBP). 
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A  B   

Figure 1 (A) LC chromatographic confirmation of (A) mono-n-butyl phthalate (mnBP) (B) mono(2-ethylhexyl) phthalate 
(MEHP) analytical standard. 

In addition to these standards, we also screened the data for other prominent 

phthalates based on their expected mass-to-charge ratios. While we can learn about 

retention times of phthalates from the literature that examines them in human 

urine, for example, we cannot glean the retention times and exact mass spectral 

characteristics from the literature because our exact conditions are a critical factor in 

determining the phthalate signature in our laboratory. The corresponding standards 

are needed to definitively determine their retention times and confirm identities on 

our column.  

Chemical Structure of Parent Phthalates of Interest 

 

Figure 2 PubChem 2D structural images of parent phthalates examined in this paper. From left to right: Di-ethyl phthalate, 
Di-n-butyl phthalate, Butylbenzyl phthalate, Di-(2-ethylhexyl) phthalate, Di-iso-nonyl phthalate. 

The analytical workflow is optimized for low-level detection. Metrics for detecting 

phthalates in human feces do not exist. We draw on the findings from Jagani and 
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colleagues (2025), which reviews quantification of exposome measures to ground 

our work among other established results analyses of phthalates in human biological 

matrices. Our study does not expect to directly replicate urinary biomonitoring 

metrics, but rather to complement them by capturing fecal-level toxicant presence 

relevant to gut microbial ecology. Phthalate monoester metabolites are known to be 

present at substantially lower concentrations in feces than in urine, reflecting 

differences in absorption, metabolism, and excretion pathways. Experimental 

animal studies suggest that only a small fraction of phthalate metabolites are 

eliminated via feces, with the majority excreted in urine (EPA, 2017). As a result, 

fecal concentrations are expected to be lower, more variable, and more sensitive to 

measurement error. Table 7 provides a brief overview of studies that have examined 

phthalates, and their laboratory performance. 

 

Table 7 Depicts chemical classes, target analytes, and detection performance across different human biological matrices, 
adapted from Jagani et al., 2025. 

Chemical 
Class 

Analytes Matrix LOD 
Range 
(ng/mL) 

LOQ 
Range 
(ng/mL) 

Detection 
Frequency 
(%) 

Recovery 
Range 
(%) 

Study  

Phthalates MMP, 
MEHP, 
MIBP 

Human 
urine 

0.01-1.0 Not 
specified 

≥ 20% Not 
specified 

Lee et 
al., 
2022 

Phthalates MEHP, 
MBP, 
DEHP 
metaboli
tes 

Urine 0.078-
0.425 

0.236-
1.289 

0-100%, 
Majority ≥ 
90% 

85-114% Oh et 
al., 
2025 

Phthalates DEHP 
metaboli
tes, 
DiNP 
metaboli
tes 

Urine 0.004-
0.53 

Not 
specified 

6-100% 70-129% Kunde 
et al., 
2025 
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Quality control (negative controls) procedures were implemented throughout the 

analytical workflow. Procedural blanks consisting of methanol only (solvent without 

sample) were processed in parallel with samples to assess background 

contamination (Hitha et al., 2023). Extraction blanks were also carried through the 

full workflow to identify potential contamination introduced during sample 

handling.  

 

To evaluate whether sample storage conditions could influence our phthalate 

retention, we conducted a brief experiment on a fresh fecal sample. We divided it 

into two aliquots, and a known quantity of mnBP phthalate was added to each. One 

aliquot was processed immediately through the full laboratory workflow— extraction 

and analysis—on the same day the sample was produced. The second aliquot was 

stored at −80 °C for three days prior to undergoing the same laboratory procedures. 

Chromatograms from the two samples were then compared. The results indicate that 

both samples have matching m/z peaks and retention times, and are of similar 

intensity levels. Although this short experiment cannot fully replicate the long-term 

storage conditions of samples kept frozen, some for up to five years, it provides 

preliminary evidence that mnBP and likely phthalates in general, remain detectable 

in fecal samples following freezing at −80 °C and do not appear to degrade over 

short-term storage.  

Mass spectrometry 

To determine whether the samples in our study contain phthalates, we utilize the 

Waters Acquity H-class Ultra High Pressure Liquid Chromatography (UPLC) system 
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coupled with a Waters Xevo G2-XS Time-of-Flight Mass Spectrometer with high 

resolution (10 ppm or less). With an electrospray ionization (ESI) source, the Time-

of-flight mass spectrometry (ToF-MS) can provide mass data up to 100,000 m/z 

either operating with the UPLC or independently, and signals can be optimized by 

operating in resolution or sensitivity mode. We are able to resolve the parent ion and 

its fragments, using increased collision energy, providing quantitative and 

qualitative results. 

 

Figure 3 Waters UPLC-MS. UCSB Materials Research Laboratory. Polymer Lab. 

 

During mass spectrometric analysis, analytes were ionized in negative electrospray 

ionization (ESI−) mode, which is well-suited for detecting compounds that readily 

form deprotonated species. “Species” refers to the distinct ionic forms of molecules 

that are detected by the instrument; different charged versions or fragments of a 

compound. In this process, molecules typically gain a negative charge through the 

loss of a proton, producing [M–H]⁻ ions that are detected based on their mass-to-
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charge (m/z) ratios. The resulting mass spectrum contains peaks corresponding to 

molecular ions and fragment ions, which can be used to infer the chemical 

composition and structure of the analytes. The most abundant and stable ion in the 

spectrum, referred to as the base peak, is assigned a relative intensity of 100%, and 

all other peaks are scaled proportionally. Analysis of the m/z values and 

fragmentation patterns enables the identification and confirmation of phthalate 

metabolites. 

Table 8 LC method parameters for the UPLC-MS of phthalates within stool samples. Mobile phase A: Water + 0.1% 
Formic Acid. Mobile phase B: Acetonitrile + 0.1% Formic Acid. 

Time (min) Flow Rate (mL/min) % A  % B  % 
C 

 % 
D 

Curve Initial 

initial 0.300 70.0 30.0   Initial 

0.20 0.300 70.0 30.0   6 

0.75 0.300 52.0 48.0   6 

7.00 0.300 42.0 58.0   6 

7.10 0.300 0.0 100.0   6 

8.30 0.300 0.0 100.0   6 

8.40 0.300 70.0 30.0   6 

11.00 0.300 70.0 30.0   6 

 

Fecal phthalate metabolites were analyzed using ultra-performance liquid 

chromatography coupled with mass spectrometry (UPLC-MS). Chromatographic 

separation was achieved using a reversed-phase C18 (octadecylsilane) column, in 

which a non-polar stationary phase facilitates retention of hydrophobic compounds 

such as phthalates. A traditional LC gradient was utilized for separation with water 

and acetonitrile mobile phases, both containing 0.1% formic acid, enabling efficient 

elution and ionization (see Table 8). As in traditional column chromatography, 
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separation is driven by differential interactions between analytes, the stationary 

phase, and the mobile phase; compounds partition based on their polarity and 

chemical properties, resulting in distinct retention times. Compared to conventional 

column chromatography, UPLC provides enhanced sensitivity, resolution, and the 

ability to analyze small sample volumes, making it well-suited for detecting 

phthalate metabolites. Analytes were identified and quantified based on their 

retention times and mass spectral characteristics across the chromatographic run. A 

signal rising above 3x the background noise was considered present. Any signal 

below 1e3 was recorded as trace to absent.  

Plasma Brain Biomarkers 

Three plasma biomarkers were examined to assess neuroinflammatory and 

neurodegenerative burden among Group 2: glial fibrillary acidic protein (GFAP), 

neurofilament light chain (NfL), and phosphorylated tau 217 (ptau-217). These 

markers index glial activation, neurodegeneration, and AD pathology respectively.  

 

Plasma GFAP and NfL levels were measured using the Simoa Neurology 4-Plex E 

assay at the University of Wisconsin ADRC Biomarker Lab, utilizing the Quanterix 

HD-X platform. Plasma pTau217 levels were measured using the ALZpath p-Tau 217 

Advantage PLUS assay at the University of Wisconsin ADRC Biomarker Lab, 

utilizing the Quanterix HD-X platform. All concentrations are reported in pg/mL. 

Cut-off values identifying thresholds warranting further clinical attention Identifying 

are developed for each assay, and are not standardized across assays and research 

sites. This is an ongoing challenge for the field of AD biomarkers, and efforts are 
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underway to determine more universal ways to communicate AD biomarkers across 

clinics despite varying laboratories, methodology, and patient populations; ratios 

between biomarkers (e.g., p-tau217/p-tau181 and Aβ42/Aβ40 ratio) (Mayo 

Foundation for Medical Education and Research, 2022; Khasanov, Tolibov, & 

Daminova, 2026). 

 

Plasma GFAP is a structural protein released by astrocytes in response to injury or 

neuroinflammation, and while this marker is not specific to one neurodegenerative 

disease, its elevated concentrations have been associated with increased likelihood of 

underlying amyloid pathology. Plasma NfL, a marker of axonal damage and 

neuronal injury more broadly, reflects the degree of active neurodegeneration 

regardless of its etiology. Elevations signal ongoing or cumulative neuronal loss, 

which may be present across a range of neurodegenerative conditions (Simrén et al., 

2022). Plasma ptau-217 is the most Alzheimer's Disease-specific of the three, with 

elevated concentrations directly associated with amyloid plaque pathology 

characteristic of Alzheimer's disease. However, a positive result alone is insufficient 

for an Alzheimer’s disease dementia diagnosis and must be interpreted alongside 

other patient-specific clinical information (ARUP Laboratories, 2025). 

 

In this study, we used GFAP as a marker of glial reactivity and early amyloid-

associated astrocytic response, NfL was used to capture neuronal injury; and ptau-

217 was used to capture pathology central to AD pathophysiology. While only 

working with a small N, the pilot project explored the feasibility of testing the extent 
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to which phthalates may be associated with pathology as indexed by these 

biomarkers. 

Results 

Participant characteristics are summarized in Table 9 and 10. The cohort was 

predominantly female (64.4%) and White (88.3%), with a mean age of 67.1 ± 7.1 

years. The cohort has a mean of 16.2 ± 2.8 years of education, reflecting a relatively 

well-educated sample. Many participants (88.9%) were cognitively unimpaired at 

the time of fecal sample collection, while 11.1% carried a diagnosis of Alzheimer's-

related cognitive impairment — including Dementia-AD (7.0%) and MCI-AD (2.5%). 

The sample also reflected impaired-other (1.3%), and non-AD MCI (0.3%). Most 

participants reported moderate levels of physical activity, with 73.9% exercising 

more than once per week. The cohort has a mean BMI of 29.1 ± 6.1, indicating 

overweight status. Stool consistency as measured by the Bristol Stool Scale was 

concentrated in the normal range, with Types 3 and 4 accounting for approximately 

59.2% of the sample. Gut microbiome alpha diversity was moderate, with a mean 

Shannon diversity index of 3.9 ± 0.3 and 168.1 ± 41.9 observed species, consistent 

with typical diversity levels reported in older adult cohorts. Neighborhood-level 

socioeconomic disadvantage, assessed via ADI state rank, was distributed across all 

deciles, with the largest proportion of participants residing in the least deprived 

areas (Deciles 1–3, 42.2% combined). 
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Table 9 Demographic and clinical characteristics of the MARS cohort (n = 315). Activity level is self-reported physical 
activity (5-point scale). Bristol Stool Scale reflects stool consistency at time of sample collection (7 point scale). 
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Table 10 Demographic and clinical characteristics of the MARS cohort (n = 315). Continuous variables are reported as 
mean ± standard deviation. 

Characteristic Mean ± SD 

Age 67.1 ± 7.1 

BMI 29.1 ± 6.1 

Education 16.2 ± 2.8 

APOE NP Score 0.7 ± 1.1 

Shannon Diversity 3.9 ± 0.3 

Observed Species 168.1 ± 41.9 

 

Group 1 Analysis 

Gut microbial community composition varied across participants, as visualized in 

Figure 4. This is a principal coordinate analysis map of gut microbial community 

composition across all participants, colored by the two enterotypes that emerged 

from the data. Each point is one individual's microbiome; proximity between points 

reflects compositional similarity as determined by the Bray-Curtis Dissimilarity 

Index. Samples that clustered more closely together exhibited greater similarity in 

overall microbial composition, while separation along the first two principal 

coordinates reflected broader compositional differences. 
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Figure 4 Gut microbiome enterotypes among Microbiome in Alzheimer’s Risk Study (MARS) participants (n = 315). Colors 
denote enterotypes based on dominant genera. Enterotype 1 = Orange, Enterotype 2 = Green. 

 

Figure 5 Relative abundance of the top five bacterial species within each enterotype. 

 

Distinct dominant taxa characterize each enterotype, highlighting differences in 

community structure between groups (Figure 5). Enterotype 1 was characterized by a 

predominance of Bacteroides (total abundance = 6.31), followed by Blautia (5.38), 

Ruminococcus (4.00), Phocaeicola (3.78), and Faecalibacterium (3.51). In contrast, 

Enterotype 2 was driven primarily by Prevotella (4.57), with Faecalibacterium 
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(3.86), Blautia (3.30), Bacteroides (2.37), and Phocaeicola (2.35) also contributing 

to overall abundance. While several genera were present across both enterotypes, 

their relative contributions differed, with higher Bacteroides abundance 

distinguishing Enterotype 1 and greater Prevotella abundance distinguishing 

Enterotype 2. 

 

Enterotype 1 was defined by a dominant Bacteroides signature, consistent with a 

Western dietary pattern high in animal protein and fat. Bacteroides occupies a 

foundational ecological role in the gut: it metabolizes polysaccharides and 

oligosaccharides, providing nutrition and vitamins to the host and supporting other 

microbial residents, effectively sustaining what has been described as the "microbial 

food web" of the gut (Zafar & Saier, 2012). Beyond nutrition, Bacteroides 

interactions with the gut mucus layer are considered pivotal for microbiota assembly 

and stability. A species of particular focus in the literature is B. thetaiotaomicron. It 

has been shown to influence butyrate production by Eubacterium ramulus and 

modulate flavonoid degradation dynamics, with downstream implications for gut 

immune signaling (Zafar & Saier, 2012). Despite these beneficial roles, Bacteroides 

species are opportunistic pathogens capable of causing extraintestinal infections; 

following entry into the bloodstream, they may access the central nervous system via 

penetration of the blood-brain barrier through olfactory and trigeminal cranial 

nerves (Zafar & Saier, 2012). This duality, whereby the same microbial taxa can 

sustain host health under conditions of balance yet promote pathology when that 

balance is disrupted, is not unique to Bacteroides, but is often observed in host-

microbiome relationships. The gut microbiome functions less like a passive 
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bystander and more like a dynamic regulatory organ: through metabolic, immune, 

and neuroendocrine signaling, it can exert an influence far beyond the intestines. 

When microbial equilibrium is maintained, these signals support barrier integrity, 

immune tolerance, and metabolic homeostasis. When dysbiosis arises, the same 

pathways can become vectors for systemic harm, implicated across a spectrum 

ranging from chronic inflammatory and metabolic conditions such as obesity, type 2 

diabetes, and cardiovascular disease, to acute trajectories including infection 

susceptibility and sepsis (MahmoudianDehkordi et al., 2019; Chen et al., 2024; 

Liang et al., 2026 preprint). In this sense, the gut microbiome reach is systemic, and 

its disruption can carry consequences beyond itself. 

 

Also prominent in Enterotype 1 were Blautia, Ruminococcus, Phocaeicola, and 

Faecalibacterium — a consortium of taxa collectively enriched in carbohydrate 

fermentation and short-chain fatty acid (SCFA) production. Blautia, one of the top 

ten most detected genera in the healthy human gut (representing 2–8% of the 

microbiome), plays a key role in indigestible carbohydrate degradation and produces 

acetate, which contributes to gut barrier integrity (Arumugam et al., 2011; Eren et 

al., 2015; Maturana & Cárdenas, 2021; Sheridan et al., 2016). Its abundance has 

been positively associated with whole grain consumption (Martínez et al., 2013), 

suggesting dietary responsiveness. Ruminococcus contributes particularly to 

butyrate production and possesses a complex repertoire of genes involved in 

cellulose hydrolysis, reflecting adaptation to plant-rich diets; notably, within the 

literature, R. bovis and R. champanellensis have been linked to non-Western 

lifestyle patterns (Valentino et al., 2024). Phocaeicola, though variable in its effects, 
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can beneficially degrade complex polysaccharides into SCFAs and has been 

implicated in immune regulation, including anti-atherosclerotic effects, though it 

retains opportunistic pathogenic potential outside the gut (Nakashima et al., 2025). 

Faecalibacterium, a keystone taxon typically comprising 5–15% of the total 

microbiota in healthy individuals, is among the most significant butyrate producers 

in the gut; through this mechanism it fuels colonocyte energy metabolism, reinforces 

the gut epithelial barrier, and exerts anti-inflammatory effects (Zou et al., 2025). 

 

Enterotype 2 was distinguished by elevated Prevotella, characteristic of agrarian, 

high-fiber, plant-heavy dietary patterns and more prevalent in non-Western 

populations (Yeoh et al., 2022). While Prevotella is a beneficial commensal adapted 

to fiber-rich substrates, its overrepresentation has been associated with rheumatoid 

arthritis, gut inflammation, and cardiovascular complications, again illustrating the 

fine line between commensalism and pathogenicity within the microbiome. Several 

taxa shared across both enterotypes — Faecalibacterium, Blautia, Bacteroides, and 

Phocaeicola — suggest a core functional microbiota that persists regardless of 

enterotype, with community-level differences likely reflecting proportional shifts 

rather than wholesale compositional divergence. These findings reinforce that 

enterotype classification can detect meaningful variation in the gut bacteriome even 

within a relatively homogenous sample like ours, and potentially capture ecologically 

and functionally variation in the gut bacteriome. 

 

Alpha diversity differed significantly between enterotypes. Enterotype 2 

demonstrated greater species richness and diversity than Enterotype 1, with a higher 
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mean number of observed species (190.15 ± 36.18 vs. 159.13 ± 40.84; W = 5691, p < 

0.001) and a higher mean Shannon diversity index (3.97 ± 0.35 vs. 3.83 ± 0.31; W = 

7007, p < 0.001). These differences suggest that the Prevotella-dominant gut 

community characteristic of Enterotype 2 supports a more diverse microbial 

ecosystem, consistent with its association with high-fiber, plant-rich dietary patterns 

that are known to promote microbial richness. These findings should be interpreted 

in the context of the unequal distribution between groups, with Enterotype 1 

comprising approximately 71% of the sample (n = 224 vs. n = 91), which may affect 

the precision of estimates for Enterotype 2. 

 

PERMANOVA analysis confirmed that overall microbial composition differed 

significantly between the two enterotypes (R² = 0.04, F = 14.28, p = 0.001). 

Although statistically significant, the effect size was modest, indicating that the 

enterotypes reflect shifts in relative abundance among shared taxa rather than 

completely distinct microbial ecosystems. 

Group 2 Analysis 

From the 315 participants with metagenomic sequencing data described earlier, we 

selected a subset of ten fecal samples for phthalate analysis. Five samples were 

drawn from individuals residing in neighborhoods with low Area Deprivation Index 

(ADI) scores and five from high-ADI neighborhoods. This proof-of-concept design 

allows us to evaluate and refine our analytical procedures for fecal phthalate 

detection before scaling to the full sample. Piloting the method on a small, 
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strategically selected subset optimizes laboratory protocols and analytical workflows, 

improving efficiency and cost-effectiveness as the study expands. 

 

Detailed demographic and clinical characteristics of the ten selected participants are 

presented in Table 11. All samples are labeled with anonymized identifiers to 

preserve participant confidentiality. The mean age is 67.25 years. Seven participants 

are female and three are male. Eight participants identify as White and two as Black 

or African American. Mean years of education is 14.9. Consistent with the sampling 

design, five participants reside in low-ADI neighborhoods (ADI = 1) and five in high-

ADI neighborhoods (ADI = 9 or 10). All participants are from Wisconsin. 
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Table 11 Geo-social and cognitive biomarkers in ten fecal samples from the Microbiome in Alzheimer's Risk Study (MARS). 
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Nine of ten participants have a Bristol Stool Form Scale classification within the 

ideal or normal range; one participant has a Bristol type 5 classification, which is 

slightly outside the typical range. The mean BMI is 31.94, indicating mild obesity on 

average. Dietary quality, assessed using the MIND diet score, averaged 7.8 (7.6 when 

wine intake is excluded). The total MIND diet score ranges from 0 to 15 and 

represents the sum of 15 component dietary indicators, with higher scores reflecting 

greater adherence to the MIND dietary pattern. 

 

Based on enterotyping conducted on the full set of 315 samples, six participants in 

this subset are classified as Enterotype 1 and four as Enterotype 2. The mean 

Shannon diversity index is 3.90, and the average number of observed microbial 

species is 162.7. All participants were cognitively normal at the time of sample 

collection. Plasma biomarkers of neurodegeneration were also assessed: mean 

plasma glial fibrillary acidic protein (GFAP) was 106.87 pg/mL, mean plasma 

neurofilament light chain (NfL) was 13.84 pg/mL, and mean plasma phosphorylated 

tau 217 (p-tau217) was 0.33 pg/mL. Together, these measures provide a baseline 

characterization of neurodegenerative biomarker burden within this exploratory 

subset. 

 

Phthalate analyses were conducted across all ten samples, with results summarized 

in Figure 6. Green circles indicate strong signal detection (i.e., base peak 3x 

background noise), yellow circles indicate trace detection (clear signal yet not 

necessarily 3x background noise), and gray circles indicate non-detection (far below 

E3). Prevalence within samples reflects the proportion of phthalates detected per 
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sample; prevalence across samples reflects the proportion of samples in which each 

phthalate was detected. Of the 19 phthalates screened, 14 were detected in at least 

one sample. The remaining five — diethyl phthalate, di-n-butyl phthalate, mono-n-

butyl phthalate, mono-(2-ethylhexyl) phthalate, and mono-(2-ethyl-5-hydroxy-

hexyl) phthalate — were not detected in any sample. Butylbenzyl phthalate was 

ubiquitous, present in all ten samples (100%), and di-(2-ethylhexyl) phthalate was 

nearly as prevalent, identified in 90% of samples. 

 

Two samples warrant particular attention from a brain health standpoint. Sample 10 

presented with the highest plasma GFAP concentration (187.44 pg/mL), the highest 

p-tau217 value (0.95 pg/mL), an ADI of 9, Enterotype 2 classification, and a within-

sample phthalate prevalence of 47% — the second highest in the cohort. This 

convergence of adverse exposures and biomarker burden makes Sample 10 the most 

concerning profile in the pilot study. Sample 8, by contrast, resides in a low-

deprivation area (ADI = 1), yet presents the second-highest p-tau217 at 0.50 pg/mL, 

illustrating that socioeconomic advantage does not confer straightforward protection 

from neurodegenerative pathology. Together, these two cases reinforce that no 

single geo-social variable cleanly predicts brain biomarker burden in this cohort, and 

raises the possibility that microbiome composition influences phthalate metabolism, 

neuroinflammatory signaling, or both. 
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Figure 6 Detection of 19 phthalates in ten fecal samples from the Microbiome in Alzheimer's Risk Study (MARS (n = 10).. 
Green circles indicate strong signal, yellow circles indicate trace, and gray circles indicate non-detection. 
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Figure 7 Percent phthalate detected stratified by ADI score. Microbiome in Alzheimer’s Risk Study (MARS) (n = 10). 

 

A notable pattern in this subset is that ADI level tracks with enterotype: participants 

in high-deprivation neighborhoods (ADI = 9 or 10) cluster into Enterotype 2, while 

low-deprivation participants (ADI = 1) are predominantly Enterotype 1. However, no 

corresponding gradient is apparent between ADI and phthalate prevalence (Figure 

7). Low-ADI participants ranged from 16% to 58% in within-sample phthalate 

prevalence, while high-ADI participants ranged from 21% to 47%. While the N was 

quite small, the initial findings regarding the lack of a clean gradient may challenge 

the assumption that socioeconomic disadvantage is a primary driver of chemical 

exposure in this context, and suggests that future work should incorporate more 

granular exposure data including occupation and household product inventories and 

more measures that can address ways the body may build resilience, such as 

exercise, sleep, and stress levels. 
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Discussion 

The gut microbiome is not a static entity; its composition is shaped by intrinsic and 

extrinsic forces including host physiology, genetics, health status, antibiotic 

exposure, and diet (Voreades, Kozil, & Weir, 2014; Pope et al., 2025). Most species 

within this ecosystem have the capacity to exert both beneficial and detrimental 

effects on the host, underscoring the context-dependent nature of host-microbiome 

relationships. The findings reported here address our three scientific questions 

concerning method optimization, gut microbiome characterization, and the 

relationships among phthalate exposure, microbiome composition, and brain health. 

 

Method optimization and phthalate detection. The first research question 

asked whether fecal phthalate analysis methods could be optimized to reliably detect 

phthalates and their metabolites at concentrations exceeding methodological 

sensitivity thresholds, while minimizing contamination and storage-related bias. The 

analytical procedures successfully detected phthalates while addressing challenges 

related to storage conditions, environmental contamination, and signal validity, 

supporting the hypothesis that optimized methods can produce reliable fecal 

phthalate measurements. Two parent compounds — butylbenzyl phthalate (100% 

prevalence) and di-(2-ethylhexyl) phthalate (90% prevalence) — were detected 

across nearly all samples regardless of diet quality, microbiome enterotype, or 

neighborhood deprivation status. Their near-universal presence is consistent with 

their widespread use in food packaging, flooring materials, and personal care 

products, and suggests a shared environmental baseline exposure across this 
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Wisconsin population that ADI alone cannot capture. Within-sample prevalence 

ranged from 16% to 58%, with Sample 6 (ADI = 1, female, Black or African 

American) carrying the highest burden despite residing in a low-deprivation area — 

a pattern pointing toward exposure pathways, potentially occupational, dietary, or 

related to housing materials, that intersect in ways standard deprivation indices do 

not fully index. 

 

An important interpretive question arising from this work is whether elevated fecal 

phthalate detection reflects greater exposure burden, more efficient elimination, or 

some combination of the two. While the ideal circumstance is no exposure and 

therefore no excretion, this is practically unattainable in an industrialized society. 

From an intervention standpoint, it may be most productive to focus on enhancing 

excretion and on fostering gut conditions that limit systemic absorption during 

intestinal transit — questions that larger follow-up studies should address directly. 

 

Gut microbiome characterization. The second research question asked what 

gut microbiome profiles and microbial metabolite patterns characterize participants 

undergoing sequencing analysis. Distinct enterotype profiles emerged across the full 

cohort (n = 315): Enterotype 1 is characterized by Bacteroides dominance and 

Enterotype 2 by elevated Prevotella abundance, a distinction that mirrors well-

documented dietary and lifestyle gradients in the literature. Notably, Enterotype 2 

also demonstrated significantly greater alpha diversity and species richness 

compared to Enterotype 1. In the pilot subset, ADI tracked with enterotype, with 

high-deprivation participants clustering into Enterotype 2 and low-deprivation 
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participants predominantly classified as Enterotype 1. Together, these patterns 

support the hypothesis that meaningful variation in gut microbiome composition 

exists within the cohort, and position enterotype as a potential moderating variable 

for both phthalate metabolism and downstream brain health effects. 

 

Exposure–microbiome–brain health relationships. The third research 

question asked whether fecal phthalate concentrations are associated with gut 

microbiome composition, geo-social factors, and brain health measures. The 

evidence partially supports the hypothesis that such associations exist, though the 

pilot sample size limits the strength of inference that can be drawn. Enterotype 2 

samples tended toward higher p-tau217 values relative to Enterotype 1 samples, 

raising the possibility that microbiome composition influences phthalate 

metabolism, neuroinflammatory signaling, or both. Sample 10 in particular — 

combining Enterotype 2 membership with high phthalate burden, high ADI, and the 

most adverse brain biomarker profile in the cohort — may represent a convergence 

of gut-brain-environmental risk factors. While no causal inference can be drawn 

from a sample of ten, this pattern is consistent with emerging literature on the gut-

brain axis and warrants longitudinal investigation. Shannon diversity and observed 

species counts did not show a clear gradient with phthalate burden or biomarker 

severity, though the sample size precludes ruling out such a relationship. MIND diet 

scores did not vary dramatically enough in this small sample to support firm 

conclusions; the relationship between dietary quality and phthalate metabolite 

burden nonetheless remains a compelling avenue for larger study. 
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Future directions. Taken together, the three research questions converge on a 

picture in which no single geo-social variable cleanly predicts brain biomarker 

burden, yet signs of convergent risk are apparent — a signal consistent with the gut-

brain axis literature. These preliminary findings support a multi-factorial model of 

phthalate-related neurotoxic risk in which geographic deprivation, gut microbiome 

composition, sex, diet quality, and specific compound exposure each contribute in 

ways not reducible to any single variable. That the most concerning profile in this 

cohort — high ADI, high phthalate burden, Enterotype 2, and the highest plasma 

amyloid and neurodegeneration biomarker values — occurred in a cognitively 

normal individual underscores the value of early biomarker surveillance. Larger, 

longitudinal studies with more granular exposure characterization, including 

occupational history, household product inventories, and measures of biological 

resilience such as sleep, physical activity, and stress, will be essential to disentangle 

the directionality and relative contribution of these intersecting geo-social and 

biological factors. 

Limitations & Conclusion 

Social exposome, and the greater Brain Health Synercome (Baez et al., 2026), calls 

for a framework that captures whole-body health, addressing the social and physical 

exposome. Increasingly, research agendas are called to focus on structural and 

environmental influences, rather than single exposures. Identifying adversities 

across the life course helps provide context and direction for preventative efforts. 

Exposome research has the potential to inform both vulnerability and resilience 

approaches to cultivate greater, more equitable brain health (Baez et al., 2026).  
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Given that exposome research studies the dynamic interactions between body 

systems, social and physical exposures, and brain health measures, it is a behemoth 

of a research program. This paper is the tip of the iceberg for fecal phthalate analysis 

as it relates to brain health. Several limitations of this study warrant consideration. 

The first is that phthalate analysis was conducted on only 10 of the 315 participants 

in the MARS cohort for whom gut metagenomic sequencing data are available, to 

serve as a proof of concept for future studies. While this pilot subset was sufficient to 

evaluate analytical feasibility and generate preliminary observations, the sample size 

precludes any inferential statistical analysis, and no findings should be interpreted 

as generalizable beyond this group. Replication in the full cohort — or a substantially 

larger subset — is necessary before conclusions about exposure patterns, 

microbiome relationships, or brain biomarker associations can be drawn with 

confidence. 

 

A central methodological challenge in this work is the near-absence of standardized 

protocols for measuring phthalate metabolites in human fecal material. Established 

analytical methods have been developed primarily for urine, and this study required 

adaptation of those urine-based protocols to a chemically and physically distinct and 

complex matrix, i.e., stool (Deda et al., 2015). The performance characteristics of 

these adapted methods — including extraction efficiency, metabolite recovery, and 

signal clarity — require additional evaluation, and some uncertainty remains 

regarding how well fecal phthalate measurements capture true exposure relative to 

urinary biomarkers. This limitation also reflects a broader gap in the field, and the 
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work presented here contributes directly to addressing it. More research is needed to 

better understand how body systems interact with and process phthalate chemicals, 

the possibility that some storage and elimination pathways may be more favored, 

and the acknowledgement of the variety of responses possible between individuals 

with the same exposures (Deda et al., 2015). We observed that when a parent 

compound was detected, the corresponding metabolite typically was not, and vice 

versa, which has implications for interpreting fecal versus urinary measures. 

 

DEHP exposure estimation can illustrate these concerns. Di-(2-ethylhexyl) phthalate 

is a high-molecular-weight phthalate whose primary urinary metabolite, MEHP, 

represents only approximately 10% of the original DEHP dose (Heudorf et al., 2007). 

The oxidative metabolites, including MEOHP, MEHHP, and particularly 5cx-MEPP, 

provide substantially more accurate estimates of total DEHP exposure and offer the 

advantage of longer elimination half-lives, making them less sensitive to the rapid 

intestinal transit that can obscure time-weighted exposures (Koch et al., 2006). A 

priority for future work could be to simultaneously estimate parent phthalates and 

their metabolites in urine, feces, and sweat, capturing multiple matrices and 

allowing for comparison of quantification of the phthalates, giving insight into the 

different pathways they take within the body.  

 

The ubiquity of phthalates in the environment introduced a persistent 

contamination risk throughout sample collection, processing, and analysis. To 

mitigate this, rigorous quality control procedures were employed, including 

procedural blanks, spiked samples, and controls distributed throughout the 
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analytical workflow. Nonetheless, the possibility of low-level contamination cannot 

be entirely excluded, and results should be interpreted with this in mind. Related to 

this, phthalate solubility is restricted to a narrow set of organic solvents, water is not 

among them, which affects extraction efficiency and may contribute to variability in 

chromatographic signal intensity across samples. 

 

The fecal samples analyzed here were drawn from a biobank in which specimens 

have been stored frozen for variable durations, in some cases exceeding five years. 

Freeze-thaw history and storage duration may influence metabolite stability and the 

integrity of the fecal matrix, introduce additional uncertainty when comparing 

values across samples. The degree to which long-term frozen storage affects fecal 

phthalate metabolite recovery is not yet well characterized in the literature and 

represents a meaningful source of unmeasured variability. We carried out a brief 

experiment to determine if freezing the samples exerted an effect on the sample 

durability, as explained in the Data & Methods section. Our results showed that 

freezing samples did not reduce phthalate retention, but this was done in a 

controlled environment and stored for only a short time. 

 

This pilot study demonstrates that measurement of phthalate metabolites in human 

fecal samples is analytically feasible and that fecal phthalate profiling holds 

meaningful promise as a complement to traditional urinary biomonitoring. By 

measuring metabolites directly in feces, this approach achieves closer temporal and 

biological alignment with gut microbiome composition than urinary analyses alone 

can offer. The ability to pair fecal phthalate data with existing metagenomic 
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sequencing data from the broader MARS cohort positions this work as a foundation 

for future investigation into the gut as both a site of phthalate metabolism and a 

potential mediator of downstream biological effects. 

 

Preliminary observations in this pilot subset suggest that the relationship between 

geo-social factors and phthalate exposure is not straightforward. Area Deprivation 

Index did not predict within-sample phthalate burden in any consistent direction — 

samples from both low- and high-deprivation areas spanned a wide range of 

detected metabolites. Certain compounds, particularly butylbenzyl phthalate and di-

(2-ethylhexyl) phthalate, were detected across nearly all samples regardless of 

socioeconomic context, reflecting the pervasive presence of these chemicals in 

shared consumer and food environments. These patterns suggest that exposure is 

shaped by a complex interplay of individual-level factors — including diet, lifestyle 

materials (housing, clothing, containers), occupation, and personal care product use 

— that standard deprivation indices do not adequately capture. Future analyses 

should incorporate more granular exposure characterization alongside structural 

geo-social measures. 

 

At the individual level, the sample with the highest phthalate burden in this pilot 

also presented with the most elevated plasma GFAP, NfL, and ptau-217 values, as 

well as high area-level deprivation and Enterotype 2 gut microbiome classification. 

While no causal inference can be drawn from a pilot of this scale, this convergence is 

consistent with a hypothesis in which phthalate exposure, gut microbiome 
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composition, and geo-social stressors interact over time to contribute to 

neurobiological burden.  

 

Borrowing from van der Kolk's observation that the body keeps score, we might 

extend this framing to suggest that the brain, too, keeps score — accumulating the 

biological consequences of environmental chemical exposures and structural 

inequalities across the life course. Testing this hypothesis rigorously will require 

longitudinal data, larger sample sizes, and integrative models that treat these 

exposures as co-occurring rather than independent. 

 

In sum, this feasibility study establishes the groundwork for a novel research 

program linking fecal phthalate metabolomics, gut microbiome ecology, geo-social 

determinants, and brain health biomarkers in an aging cohort. The analytical 

challenges encountered and addressed here — matrix adaptation, contamination 

control, metabolite completeness — contribute practical knowledge to a field where 

standardized fecal methods are still nascent. Future work extending these analyses 

to the full MARS cohort (and other, more diverse cohorts), incorporating oxidative 

DEHP metabolites, and integrating urinary alongside fecal biomarkers will be 

essential to advancing understanding of how phthalate exposure shapes brain aging 

across diverse socioeconomic contexts.
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● Air pollution monitoring in Puente Piedra remains limited despite its dense 

population. 

● Mixed micro- and macro-level data reveal unexpected cognitive health 

patterns. 

● PM2.5 and PM10 show no significant association with cognitive function. 

● Further proximity to major roads is significantly associated with poorer 

cognitive function. 

● Cognitive impairment prevalence increased steadily as SES levels decreased.  

● Findings highlight the need for improved pollution monitoring in 

disadvantaged areas. 

Abstract 

INTRODUCTION: In 2021, more than 60% of the 57 million people living with 

dementia worldwide resided in low- and middle-income countries (LMICs), a 

proportion expected to increase substantially as global populations age. Pollution 

has been identified as one of 12 modifiable risk factors for Alzheimer's disease and 

related dementias (ADRD) (Livingston et al., 2020), yet the environmental, social, 

and structural determinants of ADRD remain underexplored in LMICs. This study 

examines how pollution exposures, particularly air quality, and individual-level 

factors interact to influence cognitive impairment in Puente Piedra, a growing 

district in Lima, Peru with poor health indicators. METHODS: We analyzed 

secondary data from a door-to-door population-based study (n = 1,066) and publicly 

available atmospheric data from six PurpleAir sensors. Roadway data is accessed via 

QGIS, obtained through OpenStreetMap. The analytic sample included adults aged 
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30 years and older with measures of cognitive function and geolocated residence. 

Exposure variables included particulate matter (PM2.5 and PM10), temperature, 

humidity, and proximity to roads (log-transformed). Cognitive outcomes were 

assessed using the Peruvian version of the Rowland Universal Dementia Assessment 

Scale (RUDAS-PE) and Addenbrooke’s Cognitive Examination (ACE), analyzed 

individually and as a combined indicator of cognitive impairment with or without 

functional impairment, assessed by the Pfeffer Functional Activities Questionnaire 

(PFAQ). Descriptive analyses, spatial buffer analysis, and logistic regression 

modeling were conducted to evaluate associations between environmental exposures 

and cognitive outcomes. RESULTS: No significant associations were observed 

between particulate matter (PM2.5 or PM10) and cognitive outcomes. However, 

proximity to roads was significantly associated with cognitive function, with the 

strongest relationship observed for ACE scores. Descriptive patterns indicated a 

counterintuitive gradient in which individuals living closer to roads had slightly 

better cognitive scores and lower rates of cognitive impairment. DISCUSSION: The 

null PM2.5 and PM10 findings likely reflect limited exposure contrast across only six 

sensor zones and possibly residual ecological confounding by unmeasured 

neighborhood-level factors not captured by individual SES adjustment. Proximity to 

roads showed a counterintuitive protective pattern consistent with urban access 

advantages in this peri-urban context, rather than traffic-related harm. Improved air 

quality monitoring and more detailed environmental data are needed to disentangle 

these dynamics to effectively inform public health interventions in rapidly 

urbanizing, resource-constrained settings. 



117 

Research in Context  

Systematic Review: We searched PubMed and GoogleScholar using the terms (air 

pollution OR PM2.5 OR PM10 or particulate matter) AND (cognitive impairment OR 

dementia OR neurocognitive) AND (Latin America OR Peru OR low-and-middle-

income countries) and focused on work from 2020 - 2026. We identified a limited 

but growing literature linking ambient particulate matter to cognitive outcomes. We 

did not find any studies using publicly available sensor-based exposure 

characterization linked to validated cognitive assessments in the northern Lima 

metropolitan area, nor Peru at large. Interpretation: This study found no 

statistically significant association between sensor-assigned PM2.5 or PM10 and 

cognitive impairment in a cross sectional survey population in Puente Piedra, Peru. 

The absence of an exposure gradient across six sensor zones – rather than a true null 

mechanistic biological effect – may explain this null result. Proximity to major roads 

was significantly associated with Addenbrooke's Cognitive Examination (ACE) 

scores in adults aged 30 - 59 (β -0.92, p = 0.004, age and sex adjusted), with the 

counterintuitive direction likely reflecting urban access advantages rather than 

pollution burden in this peri-urban context. Future Directions: Future studies in 

the urban periphery of Lima should deploy denser sensor networks or personal 

exposure monitors to generate individual-level exposure estimates based on activity 

spaces. Disentangling pollution from socio-economic access gradients requires 

simultaneous fine-grained measurement of both environmental exposures and social 

determinants of health. Indoor air quality monitoring and wearable mobility data 

would further improve exposure characterization in settings where time spent 

indoors and commuting patterns substantially modify true exposure. 
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Introduction 

Dementia represents one of the most urgent global health challenges of the twenty-

first century. The World Health Organization estimates that 55 million people are 

currently living with dementia worldwide, with approximately 60% residing in low- 

and middle-income countries (LMICs) (World Health Organization, 2021a). If 

current trajectories continue without intervention, this figure is expected to rise to 

71% of cases living in LMICs. Diagnosis and service gaps are substantially more 

severe in LMICs than high-income countries (HICs): some estimates suggest that up 

to 90% of dementia cases in LMICs go undiagnosed, compared to 20-50% in HICs 

(Dementia Statistics, 2021). Community-based dementia services are more than 19% 

more prevalent in HICs than in LMICs, and up to 51% more prevalent than in rural 

LMIC settings (Dementia Statistics, 2021).  

 

Particulate matter (PM) refers to tiny solid particles and liquid droplets suspended 

in the air; they are classified by size in micrometers (µg/m3). PM10 includes particles 

10 micrometers or smaller, often originating from dust, construction, agriculture, 

pollen, and mining waste. PM2.5 includes finer particles sized 2.5 micrometers or 

smaller, which is about 30 times thinner than a human hair. Typical sources of 

PM2.5 are combustion sources like vehicles, wildfires, power plants, and industrial 

activity. A key difference between the two are the pathways in which they can 

negatively impact health; PM10 particles can be inhaled through the nose and throat 

and irritate the respiratory tract, however, the body’s natural defense systems can 

often filter them out effectively. In contrast, PM2.5 is far more dangerous because it 

can penetrate the alveoli of lungs, the bloodstream, and even the integrity of the 
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blood brain barrier (Arias-Pérez et al., 2020; Butler et al., 2025; Gimeno-Ferrer et 

al., 2026; B. Zhang, Weuve, et al., 2023).  A substantial epidemiological literature 

from North America, Europe, and East Asia examine pollution exposure as it relates 

to health outcomes, emphasizing the role of pollution in cardiac, respiratory, 

immune, and neurological health (D. Chen et al., 2025; B. Zhang, Langa, et al., 2023; 

B. Zhang, Weuve, et al., 2023; Zheng et al., 2025). Increasingly, research is linking 

exposure to PM2.5 and PM10 in Latin America with accelerated cognitive aging, 

mild cognitive impairment, and dementia (Carrasco-Escobar et al., 2020; Moguilner 

et al., 2024; Parra et al., 2021; Porta et al., 2018; Steenland et al., 2022; Tapia et al., 

2020; Warren et al., 2021; Zegarra-Valdivia et al., 2025). However, this research is 

underexplored, and LMIC, including Latin American countries (LAC), are under-

represented. A 2022 systematic review found that pooled all-cause dementia 

prevalence in the LAC region was 10.7%, with higher rates among women, rural 

residents, and those without formal education (Ribeiro et al., 2022). To help fill this 

gap, this paper examines ambient air pollution and particulate matter (PM) as a 

potentially modifiable risk factor for cognitive impairment and dementia in an 

under-represented, peri-urban community outside of Lima — one with both a 

documented higher-than-expected rate of neurocognitive disorders and a large 

proportion of residents without formal education (Herrera-Perez et al., 2023). 

 

Peru’s capital, Lima, is one of the most polluted cities in Latin America, with 

pollution driven primarily by traffic and industrial activity (Air Quality Database, 

n.d.; Informe Nacional de La Calidad Del Aire 2013 - 2014, n.d.). Within Lima’s 43 

districts, Puente Piedra, which is in the northern metropolitan cone, is among the 
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most socially and economically vulnerable (Herrera-Perez et al., 2023). The district 

sits at approximately 237 meters elevation in a peri-urban zone characterized by 

rapid population growth, limited regulatory air quality monitoring, and high 

concentrations of informal economic activity including brick kilns and heavy vehicle 

traffic along the Panamericana Norte (Herrera-Perez et al., 2023). A geospatial 

analysis of Lima’s pollution landscape designated Puente Piedra as a high-risk area, 

with estimated PM2.5 concentrations of 30 µg/m3 (5 µg/m3 annual mean is the 

WHO target) and PM10 concentrations of 60 µg/m3 (15 µg/m3 annual mean is the 

WHO target) and exposure of approximately 100,000 vulnerable residents (Romero-

Baylón et al., 2024).  

Two critical research gaps converge in Puente Piedra: (1) air pollution-cognition 

research has focused mostly on high-income populations with regulatory-grade 

monitoring, and (2) environmental exposures as determinants of dementia in Latin 

America remain understudied. This paper addresses both simultaneously. We use a 

network of publicly available low-cost PurpleAir citizen-science sensors 

independently deployed across and around the district, linking them to validated 

cognitive assessments in a community-based sample of 1,066 adults. We address 

three research questions: (RQ1) whether ambient PM2.5, PM10, temperature, and 

humidity are associated with cognitive impairment among adults in Puente Piedra; 

(RQ2) whether residential proximity to major roads is independently associated with 

cognitive impairment; and (RQ3) whether socioeconomic status confounds or 

modifies the relationship between environmental exposures and cognitive outcomes. 

We hypothesize that higher PM2.5 and PM10 concentrations, along with adverse 

meteorological conditions, will be associated with increased cognitive impairment 
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and lower scores on the RUDAS-PE and ACE-III (H1); that closer residential 

proximity to major roads will similarly predict poorer cognitive outcomes, reflecting 

greater traffic-related exposure burden (H2); and that these associations will vary by 

socioeconomic status, with individuals of lower SES experiencing greater cognitive 

vulnerability to environmental exposures (H3). Beyond their local implications, our 

findings speak to the methodological challenges of conducting environmental 

epidemiology in under-resourced settings and to the urgent need for more granular, 

equitably distributed atmospheric monitoring in the communities that bear the 

greatest pollution burden. 

Methods 

Study Site and Participants 

This analysis uses data from a 2022 cross-sectional, door-to-door 

neuroepidemiological study conducted in Puente Piedra, Lima, Peru, using two-

stage household cluster sampling, described in detail elsewhere (Herrera-Perez et 

al., 2023). Participants were adults aged 30 years or older residing in sampled 

“conglomerados” (similar to census tracts or block groups) across the district. The 

final analytical sample comprised 1,066 participants: 313 older adults aged 60-95 

years (mean age: 69 土 7) assessed with the Peruvian Version of the Rowland 

Universal Dementia Scale (RUDAS-PE), and 753 younger adults aged 30-59 years 

(mean age: 43土 9) assessed with the Addenbrooke’s Cognitive Examination-III 

(ACE-III). Full sociodemographic and health data were collected during in-person 

household interviews.  
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Figure 8 Map of study area and participant locations, colored by cognitive status. RED = dementia, PINK = mild cognitive 
impairment, GREEN = healthy. Asterisk = sensor. Participants (n=1,066), Sensors (n = 6). 

PurpleAir Sensor Network and Exposure Characterization 

Ambient air quality data were obtained from a network of six PurpleAir low-cost 

optical particle sensors (sensor IDs: 159005, 159435, 159599, 180021, 180043, 

180119) deployed in the vicinity of the study area (PurpleAir in Research, n.d.). 

Figure 8 depicts a Google map locating Peru within South America and QGIS map of 

the study area, Puente Piedra in Lima, Peru. The map indicates locations of 

participants and their cognitive status. Red represents participants with cognitive 

impairment with functional compromise (dementia), pink represents participants 

with cognitive impairment without functional compromise (mild cognitive 

impairment), and green represents participants that are cognitively healthy. The 

green asterisk marks the locations of the sensors. PurpleAir sensors use laser light 

scattering to measure airborne particle concentrations, generating PM2.5 and PM10 
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readings from two independent internal channels (A and B). The exact range of each 

sensor depends on local weather and wind patterns, but the estimated coverage is 

about 50-100 meters. Previous research using PurpleAir sensors has demonstrated 

their potential to enhance air quality monitoring by complementing regulatory 

networks, supporting Sustainable Development Goals related to reducing air 

pollution, reliably capturing particulate matter variation in urban environments, and 

empowering local communities to address environmental health concerns 

(Stavroulas et al., 2020; Keyes et al., 2023; Wallace and Zhao, 2023; Lassalle, 2024). 

All data were downloaded via the PurpleAir Historical Data Download Tool for the 

period January 2022 through January 2026 using 43,200-minute (30-day) 

averaging intervals (Table 12). Due to sparse coverage of air quality data for our 

survey timeframe, we have gathered average levels of air pollution over multiple 

years, allowing our exposure measures to serve as a proxy for typical exposure within 

the district, based on six sensors present for any period of time from 2022 (when the 

cross-sectional study data was collected) to 2025 (when we began this paper). 

 

Table 12 Description of each sensor; PurpleAir ID, PurpleAir sensor name (shortened), available data timeframe, and the 
number of participants in our sample located nearest each sensor. 

Nearest 
Sensor ID 

Nearest Sensor Name Coverage n 

180119 PuenteP Estadio Jul 2023-Dec 2025 361 

159005 MiPeru Mid 2024-Dec 2025 501 

180043 SanMa 2024-Dec 2025 127 

159599 Comas 2024-Dec 2025 54 

159435 Ventanilla Mid 2024-Dec 2025 19 

180021 Carab Mid 2024-Dec 2025 4 
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Before linking sensor data to participants, we validated sensor performance using 

internal A/B channel agreement. PurpleAir sensors contain two independent laser 

counters (channels A and B) that measure simultaneously, and agreement between 

them serves as a quality control indicator. The Environmental Protection Agency 

(EPA) recommends flagging sensors when the absolute PM2.5 difference exceeds 5 

µg/m³ or the percent difference exceeds ~70%, though at the mean concentrations 

observed in this study (~30–40 µg/m³), a 5 µg/m³ discrepancy represents only 

~13–17%, suggesting large absolute differences are more detrimental to 

interpretation at lower concentration ranges. Observations were excluded when 

absolute disagreement between channels exceeded 5 µg/m3 or relative disagreement 

exceeded 70%. Our monthly mean values from channels A and B were compared for 

each sensor (see Figure 9). Sensor 159005 (MiPeru) showed the greatest temporal 

variability in A-B channel agreement across the monitoring period, which may 

reflect sensor maintenance issues or environmental contamination given its location 

in a historically informal settlement. Sensitivity analyses using alternative thresholds 

(2-20 µg/m3 absolute; 25-100% relative) produced similar exposure estimates, 

confirming robustness of our approach.  

 

Post-QC sensor means were computed across the full monitoring period for each 

sensor: PM2.5, PM10, temperature, and humidity. Sensor geographic coordinates 

were obtained via the PurpleAir API, as coordinates are not included in the historical 

data download. Each participant was assigned the mean average exposure values of 

the sensor nearest their location (unique composite ID derived from sector + 
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“conglomerado”), determined by a nearest-feature spatial join using projected 

coordinates (UTM Zone 18S, EPSG:32718). Every participant was assigned a sensor 

based on which one of the six available were closest to them; no cutoffs were 

employed. All four sensor-derived variables — PM2.5, PM10, temperature, and 

humidity — were examined as exposures, each modeled separately given high 

collinearity across sensor-zone-assigned variables. Sensor coverage across the 1,066 

participants sample was uneven: the two primary sensors (MiPeru and PuenteP 

Estadio) covered 501 and 361 participants respectively, with the remaining four 

sensors covering between 4 and 127 participants.  
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Figure 9 A-B Channel Agreement Heatmaps (PM2.5 and PM10) across six sensors, 2022-2026. Darker purple indicated 
lower disagreement (higher reliability); yellow-green indicates greater channel divergence. 
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Figure 10 PurpleAir Time Series (1st-99th percentile) PM2.5, PM10, temperature, and humidity across six sensors, post-
QC. 
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Mean PM2.5 across sensors ranged from 30.9 to 40.1 µg/m³, a difference of 

approximately 9 µg/m³. To contextualize this, the WHO 2021 annual mean 

guideline for PM2.5 is 5 µg/m³, with interim targets (IT) set at 35 µg/m³ (IT1) and 

25 µg/m³ (IT2) for settings where the guideline is not yet achievable. All sensors in 

our study area fell beyond the IT1 and IT2 thresholds, indicating uniformly elevated 

exposure across participants. The PurpleAir Time Series plot presenting PM2.5, PM 

10, temperature, and humidity across the six PurpleAir sensors is in Figure 10. 

Sensor 180021 had the highest mean PM2.5 (39.6 µg/m³), but contributed only 4 

participants to the analytic sample and therefore had negligible influence on model 

estimates. The two sensors covering the majority of participants (n=501, mean 32.7 

µg/m³; n=361, mean 34.0 µg/m³) differed by only 1.3 µg/m³. Temperature and 

humidity were similarly compressed, ranging 75.7–77.8°F and 52.9–56.8% 

respectively. However, this apparent spatial homogeneity likely reflects a limitation 

of the sensor network rather than the true pollution environment. Within the 

literature, Puente Piedra is identified as among the highest-variability districts in 

metropolitan Lima, with PM concentrations fluctuating substantially by time of day, 

season, and local meteorological conditions (Warren et al., 2021). Annual mean 

sensor averages, as used here, smooth over this within-zone temporal variability, 

potentially obscuring meaningful exposure contrasts that finer-grained temporal or 

individual spatial monitoring would capture. 

Road Proximity 

OpenStreetMap road data for the study area were exported from QGIS as a 

geopackage. Road features classified as trunk, primary, or secondary were retained 
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(n=345 features: trunk = 83, primary = 22, secondary = 240), representing the 

major road network. Euclidean distance from each participant’s conglomerate 

centroid to the nearest major road feature was computed using the sf package in R 

after reprojection to UTM Zone 18S. The resulting distance variable ranged from 9 

meters to 4.5 km (median 674m, mean 1,001m), with a right-skewed distribution 

indicating the need for log-transformation. Road exposure was operationalized using 

log(distance + 1) to the nearest road of any classification, with additional binary 

indicators for proximity within 100m and 500m. 

Socioeconomic Status 

Socioeconomic status (SES) was operationalized using the Nivel Socioeconómico 

(NSE) classification, a composite index developed by Ipsos and administered by the 

Peruvian Association of Market Intelligence Companies (APEIM). The NSE assigns 

households to one of five levels — A (highest) through E (lowest) — based on a 

weighted scoring system that draws on multiple structural and household variables, 

including the education level of the head of household, asset ownership, access to 

services such as private health insurance, and housing characteristics. Because each 

household receives a total score that determines its classification, the levels are 

mutually exclusive but not defined by any single criterion. The NSE is primarily a 

structural and material classification, distinct from the monetary poverty measure 

tracked by INEI; a household's level reflects its assets and access to services rather 

than its income or expenditure directly. The approximate asset profiles associated 

with each level are: 
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● NSE A = household head has higher education; owns a car for personal use; 

has private health insurance 

● NSE B = owns a computer/laptop and has home internet access 

● NSE C = owns a refrigerator or washing machine 

● NSE D = has a bathroom connected to public sewage 

● NSE E = unable to cover monthly cost of basic food and necessities 

Cognitive Outcomes 

Three cognitive outcomes were operationalized. The primary outcome was a binary 

variable derived from the dementia classification variable for the full sample coded 

“0” for no cognitive impairment (cognitively healthy) and “1” for cognitive 

impairment both with or without functional impairment. Cognitive impairment 

without functional impairment is considered mild cognitive impairment (MCI) and 

cognitive impairment with functional impairment is considered dementia 

Alzheimer’s Foundation of America, n.d.). Functional impairment was assessed with 

the Pfeffer Functional Activities Questionnaire (PFAQ) instrument (Pfeffer et al., 

1982). For older adults (60+), the RUDAS-PE score was used as a continuous 

outcome (scored 0-30; lower scores indicate greater impairment). For younger 

adults (30-59), the ACE-III total score was used as a continuous outcome (scored 0-

100). Classification cutoffs were: in younger adults, ACE-III <70 indicated cognitive 

decline; in older adults RUDAS-PE scores of ≤ 23 and ≤ 19 distinguished possible 

mild cognitive impairment and possible major neurocognitive disorder (dementia) 

respectively (Herrera-Perez et al., 2023).  
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RUDAS-PE is a multiculturally valid cognitive assessment tool designed to be less 

influenced by education or language (Custodio et al., 2021). It has a total score of 30 

and a score of 22 or less suggests cognitive impairment. It assesses memory, body 

orientation, praxis (planning/coordination), drawing, judgement, and language 

(Vara et al., 2022).  

 

ACE-III is a comprehensive and widely used screening tool for detecting dementia 

and early cognitive impairment. It is scored out of 100, with higher scores indicating 

better cognitive functioning. It captures five domains: attention/orientation, 

memory, fluency, language, and visuospatial function. It takes about 20 minutes to 

administer (Bruno & Schurmann Vignaga, 2019).  

 

The Pfeffer Functional Activities Questionnaire (PFAQ) is an instrument completed 

by the patient’s caregiver or family member to assess competency with tasks like 

managing finances, shopping, transportation, and remembering 

appointments(Pfeffer et al., 1982). It takes about ten minutes to administer. Total 

scores range from 0 to 30, with higher scores indicating higher levels of impairment. 

Statistical Analysis 

Descriptive statistics were computed for all participant characteristics, exposure 

variables, and cognitive outcomes, stratified by sensor zone and SES level. For the 

primary binary outcome, logistic regression models were fit using the full analytic 

sample. For continuous outcomes, linear regression models were fit separately for 

older adults (RUDAS-PE) and younger adults (ACE).  
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All four sensor-derived environmental variables – PM2.5, PM10, temperature, 

humidity – were examined as exposures alongside log-distance to nearest road, with 

each entered separately as the primary predictor given high collinearity across 

sensor-zone-assigned variables (variance inflation factors (VIF) exceeded 5 for 

humidity and 10 for PM10 in a fully adjusted model; common convention is to keep 

VIF below 5). Exposures were standardized (mean = 0, SD = 1) to facilitate 

comparison in forest plots. Models were fit in three stages: unadjusted, adjusted for 

age and sex, and fully adjusted for age, sex, SES, BMI, education, civil status, 

occupation, hypertension, glucose level, and chronic disease status – all selected a 

priori based on established confounders in cognitive epidemiology and availability 

within our sample (Livingston et al., 2020).  

 

To account for the nested structure of the data — participants clustered within 

“conglomerados” nested within sectors — a unique composite cluster ID was derived 

from sector and “conglomerado” identifiers, and cluster-robust standard errors were 

applied to all models. To assess potential spatial confounding, sociodemographic 

and health characteristics were tested across sensor zones using chi-square and 

Kruskal-Wallis tests (categorical variables, with Monte Carlo p values due to small 

expected cell counts in some zones); no significant differences were observed (all p > 

0.10; Supplementary Table 1), indicating that the zones were comparable in baseline 

characteristics..  
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Spearman correlations between road distance and all sociodemographic variables 

were additionally computed to assess the strength of associations between road 

proximity and measured covariates. Road proximity findings were examined in 

sensitivity analyses stratified by road classification (trunk, primary, secondary) and 

an interaction term between road proximity and SES was tested to assess effect 

modification. 

 

All analyses were conducted in R (Version 2026.01.1+403). 

Results 

Sample Characteristics 

The analytic sample includes 1,066 participants across five sectors of Puente Piedra. 

Overall, 14.9% of the sample met criteria for cognitive impairment (including both 

with and without functional impairment). The older adult subsample (ages 60-95 

years; mean age 69 土 7) included 328 individuals assessed with RUDAS-PE, and the 

younger adult subsample (ages 30-59 years; mean age 43 土 9) included 753 

individuals assessed with ACE-III. The sample was predominantly female (69.9%), 

with a mean age of 50.8 years and mean BMI of  28.8. Approximately 25.7% had 

hypertension, and 37.4% reported a chronic disease. The majority (57.1%) were 

enrolled in Seguro Integral de Salud (SIS), Peru's government-subsidized public 

health insurance program. In terms of socioeconomic status, the largest proportion 

were classified as level of B (45.7%, e.g., owning a laptop/PC or microwave), followed 
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by NSE C (31.8% e.g., owning a refrigerator or washing machine). Full descriptive 

statistics are presented in Table 13.  

Table 13 Participant characteristics and environmental exposures (n = 1,066). 

Panel A: Sociodemographic and Health Characteristics 

Variable % or Mean (SD) n 

Age, mean (SD) 50.8 1,066 

Sex   

Male 30.1 321 

Female 69.9 745 

Education   

None 5.1 54 

Primary 27.9 297 

Secondary or higher 67.1 715 

Civil Status   

Partnered 63.3 675 

Single 20.4 217 

Separated/Widowed 16.2 173 

Occupation   

Employed 43.5 464 

Homemaker 33.6 358 

Not employed 22.8 243 

BMI, mean (SD) 28.8  

Hypertension   

Yes 25.7 274 

No 74.2 791 

Native language   

Castellano 79.5 848 

Quechua o Aimara 20.5 218 
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Health Insurance   

SIS 57.1 609 

Essalud 21.0 224 

Uninsured 14.4 154 

Other 7.4 79 

Chronic Disease   

Yes 37.4 399 

No 62.6 667 

Socio-economic Status 
Level   

NSE A (highest) 7.3 78 

NSE B 45.7 487 

NSE C 31.8 339 

NSE D 8.7 93 

NSE E (lowest) 5.6 60 

   

Panel B: Environmental Exposures and Cognitive 
Outcomes 

Variable Mean (SD) n 

Environmental Exposures   

PM 2.5 µg/m³ 33.5 (1.7) 1,066 

PM 10 µg/m³ 39.9 (2.0) 1,066 

Temperature, °F 77.4 (0.6) 1,066 

Humidity, % 55.6 (0.7) 1,066 

Distance to nearest road, m 1,001 (674) 1,066 

Cognitive Outcomes   

Dementia   

Yes 14.9 159 

No 85.1 907 
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ACE score, mean (SD)* 78.8 (11.3) 753 

RUDAS-PE score, mean (SD)* 23.8 (3.3) 328** 

*ACE administered to adults aged 30–59 (n=753); RUDAS-PE 
administered to adults aged 60+ (n=313) 
** Some younger adults (30-59) also have RUDAS-PE scores, 
however, our later models will correctly use 313 (i.e., adults aged 
60+ as the denominator for our RUDAS-PE models 

 

Sensor Zone Characteristics 

Exposure assignment was dominated by two sensors: MiPeru (n = 501, PM2.5 = 32.7 

µg/m3) and PuenteP Estadio (n = 361, PM2.5 = 34.0 µg/m3) together covered 862 of 

1,066 participants (81%). The remaining four sensors each covered between 4 and 

127 participants, with Carab (n = 4) and Ventanilla (n = 19) having sample sizes too 

small for meaningful inference. Sensor-averaged PM2.5 across the monitoring 

period ranged from 30.9 to 40.1 µg/m3 across the six sensor zones, all exceeding the 

WHO 2021 annual PM2.5 guideline (World Health Organization, 2021b) of 5 µg/m3, 

and most fall within the “Moderate” to “Unhealthy for Sensitive Groups” range of 

U.S. Environmental Protection Agency (EPA) Air Quality Index (AQI). Full exposure 

and cognitive outcome distributions by sensor zone are presented in Table 2.  Full 

descriptive exposure and cognitive outcomes by PurpleAir sensor zone are presented 

in Table 14. % CI = percentage of participants meeting criteria for cognitive 

impairment. RUDAS-PE score (max 30) was administered to adults aged 60 and 

older; ACE score (max 100) to adults aged 30–59. 
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Table 14 Exposure measures and cognitive outcomes by PurpleAir sensor zone. 

Panel A: Main Exposure Measures 

Sensor ID 
Sensor 
Name n 

PM 2.5 
(µg/m³) 

PM 10 
(µg/m³) 

Temperatur
e (µg/m³) 

Humidity 
(µg/m³) 

180021 Carab 4 39.6 45.2 77.7 53.9 

159005 MiPeru 501 32.7 39.9 77.6 55.6 

180119 
Puente P 
Estadio 361 34 39.2 77.8 55.6 

180043 SanMa 127 32.6 37.9 76.4 56.8 

159435 Ventanilla 19 30.9 41.3 77.7 53 

159599 Comas 54 40.1 48 75.7 53.8 

       

Panel B: Road Exposure Measures 

Sensor ID 
Sensor 
Name n 

Mean 
Distance to 
Any Road 

(m) 
Trunk 

Roads (m) 
Primary 

Roads (m) 
Secondary 
Roads (m) 

180021 Carab 4 1161 1161 1602 1332 

159005 MiPeru 501 888 1059 1887 1029 

180119 
Puente P 
Estadio 361 408 851 3705 431 

180043 SanMa 127 3200 3681 3291 4287 

159435 Ventanilla 19 1112 1999 3102 1112 

159599 Comas 54 796 807 1792 1760 

       

Sensor ID 
Sensor 
Name n 

% Cognitive 
Impairment 

Mean (SD) 
RUDAS-

PE 
Mean (SD) 

ACE  

180021 Carab 4 25 NA 73.0 (8.7)  

159005 MiPeru 501 15.4 24.1 (3.3) 78.6 (11.2)  

180119 
Puente P 
Estadio 361 14.7 23.6 (3.3) 79.5 (11.5)  

180043 SanMa 127 15.7 23.2 (3.7) 78.1 (11.9)  

159435 Ventanilla 19 15.8 24.5 (3.5) 78.6 (10.4)  

159599 Comas 54 9.3 24.5 (2.9) 79.2 (10.7)  
Note: A participant is noted as cognitively impaired if they meet criteria for dementia or mild 
cognitive impairment. (RUDAS-PE score (max 30) was administered to adults aged 60 and older; 
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ACE score (max 100) to adults aged 30–59. 

 

Average covariate characteristics across sensor zones were broadly comparable. No 

significant differences were observed across any sociodemographic or health 

characteristic (all p > 0.10; Table 15) supporting the assumption that exposure was 

not systematically associated with participant characteristics.  

 

Table 15 Comparison of socio-demographic and cognitive measures across six PurpleAir Sensor locations. 

Character
istic N Carab 

N = 4 
Comas 
N = 54 

MiPeru 
N = 501 

PuenteP 
Estadio 
N = 361 

SanMa 
N = 127 

Ventani
lla 

N = 19 
P 

Value 

Age 1,066 55.0 
(14.9) 

52.2 
(14.8) 

50.6 
(14.8) 51.5 (14.0) 49.8 

(14.4) 
46.5 

(13.8) 0.5 

Sex 1,066       0.4 

Females  3 (75%) 40 (74%) 351 (70%) 241 (67%) 94 (74%) 16 (84%)  

Males  1 (25%) 14 (26%) 150 (30%) 120 (33%) 33 (26%) 3 (16%)  

ACE score  73.0 (8.7) 79.2 
(10.7) 78.6 (11.2) 79.5 (11.5) 78.1 

(11.9) 
78.6 

(10.4) 0.6 

RUDAS  NA (NA) 24.5 (2.9) 24.1 (3.3) 23.6 (3.3) 23.2 (3.7) 24.5 (3.5) 0.5 

Education 1,066       0.2 

None  0 (0%) 5 (9.3%) 26 (5.2%) 13 (3.6%) 10 (7.9%) 0 (0%)  

Primary  1 (25%) 18 (33%) 148 (30%) 98 (27%) 25 (20%) 7 (37%)  

Secondary 
or higher  3 (75%) 31 (57%) 327 (65%) 250 (69%) 92 (72%) 12 (63%)  

Civil 
Status 1,065       0.5 

Partnered  3 (75%) 30 (56%) 320 (64%) 225 (63%) 88 (69%) 9 (47%)  

Single  0 (0%) 15 (28%) 103 (21%) 74 (21%) 19 (15%) 6 (32%)  

Separated 
or widowed  1 (25%) 9 (17%) 78 (16%) 61 (17%) 20 (16%) 4 (21%)  

BMI 1,061 26.3 (2.2) 28.1 (4.8) 29.0 (5.1) 28.7 (4.9) 28.7 (4.5) 30.8 (6.1) 0.2 

Hyperten
sion 1,065       0.5 
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None  4 (100%) 44 (81%) 367 (73%) 261 (72%) 100 
(79%) 15 (79%)  

Hypertensi
on  0 (0%) 10 (19%) 133 (27%) 100 (28%) 27 (21%) 4 (21%)  

Native 
Lanugage 1,066       0.4 

Castellano  4 (100%) 41 (76%) 407 (81%) 288 
(80%) 95 (75%) 13 (68%)  

Quechua o 
Aimara  0 (0%) 13 (24%) 94 (19%) 73 (20%) 32 (25%) 6 (32%)  

Health 
Insurance 1,066       0.2 

SIS  1 (25%) 37 (69%) 293 (58%) 188 (52%) 79 (62%) 11 (58%)  

Essalud  3 (75%) 8 (15%) 102 (20%) 89 (25%) 18 (14%) 4 (21%)  

Uninsured  0 (0%) 6 (11%) 68 (14%) 55 (15%) 23 (18%) 2 (11%)  

Other  0 (0%) 3 (5.6%) 38 (7.6%) 29 (8.0%) 7 (5.5%) 2 (11%)  

Occupatio
n 1,065       0.14 

Employed  1 (25%) 22 (41%) 235 (47%) 150 (42%) 50 (39%) 6 (32%)  

Homemake
r  2 (50%) 15 (28%) 156 (31%) 121 (34%) 54 (43%) 10 (53%)  

Not 
employed  1 (25%) 17 (31%) 109 (22%) 90 (25%) 23 (18%) 3 (16%)  

Chronic 
Disease 1,066       0.7 

No  2 (50%) 39 (72%) 315 (63%) 219 (61%) 80 (63%) 12 (63%)  

Yes  2 (50%) 15 (28%) 186 (37%) 142 (39%) 47 (37%) 7 (37%)  

SES Level 1,057       0.4 

NSE E  0 (0%) 4 (7.5%) 32 (6.4%) 14 (3.9%) 7 (5.6%) 3 (16%)  

NSE D  0 (0%) 1 (1.9%) 53 (11%) 30 (8.4%) 9 (7.2%) 0 (0%)  

NSE C  1 (25%) 14 (26%) 161 (32%) 112 (31%) 43 (34%) 8 (42%)  

NSE B  3 (75%) 31 (58%) 218 (44%) 169 (47%) 59 (47%) 7 (37%)  

NSE A  0 (0%) 3 (5.7%) 36 (7.2%) 31 (8.7%) 7 (5.6%) 1 (5.3%)  

Mean (SD); n (%) 

Kruskal-Wallis rank sum test; Fisher's Exact Test for Count Data with simulated p-value 
(based on 2000 replicates) 
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Carab 

Carab is the zone with the smallest coverage by far and descriptively an outlier on 

several characteristics, though none should be interpreted as meaningful given the 

sample size (n = 4). Participants here were the oldest on average (mean 55.0 years), 

all spoke Castellano, none had no formal education, and none had hypertension — 

but again, these figures reflect 4 people, not a population pattern. It is entirely 

composed of socio-economic status level B and C participants, with no 

representation from lower SES categories. 

Comas 

Comas (n = 54) stands out as the zone with the highest proportion of participants 

with no formal education (9.3%) and the lowest rate of partnered civil status (56%). 

It has the highest SIS health insurance coverage (69%) and the second highest rate 

of unemployment/not employed (31%), suggesting a lower-resource profile. It is 

more socioeconomically heterogeneous, with visible representation across socio-

economic status levels B, C, D, and E, including one of the higher shares of level E. 

Its covariate profile reflects a lower-resource zone. It captures a broader SES 

spectrum than most other areas. 

MiPeru 

MiPeru is the largest zone (n = 501) and in many ways the most representative of the 

full sample. It skews toward employed participants (47%), has moderate education 

distribution (65% secondary or higher), and the highest rate of uninsured 
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participants (14%) alongside relatively high hypertension (27%). It has the second 

highest proportion of Quechua or Aimara speakers (19%), suggesting meaningful 

indigenous-language representation. 

PuenteP Estadio 

PuenteP Estadio is the second largest zone (n = 361) and closely resembles MiPeru 

across most characteristics. It has the lowest proportion of female participants 

(67%), the highest hypertension rate (28%), and the highest chronic disease burden 

(39%). It also has the highest proportion of uninsured participants alongside MiPeru 

(~15%), and a relatively low proportion with no education (3.6%). 

MiPeru and PuenteP Estadio zones together comprise the majority of the sample, 

and they show very similar SES distributions: both are heavily concentrated in SES 

level B and level C, with modest representation from level D and minimal level E. 

This similarity is important, as it indicates that the two largest analytic zones are 

broadly comparable in socioeconomic composition. 

SanMa 

SanMa (n = 127) has the highest proportion of partnered participants (69%) and the 

second highest rate of secondary or higher education (72%). It has the highest 

proportion of Quechua or Aimara speakers among the mid-sized zones (25%) and a 

relatively high homemaker rate (43%), which paired with its female skew (74%) 

likely reflects gendered occupational patterns. Chronic disease prevalence is 
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moderate (37%). SanMa has a relatively even spread across SES levels, with modest 

representation at both ends. It most closely resembles the full-sample distribution. 

Ventanilla 

Ventanilla has the highest proportion of young participants by a notable margin 

(mean 46.5 years, roughly 4–8 years younger than most other zones) and is the most 

female-skewed (84%). It has the highest BMI (mean 30.8), the highest homemaker 

rate (53%), and the highest proportion of Quechua or Aimara speakers (32%), 

suggesting a more recently migrated or indigenous-heritage population. It has 63% 

participants with secondary or higher education. This zone stands out for having a 

relatively higher share of SES level C and level E compared to some other zones. This 

could reflect a population of younger, recently migrated residents who are educated 

but economically precarious, though its small sample size limits interpretation.  

 

Figure 11 Relationship between socio-economic status and dementia status (n = 1,066). NSE E = most socio-economically 
deprived. 
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The two largest zones (MiPeru and PuenteP Estadio) are broadly similar in 

composition, which is relevant since they cover 81% of participants. Overall, while all 

zones are anchored in the NSE B and C range, Comas and Ventanilla show greater 

representation of lower SES categories, whereas Carab lacks this variation entirely 

(though n = 4, which limits its value for interpretation). The strong similarity 

between MiPeru and PuenteP Estadio supports treating them as compositionally 

comparable in SES.  

 

This socioeconomic heterogeneity is clinically meaningful (Figure 11): cognitive 

impairment prevalence followed a clear dose-response gradient across SES levels, 

ranging from 33.3% in NSE E (95% CI 21.7–46.7%) to 9.0% in NSE A (95% CI 3.7–

17.6%), with corresponding ACE score gradient from 73.0 in NSE E to 83.1 in NSE A, 

a difference of approximately 10 points across the full SES spectrum. RUDAS-PE 

scores, by contrast, showed a much flatter pattern across SES levels, ranging only 

from 23.6 in NSE D to 24.5 in both NSE E and NSE A, consistent with the 

instrument's design as a dementia screening tool with limited sensitivity to subtle 

cognitive variation in community samples (results not shown). The divergence 

between ACE and RUDAS-PE gradients across SES reinforces the analytic decision 

to treat them as distinct outcomes, and underscores the importance of accounting 

for SES when interpreting environmental exposure-cognition association in this 

sample. 
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Primary Analysis: Environmental Exposures and Cognitive Outcomes 

No statistically significant associations were observed between any sensor-assigned 

environmental exposure (PM2.5, PM10, temperature, humidity) and cognitive 

outcomes in unadjusted or adjusted models. Age and sex adjusted estimates for the 

binary cognitive impairment outcome were: PM2.5 OR 0.91 (95% CI 0.75–1.11, 

p=0.370), PM10 OR 0.90 (95% CI 0.74–1.11, p=0.333), temperature OR 1.08 (95% 

CI 0.90–1.30, p=0.406), humidity OR 1.07 (95% CI 0.90–1.27, p=0.469). ACE 

models were null across all four exposures at all adjustment stages. One exception 

was humidity, which showed a significant association with RUDAS-PE scores in 

unadjusted (β −0.57, 95% CI −1.13 to −0.02, p=0.046) and age/sex adjusted (β 

−0.58, 95% CI −1.14 to −0.02, p=0.045) models; however, this attenuated to null 

after full covariate adjustment (β −0.42, 95% CI −0.95 to 0.11, p=0.122), suggesting 

the association was driven by sociodemographic factors rather than a direct 

meteorological effect on cognition. Forest plot presenting the air quality exposures 

and three cognitive outcomes across the three adjustment stages (unadjusted, age 

and sex adjusted, and fully adjusted) are shown in Figure 12. Fully adjusted models 

included: age, sex, SES, BMI, education, civil status, occupation, hypertension, 

glucose level, and chronic disease status. Comprehensive model results across all 

three adjustment stages are presented in Supplementary Tables 2-4.  
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Figure 12 Air quality exposures and cognitive outcomes (binary dementia, ACE younger adults, RUDAS-PE older adults). 
Exposures standardized per 1 SD. Cluster-robust SE at sector x “conglomerado” level. (n = 1,066). 

Ecological Confounding: Sensor Zone Comparison 

No dose-response pattern (the expectation that higher pollution exposure leads to 

progressively worse cognitive outcomes) was observed between sensor-zone PM2.5 

and cognitive impairment. Among the four sensors with adequate sample size, the 

highest PM2.5 zone (Comas, 40.1 µg/m3) had the lowest rate of cognitive 

impairment (9.3%) and among the highest mean RUDAS-PE and ACE scores, while 

the lowest PM2.5 zones clustered around 15-16% cognitive impairment. This inverse 

pattern is an ecological confounding artifact: the bulk of participants are assigned to 

just two sensors, MiPeru (n = 501) and Puente Piedra Estadio (n = 361), which 

covers most of the study area and show nearly identical PM2.5 values (~32-34 

µg/m3). There is effectively no meaningful exposure gradient across participants. 

The sensor zones are not exchangeable populations, and any apparent association 

between sensor-assigned PM2.5 and cognition reflects compositional differences 

between zones rather than a pollution effect. 
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Road Proximity 

Distance from participant conglomerates to the nearest major road ranged from 9 

meters to 4.5 km (median 674m, mean 1,001m, right skewed distribution). 

Participants living within 500m of a major road had lower rates of cognitive 

impairment (12.2% v 16.4%) and higher ACE score (mean ACE 80.2 v 78.1) 

compared to those living farther away. RUDAS-PE score did not vary (mean 

RUDAS-PE 23.9 for within 500m and beyond 500m); this is consistent with the 

instrument's limited ability to detect subtle changes in cognition. Buffer zone 

distributions across all four distance categories are shown in Figure 13.   

 

 

Figure 13 Cognitive outcomes by distance to nearest major road (buffer zones: within 100m, 100-500m, 500-1km, beyond 
1km). Unadjusted means for % cognitive impairment, mean RUDAS-PE, and mean ACE. 
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To assess the strength of associations between road proximity and measured 

covariates, Spearman correlations between distance to nearest road and all available 

sociodemographic and health variables were computed. Correlations were uniformly 

weak (|r| ≤ 0.10) across SES, education, health insurance type, occupation, chronic 

disease status, and BMI. A modest negative correlation was observed between road 

distance and age (r = −0.19), indicating that older participants tended to live closer 

to major roads; age was retained as a covariate in all adjusted models. Greater 

distance from major roads was associated with lower ACE scores in adults aged 30–

59 (β −0.72, 95% CI −1.38 to −0.06, p=0.033 unadjusted; β −0.92, 95% CI −1.57 to 

−0.28, p=0.005 age/sex adjusted). This association attenuated after full covariate 

adjustment but remained marginal (β −0.54, 95% CI −1.15 to 0.06, p=0.079), 

indicating the relationship is not fully attributable to residential sorting by SES. 

Road proximity was not significantly associated with binary cognitive impairment 

(OR 1.07, 95% CI 0.93–1.24, p=0.336 age/sex adjusted) or RUDAS-PE scores in 

older adults (β 0.07, 95% CI −0.40 to 0.54, p=0.775 age/sex adjusted) across any 

adjustment stage. Forest plot presenting the road exposure and three cognitive 

outcomes across the three model adjustment stages (unadjusted, age and sex 

adjusted, and fully adjusted) are shown in Figure 14. Fully adjusted models included: 

age, sex, SES, BMI, education, civil status, occupation, hypertension, glucose level, 

and chronic disease status. Comprehensive results across all three adjustment stages 

are presented in Supplementary Tables 5-7. 
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Figure 14 Road distance (log) and three cognitive outcomes (binary cognitive impairment, ACE, and RUDAS-PE) showing 
unadjusted, age and sex adjusted, and fully adjusted results (n = 1,066). 

Socioeconomic Status as an Independent Determinant 

SES showed an independent dose-response relationship with cognitive outcomes 

(Table 16). The rate of binary cognitive impairment increased monotonically from 

8.9% in NSE A (highest SES) to 33.3% in NSE E (lowest SES). Mean ACE scores 

decreased by ~11 points across the SES gradient (83.1 in NSE A v 72.9 in NSE E). 

Across all sensor zones, there was no evidence that SES was associated with sensor-

assigned PM2.5 concentrations (all within-zone ANOVA p-values > 0.10). Mean 

PM2.5 levels remained essentially stable across SES categories within each sensor 

(mean PM2.5 across NSE groups: ~33.2 to 34.2 µg/m3), supporting the assumption 

that SES is not systematically patterned by PM2.5 exposure in this sample.  

 

Table 16 Cognitive outcomes by socioeconomic status level among adults in Puente Piedra, Peru. SES categories reflect the 
Peruvian NSE classification system, ranging from NSE A (highest) to NSE E (lowest). (n = 1,066). 

SES Level Mean ACE SD ACE Mean 
RUDAS SD RUDAS 

% Cognitive 
Impairmen

t 
n 

NSE A 83.1 7.88 24.5 2.78 8.97 78 

NSE B 81.5 9.79 23.9 3.55 9.24 487 
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NSE C 76.8 11.5 24.7 3.24 18.9 339 

NSE D 73.1 14.6 24.6 2.92 21.5 93 

NSE E 73.0 12.5 24.5 2.28 33.3 60 

Mean ACE scores are reported for younger adults (ages 30–59); mean RUDAS-PE scores are 
reported for older adults (ages 60+). Percent cognitive impairment reflects the proportion 
meeting criteria for binary cognitive decline within each SES group. 
 

SES showed only a weak and inconsistent association with road proximity. In the 

categorical model, mean distance to major roads varied across SES groups (e.g., NSE 

E: 1,240 m; NSE A: 826 m), and overall differences were statistically significant (R² 

= 0.011, p = 0.018). However, the association was not monotonic, and there was no 

evidence of a linear trend (see Supplementary Table 8). Together, these results 

indicate that although small between-group differences exist, SES is only minimally 

and non-systematically related to road proximity, suggesting limited potential for 

confounding of the observed association with roadway distance. 

 

SES adjustment attenuated the ACE road proximity effect, but did not fully explain it 

away, and the association remained statistically significant after age and sex 

adjusting and the full adjustment (p = 0.004 and p = 0.090, respectively). Road 

proximity was not significantly associated with binary cognitive impairment or 

RUDAS-PE in older adults with or without SES adjustment (all p > 0.30). 

Sensitivity analyses 

In road-type stratified sensitivity analyses, the inverse association between road 

proximity and ACE scores in younger adults was consistent for trunk (β −0.87, 

p=0.048) and secondary roads (β −0.83, p=0.007), suggesting the pooled result is 
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not attributable to any single road classification. The primary road estimate was in 

the opposite direction (β +1.15, p=0.081), possibly reflecting the distinct spatial 

distribution of primary roads in this peri-urban context. Dementia binary and 

RUDAS-PE results were null across all road types. Full sensitivity results are 

presented in Table 17. 

 

Table 17 Road type stratified sensitivity analyses: trunk, primary, secondary × dementia binary, RUDAS-PE, ACE. * p < 
0.10, ** p < 0.05, *** p < 0.01. 

Outcome Exposure Estimate CI Low CI High P Value 

Dementia 
binary 

Distance to trunk road 
(logged) 1.045 0.861 1.268 0.656 

 Distance to primary road 
(logged) 0.948 0.704 1.277 0.727 

 Distance to secondary 
road (logged) 1.032 0.895 1.190 0.663 

RUDAS-PE Distance to trunk road 
(logged) -0.031 -0.663 0.600 0.922 

 Distance to primary road 
(logged) 0.247 -1.425 1.919 0.773 

 Distance to secondary 
road (logged) 0.255 -0.230 0.740 0.306 

ACE Distance to trunk road 
(logged) -0.867 -1.722 -0.011 0.047** 

 Distance to primary road 
(logged) 1.146 -0.138 2.430 0.081* 

 Distance to secondary 
road (logged) -0.828 -1.425 -0.231 0.007** 

 

To test whether the road proximity effect on ACE differed by SES level, an 

interaction term between log-distance to nearest road and SES was included to 

assess effect modification of the road proximity–ACE association among younger 

adults (Figure 15). In the primary (non-interaction) model, greater distance from 

roads was associated with lower ACE scores overall – meaning participants living 

closer to roads tended to perform better cognitively, consistent with an urban access 
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advantage. The association between road distance and ACE scores differed across 

SES groups. Among the lowest SES group (NSE E), greater distance from roads was 

associated with lower ACE scores (β = 2.13, 95% CI: −0.34, 4.59, p = 0.091), 

suggesting that road proximity, and the access to services it may confer, benefits 

those with the fewest economic resources most. This association reversed for middle 

SES groups, with the strongest negative and statistically significant slope observed 

for NSE C (β = −1.38, 95% CI: −2.48, −0.27, p = 0.015), and a similar pattern for 

NSE D (β = −1.12, p = 0.178). NSE B and NSE A showed negligible associations (β = 

−0.32 and −0.13, respectively, both p > 0.40). 

 

Figure 15 Predicted ACE scores from OLS regression adjusted for age and sex and with an interaction term between SES 
and roadway distance. NSE E = lowest category. Shaded bands reflect 95% CI. (n = 1,066). 
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Discussion & Limitations 

This study examined associations between sensor-derived ambient exposures — 

PM2.5, PM10, temperature, and humidity — as well as proximity to major roadways, 

and cognitive outcomes in a community-based sample of adults in Puente Piedra, 

Peru. Given high collinearity across sensor-zone-assigned variables, each exposure 

was modeled separately, adjusted for age and sex. The primary findings are: (RQ1) 

no statistically significant associations between any sensor-assigned air quality 

variable and cognitive impairment; (RQ2) a significant association between greater 

distance from major roads and lower ACE scores (i.e. greater cognitive impairment) 

among younger adults (aged 30–59), which persisted after adjustment for 

socioeconomic status; and (RQ3) a strong, independent SES gradient across all 

cognitive outcomes. Taken together, these findings reveal as much about the 

methodological challenges of environmental epidemiology in peri-urban LMIC 

settings as they do about the complex interplay of pollution exposure and social 

determinants of cognitive health.  

 

Puente Piedra is a district with significant internal socioeconomic variation. Higher-

SES areas tend to have higher educational attainment, which builds cognitive 

reserve. That reserve can mask early cognitive impairment on standard tests, making 

people look cognitively healthier even under pollution exposure (Frndak et al., 

2024). Sensors placed near industrial corridors or the main highway might be 

reading worse air, but those same corridors might have better infrastructure — 

paved roads, formal housing, more stable economic activity, better access to 

healthcare and nutrition. All of those are strong independent predictors of cognitive 
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health. Our PurpleAir sensor data with "better" air quality might be sitting in a more 

peripheral, informal settlement with lower SES and poorer cognitive health 

outcomes for largely non-air-quality reasons. 

 

The absence of significant air pollution (PM2.5 and PM10) and cognition 

associations in this study does not necessarily rule out a meaningful relationship 

between air pollution and brain health in Puente Piedra, though it may also reflect a 

true null association in this context. 

 

First, with only six unique sensor zones across 1,066 participants, sensor-assigned 

exposure effectively became a categorical variable with limited contrast — the PM2.5 

range across zones was only 30.9–40.1 µg/m³, a span too narrow to reliably detect 

dose-response relationships. This is a fundamental limitation: without meaningful 

variation in the primary predictor, identifying a statistically or substantively 

significant association with any outcome is inherently difficult, regardless of sample 

size. If true within-zone exposure variability is greater than our sensor network 

captures, we are likely underestimating exposure contrast between participants, 

attenuating effect sizes toward null. Because all participants were exposed well above 

both WHO interim targets, the study is better positioned to characterize health 

effects at uniformly high exposure levels than to distinguish risk across a gradient — 

future studies should prioritize personal or higher-resolution spatial monitoring in 

this setting. 
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Second, the descriptive data reveal prominent ecological confounding: the highest 

PM2.5 zone (Comas, 40.1 µg/m3) shows paradoxically better cognitive outcomes 

than lower PM2.5 zones. Although individual-level SES was measured and adjusted 

for in all models, this pattern likely reflects residual confounding by unmeasured 

factors operating at multiple levels, including neighborhood-level characteristics 

(local infrastructure, green space, access to healthcare, area-level economic activity) 

as well as household- and individual-level factors such as housing quality, time spent 

outdoors, occupational exposures, and commuting patterns, that individual SES 

does not fully capture. Participants assigned to the Comas sensor may reflect 

differences between neighborhoods and lifestyles (e.g., occupation, commuting 

patterns, indoor air quality) rather than a genuine protective effect of pollution 

exposure. More broadly, the available individual- and household-level measures in 

this study are unlikely to fully account for the complex social and environmental 

patterning of both pollution exposure and cognitive outcomes in this setting. This 

highlights a methodological limitation of nearest-sensor exposure assignment in 

settings with sparse monitoring infrastructure; when sensor zones are few and 

represent large geographical areas, they conflate exposure measurement with 

neighborhood identity, making causal inference at the exposure level severely 

limited without richer spatial data.  

 

Taken together, these structural limitations do not negate the public health 

significance of the findings. All sensor-zone PM2.5 values (30.9-40.1µg/m3) 

substantially exceeded the WHO 2021 annual guideline (World Health Organization, 

2021b) of 5 µg/m3, placing the entire study population in the range associated with 
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elevated health risk. The null findings in regression coexist with a population that is 

meaningfully exposed. This contrast highlights that population-level exposure 

burden and the ability to detect within-population exposure-response gradients are 

distinct problems, requiring monitoring infrastructure investment and sufficient 

exposure contrast in study design.  

 

The finding that greater distance from major roads is associated with worse ACE 

scores in younger adults, and that participants living within 500m of roads have 

better, not worse, cognitive outcomes, is substantively important, and should not be 

dismissed as merely a null result for the pollution hypothesis. This finding runs 

counter to H2, which anticipated that road proximity would signal pollution harm; 

instead, proximity appears to operate as a marker of urban access in this setting. In 

high-income country epidemiology, road proximity is typically operationalized as a 

traffic-related air pollution proxy (Barzyk et al., 2009; S. Chen et al., 2016; Su et al., 

2009), with the expected association being harmful. In the district of Puente Piedra, 

road proximity appears to operate primarily as a marker of integration into urban 

opportunity structures, (Iimi et al., 2016; C. Silva et al., 2023) access to employment, 

healthcare facilities, educational institutions, markets, and public transit. This is 

consistent with the broader urbanization-health literature from rapidly developing 

settings, where proximity to urban infrastructure often confers net-positive health 

advantages even in the presence of pollution co-exposure (Frndak et al., 2024; You 

et al., 2022). However, this interpretation should be treated cautiously, as 

unmeasured individual- and household-level characteristics, such as housing 

quality, occupation, lifestyle factors, or wealth beyond what the SES measure 
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captures, may partially or fully account for this association. This is consistent with 

the global literature on structural determinants of dementia risk, and with the 

Behavioral and Socioeconomics of Aging (BSEA) framework connecting macro-level 

socioeconomic structures to individual cognitive aging in sometimes novel ways 

(Figueroa et al., 2020; Hernandez et al., 2025; Lenart-Bugla et al., 2022; Udeh-

Momoh et al., 2025).   

 

The partial, but not complete, attenuation of the road proximity effect after SES 

adjustment conveys that SES and road proximity share overlapping pathways (i.e., 

reflecting urban access), yet are not redundant. The finding is specific to younger 

adults assessed with ACE, which has higher ceiling and greater sensitivity than 

RUDAS-PE, and whose age group likely retains sufficient cognitive reserve and score 

variance for environmental gradients to manifest (Cosarderelioglu et al., 2025; 

Frndak et al., 2024). Among older adults, age-related impairment may dominate and 

mask more subtle exposure effects. Data is lacking regarding the complex 

relationship between young adults, air pollution, and cognitive health. From the 

minimal body of work on this topic, the exposure-outcome dynamic is complex and 

sometimes contradictory, with some studies reporting an association between PM2.5 

exposure and executive dysfunction, and others finding no clear effect (Thompson et 

al., 2023). 

 

The SES gradient across all cognitive outcomes was substantial and exceeded any 

effects detected for environmental exposures in this study. The interaction between 

log-distance to road and SES was statistically significant. Among the lowest SES 



157 

group (NSE E), living closer to major roads was associated with better cognitive 

scores, consistent with an urban access advantage with those with the fewest 

resources. This benefit attenuated with increasing SES, suggesting that higher SES 

individuals maintain cognitive advantages regardless of road proximity, likely 

through individual, independent access to healthcare, education, and economic 

opportunity. 

 

Recent work has highlighted the role of polygenic resilience factors in brain health, 

and the potential for interventions that improve cognitive trajectories in LMICs 

through whole-body health principles where resources are constrained and cultural 

diversity is high (Udeh-Momoh et al., 2025). Our findings may reflect a 

complementary dynamic: in Puente Piedra, the capacity for community-level 

resourcefulness and informal economic participation potentially interacts with 

biological and environmental vulnerabilities in ways that could both exacerbate and 

mitigate pollution-related cognitive risks. Disentangling these pathways requires 

measurement at multiple levels and settings simultaneously (i.e., more granular 

ambient air monitoring, and individual-level indoor air monitoring, documenting 

commuting patterns, gathering data on time use and activity spaces) – a direction 

for future work (Clouston, 2020; Jones et al., 2025). While our work was able to 

account for a handful of modifiable and non-modifiable risk factors for dementia – 

age, sex, SES, BMI, education, civil status, occupation, hypertension, glucose level, 

and chronic disease status – we were unable to capture data on where people work 

and where they spend their time; they may have more exposure to alternative 

districts’ PM levels rather than in their home district. Collecting wearable mobility 
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data would be an informative next step for this work, even beyond the question of 

adequately capturing ambient air pollution. Collecting additional, longitudinal, 

individual-level data would allow us to investigate our ACE-roadway findings, which 

signals that possibly there are mechanisms at play that build or preserve resilience 

amidst the neurotoxic insults of air and roadway pollution. 

 

While low-cost sensors have been validated as meeting U.S. EPA monitoring 

standards, it is known that they may produce over- or underestimates in 

environments with high particulate matter concentrations, they are sensitive to 

relative humidity, which can affect accuracy, and generally perform best in low-

pollution environments (Ilenič et al., 2025). Additionally, our nearest-sensor 

exposure assignment does not account for wind direction or topographic channeling 

of pollutants. Lima's air quality is shaped by a complex interplay of meteorological 

and traffic-related factors (Carbajal-Arroyo et al., 2007; Underhill et al., 2015) that 

vary substantially by season, time of day, and location within the metropolitan area. 

The city experiences two distinct seasons: a warm, dry season from December to 

April characterized by calm winds, higher temperatures, and low rainfall, and a cool, 

humid, cloudy season from June to October with stronger winds and light 

precipitation (J. Silva et al., 2017; Warren et al., 2021). These seasonal patterns drive 

meaningful variation in particulate matter concentrations (Galindo et al., 2011). 

PM10 peaks in summer in the central and northern areas of Lima, while PM2.5 

concentrations are higher in winter, likely due to thermal inversion and domestic 

heating emissions (Warren et al., 2021). The relationship between humidity and PM 

concentrations is not linear or consistent; in summer mornings, decreasing humidity 
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is associated with rising PM2.5 and PM10, while afternoon humidity between 65–

80% tends to suppress PM2.5 as particle growth promotes dry deposition(Warren et 

al., 2021; L. Zhang et al., 2017). In winter, these dynamics shift and vary spatially, 

with the northern area, where the district of Puente Piedra is located, behaves 

differently from central and eastern zones (J. Silva et al., 2017; Warren et al., 2021). 

The direction of the humidity-PM relationship depends on season, time of day, and 

neighborhood. 

 

This study reveals several methodological constraints that are likely to affect 

environmental epidemiology in similar LMIC peri-urban settings. The qAIRa sensor, 

though framed as filling Lima’s monitoring gap, has no sensors in Puente Piedra and 

its coverage skews toward wealthier districts – a spatial inequity in environmental 

data infrastructure that mirrors the health inequities it aims to measure (see 

Supplementary Figure 1) (Calidad Del Aire y Mapeo Digital Con Drones LiDAR, 

n.d.). The Peru's government’s air quality monitoring program has one sensor in the 

district of Puente Piedra (see Supplementary Figure 2). The Lima air quality 

monitoring stations are managed by the Ministry of Environment (MINAM) and The 

National Service of Meteorology and Hydrology (SENAMHI). Six PurpleAir citizen 

science sensors in the vicinity of the district of Puente Piedra represent substantial 

improvement over one single regulatory monitor, but remain insufficient for 

individual-level exposure regression when residential clustering produces little 

within-zone variability.  
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In order to overcome the lack of data available, there are some geostatistical 

interpolation methods that can be used. Kriging is a technique that estimates values 

at unsampled locations by weighting nearby measured values, yet unlike simple 

averaging, it weights them based on the spatial autocorrelation structure of the data. 

It creates a semi-variogram curve reflecting how similarity in measures decays with 

distance. It estimates pollution levels at every point in between known points, and 

provides uncertainty estimates alongside those predictions. Kriging and other spatial 

interpolation methods could theoretically be used to generate address-level PM2.5 

estimates from sensor data, but their reliability is bounded by sensor density, the 

assumption of spatial stationarity, and the distinction between ambient 

concentration and personal exposure (which depends on time indoors, commuting 

patterns, and building characteristics). In Lima’s complex topography, where 

altitude shapes atmospheric pollutant dispersion and the dry season concentrates 

particulate matter in the northern cone, these limitations are particularly acute 

(Warren et al., 2021). Someone "near" the cleaner sensor might actually sit in a 

pocket of worse air due to topography or wind patterns that our sensor network 

cannot capture. In a paper that examines air pollution estimation in Lima using 

Kriging methodology, they still report a room mean square error of 3.5 µg/m³, which 

matters when WHO guidelines state that values above 5 µg/m³ is harmful to 

health.(Romero-Baylón et al., 2024; World Health Organization, 2021b) While 

kriging can be used to generate continuous exposure surfaces, given the sparse 

sensor network and Lima’s complex topography, such methods continue to carry 

substantial uncertainty. 
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Conclusion 

This study makes three contributions. First, it characterized the air quality landscape 

of Puente Piedra using the PurpleAir sensor network, demonstrating that PM2.5 

concentrations substantially exceed WHO guidelines across the district while 

showing little variability between sensors. This uniform exposure ceiling, with all 

zones ranging only from 30.9 to 40.1 µg/m³, likely explains the absence of a 

detectable association between sensor-assigned air quality variables and cognitive 

outcomes (RQ1). When an entire population sits well above the threshold of harm 

with minimal contrast between them, within-sample gradients cannot be identified 

regardless of sample size. Second, it documents that road proximity operates as a 

marker of urban access rather than pollution harm in this setting (RQ2) — a finding 

that runs counter to the expected direction and to standard traffic-related air 

pollution frameworks from high-income contexts. In Puente Piedra, where roads 

bring both traffic emissions and connectivity to services, ecological confounding 

patterns mean that assigning exposures based on nearest sensor zone alone 

produces an incomplete and potentially misleading picture, with direct implications 

for environmental epidemiology methods in LMIC peri-urban contexts. Third, it 

reveals that SES moderates the association between road proximity and cognitive 

outcomes (RQ3), with road access appearing most beneficial for those with the 

fewest economic resources — a finding with potential relevance for urban planning 

and public health policy in rapidly developing settings. Future work requires denser 

sensor networks, personal exposure monitors, and GPS-tracked mobility data to 

capture true individual exposure alongside the social and structural determinants 

that shape it. Both physical and social exposures across the life course have the 
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potential to have immediate and latent effects on neurological health, impacting the 

aging trajectory (Hernandez et al., 2025; Lenart-Bugla et al., 2022; Roy & D’Angiulli, 

2024). Addressing these questions requires longitudinal, multi-level data — and the 

infrastructure to collect it equitably. The fundamental challenge, that the places with 

the worst air and the most concentrated poverty are precisely the places with the 

least monitoring infrastructure, is not a methodological limitation to footnote, but a 

structural problem to bring to light, and intervene upon. 
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CONCLUSION 

This dissertation explored the phthalate-gut-brain nexus through several lines of 

investigation: (1) examining broad population-level longitudinal phthalate exposure 

and non-clinical, validated measures of ADRD risk; (2) developing a method for 

detecting phthalates in fecal samples using UPLC-MS, thereby laying the 

groundwork for future studies to connect fecal phthalate levels with gut microbiome 

composition, function, and ultimately brain biomarkers; and (3) investigating air 

pollution and cognitive health in an under-resourced population in Lima, by 

combining publicly available and citizen science air pollution measurements with a 

door-to-door, population-based cognitive health study to address a critical data gap 

in a vulnerable population. 

 
Individuals experiencing socioeconomic disadvantage may face both higher 

environmental exposure burdens and greater biological vulnerability to those 

exposures due to chronic stress, poorer housing conditions, limited healthcare 

access, disrupted sleep, reduced access to green space, and nutritional inequities. In 

contrast, individuals with greater socioeconomic resources may possess protective 

factors that buffer the physiological consequences of similar exposures. Thus, the 

same conditions that increase exposure likelihood may also amplify susceptibility to 

exposure-related harm. Although these interrelated pathways complicate causal 

inference, they also suggest that interventions targeting structural determinants may 

simultaneously reduce exposure burden and strengthen resilience. 

 
Within the United States, the total number of people living with dementia has grown 

as the population ages – unsurprising, given that age is one of its strongest 
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predictors. However, the rate of dementia has declined substantially over the last 40 

years, even in the absence of any effective medical treatment (Stallard et al., 2025). 

In 1984, approximately 30% of people in the U.S. aged 80-85 had dementia; by 

2024, that figure had dropped to approximately 10% for the same age group 

(Stallard et al., 2025). Much of this decline is attributed to population-wide 

improvements in educational attainment, cardiovascular health, and early-life 

infection rates, driven by greater vaccine accessibility and comprehensive 

immunization programs (Eyting et al., 2025; Livingston et al., 2020; Mistridis et al., 

2017; Polisky et al., 2025). This is a partial success story within the U.S. It requires 

continual investment in these dementia-reducing factors.  

 

Additionally, the downward trend is not a complete story; disaggregating the data is 

important to understand the full picture. Black Americans have an increasing 

prevalence rate of dementia. Black Americans are roughly twice as likely to have 

ADRD than White Americans, and Hispanic Americans are one and a half times 

more likely to have ADRD (Alzheimer’s Disease Facts and Figures, 2025). Beyond 

disparities in access to health-promoting behaviors and care, it is unknown what 

causes these differences in prevalence of dementia among Blacks and Hispanics 

compared to Whites.  

 

These disparities extend beyond U.S. borders. An estimated 60% of people living 

with dementia reside in low-and-middle-income countries, regions that are already 

under-resourced for diagnosis, care, and research. These regions are home to 

roughly 85% of the global population, yet have historically accounted for only about 

https://www.zotero.org/google-docs/?l7hRnt
https://www.zotero.org/google-docs/?CoEKsv
https://www.zotero.org/google-docs/?wVz8Gx
https://www.zotero.org/google-docs/?wVz8Gx
https://www.zotero.org/google-docs/?EJvVqq
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10% of population-based dementia research. This mismatch between burden and 

scientific attention is a driver of inequity. Without adequate data from these regions, 

modifiable risk factors go unidentified and interventions are unable to be translated 

across contexts. As LMIC populations age, this burden is projected to grow to 71% by 

2050 (Kalaria et al., 2024). This highlights the urgent need to improve access to 

interventions that reduce modifiable risk factors (e.g., low education, poor heart 

health, pollution, infections). The findings in this dissertation set the stage for a 

research trajectory that directly confronts these challenges. This research trajectory 

emphasizes geo-social determinants of health, integrates multiple forms of data at 

differing spatial levels (large national datasets, ADRC biomarker data, and 

neighborhood-level studies), and prioritizes interdisciplinary collaboration with 

international partners. Ultimately, this work aims to identify non-invasive, non-

pharmacological approaches to report and intervene on modifiable risk factors for 

ADRD that is translatable to a global population.  

 

Together, these chapters trace a pathway from structurally patterned environmental 

exposure to gut-level biological embodiment and add data points to the conversation 

around socially differentiated cognitive aging outcomes. 

 
Chapter 1 used linked PSID, EPA Toxic Release Inventory, and U.S. Census data and 

found that long-term exposure to emissions from plastics and rubber manufacturing 

facilities is associated with increased risk of ADRD, independent of individual 

socioeconomic factors and neighborhood disadvantage. Emissions intensity (lbs of 

chemicals produced by the factory), rather than proximity (distance in kilometers) 

https://www.zotero.org/google-docs/?GteMzx
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alone, is associated with ADRD risk, highlighting the importance of measuring 

environmental exposure using facility-specific emissions data. Neighborhood 

disadvantage is a strong independent predictor of ADRD risk, underscoring the 

importance of structural and environmental determinants of cognitive aging. 

 
Chapter 2 used MARS cohort data to develop a method to analyze human fecal 

samples for phthalates, establishing that phthalates are detectable in fecal samples, 

and that freezing the samples does not limit the signal of the phthalates. With the 

small sample size, we are limited to what we can conclude in relation to other socio-

cognitive characteristics of the ten individuals we sampled from, however, it lays the 

foundation for future work that can hone in on quantifying phthalates, 

characterizing the gut microbiome, and connecting the results with cognitive 

biomarkers. Recent work in mice showed that exposure to specific bacteria can serve 

as a mechanism to reduce or improve cognitive function. They specifically identified 

a bacteria called Parabacteroides goldsteinii as one that reduces cognitive 

performance (Cox et al., 2026). Additionally, transplanting the gut of a young mouse 

into that of an old mouse was able to improve their cognitive functioning to be on 

par with that of the young mice (Cox et al., 2026).  

 
Chapter 3 used secondary, door-to-door, population survey data paired with 

PurpleAir and Open Street Map data as a case study of cognitive health in a 

vulnerable population. The entire study population has exposure to PM2.5 

monitoring values of 30.9-40.1µg/m3, which substantially exceeds the WHO 2021 

annual guideline(World Health Organization, 2021) of 5 µg/m3, placing them all at 

elevated health risk. The null findings observed between air pollution and cognitive 

https://www.zotero.org/google-docs/?AfonQF
https://www.zotero.org/google-docs/?h8Hd0Y
https://www.zotero.org/google-docs/?x7u8vG
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measures likely reflect that distinction between population-level exposure burden 

and the ability to detect within-population exposure-response gradients, requiring 

monitoring infrastructure investment and sufficient exposure contrast in study 

design. A secondary finding was that those living further than 500m from major 

roads demonstrated worse ACE scores Participants living within 500m of roads 

demonstrated better cognitive outcomes in this sample, potentially reflecting 

differences in access to resources, external stimulation, and the broader social 

connectivity. Road proximity may simultaneously increase pollution exposure. 

However, it may also improve access to employment, transportation, healthcare, and 

social engagement. Places with the least access to monitoring and mitigation efforts 

are largely left out of research, limiting knowledge of the problems and opportunities 

to effectively remedy the problems.  

 
Environmental pollution represents a preventable contributor to dementia risk. 

Identifying exposures as a potential risk factor underscores the importance of 

environmental monitoring and regulation and calls for equitable neighborhood 

conditions as a key player in reducing dementia burden and promoting healthy 

aging. 

 

The Finnish Geriatric Intervention Study to Prevent Cognitive Impairment and 

Disability (FINGER) study was the first large-scale randomized trial to demonstrate 

that multidomain lifestyle interventions can improve brain health and reduce risk of 

cognitive decline. More recently, the U.S. Protect Brain Health Through Lifestyle 

Intervention to Reduce Risk (POINTER) study extended these findings within a 
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more geographically, socially, racially, and behaviorally diverse population in the 

United States. Both studies demonstrated that interventions targeting multiple 

domains, including diet, exercise, cardiovascular health monitoring, and social and 

cognitive engagement improved cognitive outcomes, with the intervention 

participants experiencing significantly greater benefits than control participants 

(Ngandu et al., 2015, Baker et al., 2025). 

 

Importantly, these studies suggest that meaningful reductions in dementia risk may 

be achievable through non-pharmacological interventions. However, as Dr. Krieger 

describes in Epidemiology and the Peoples’ Health, the ability to adopt and sustain 

“healthy lifestyles” is shaped by broader social and structural conditions. Access to 

nutritious food, safe environments for physical activity, healthcare, social 

engagement, and time for restorative behaviors is unequally distributed across 

populations. Similarly, Dr. Baker has argued that the ‘third chapter’ is the critical 

next step: developing sustainable community-level systems capable of making the 

POINTER “Brain Health Recipe” broadly accessible (Unpacking the U.S. POINTER 

Study, 2026). The POINTER study’s integration of public health professionals, 

community organizations, and stakeholders represents an important step toward 

translating dementia prevention strategies into equitable population-level 

interventions.  

 

Another equity aspect directly related to healthcare is the potential role of vaccines 

in mitigating the risk of dementia associated with certain infections. Specifically, 

evidence increasingly suggests that repeated episodes of shingles may elevate 

https://www.zotero.org/google-docs/?wVPe3P
https://www.zotero.org/google-docs/?wVPe3P
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dementia risk. A study in Wales leveraged a policy change in shingles vaccine rollout 

to conduct a natural experiment using a regression discontinuity design that mirrors 

the rigor of a randomized trial. Initially they observed an approximately 20% 

reduced risk of dementia, particularly for women (Eyting et al., 2025). These 

findings were subsequently replicated in the U.S., further associating the shingles 

vaccine with a lower dementia risk for both women and men, though women 

continued to show a greater benefit (Polisky et al., 2025). Hypothesized explanations 

for this sex difference include variations in the immune system and disparities in 

healthcare engagement and health-promoting behaviors. Vaccine access and uptake 

represent another example of modifiable risk reduction that can be a target of public 

health efforts to reduce dementia. The landscape of understanding factors 

influencing ADRD is continuing to enlarge. Issues of equity, geography, access, and 

space will remain key contributors to this research.  

 
Growing evidence suggests that widespread microplastic exposure may represent an 

emerging public health crisis. This dissertation contributes to emerging 

interdisciplinary research examining microplastic pollution, social inequities, gut 

microbiome disruption, and ADRD risk. Although the consequences of 

environmental exposures may become most apparent in older age, prevention begins 

much earlier across the life course (Adkins-Jackson et al., 2023; Adkins-Jackson et 

al., 2023; Homan, 2019; Karlsson et al., 2021; Marmot, 2015). Neighborhood and 

population level factors interact with individual health behavior to shape risk and 

health outcomes. Geo-social, structural, and spatial determinants of health are 

theoretical foundations that explain differential health outcomes and risks. 

https://www.zotero.org/google-docs/?H1rQI3
https://www.zotero.org/google-docs/?VhTxwt
https://www.zotero.org/google-docs/?7cykUX
https://www.zotero.org/google-docs/?7cykUX
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Addressing socio-demographic disparities in environmental exposures requires 

attention to the broader social and structural systems that shape exposure and 

vulnerability. This dissertation positions bridges multiple disciplines, including 

Geography, Neuroscience, and Demography, and integrates methodologies spanning 

spatial statistics, biochemical lab analysis of biomarkers, neighborhood effects, to 

advance understanding of ADRD and modifiable risk factors. As Dr. Baker 

emphasizes, multidomain interventions may produce synergistic effects that exceed 

the sum of their individual components. 

 
An important question emerging from this dissertation work is whether elevated 

phthalate excretion reflects greater exposure burden, more effective elimination, or 

some combination of the two. While the ideal scenario is clearly no exposure to 

phthalates and thus no excretion, this is entirely unattainable in our industrial 

society. Therefore, given our current circumstances, the most effective approach may 

be to focus on enhancing the excretion of these compounds, or better yet, promoting 

their retention within the gut lumen during transit (in parallel with policy changes to 

reduce overall exposure). Future work may build upon the framework in Chapter 2 

by integrating multiple biomarkers (e.g., urine, blood, sweat, feces) to assess 

environmental exposures, gut microbiome function, and cognitive health. Such 

approaches may help piece together components of the communication between the 

gut and the brain. 

 
An important extension of this work would be a longitudinal study tracking the input 

and output of various compounds in human participants over time. Wearable 

technology and AI assisted tracking could capture diet, physical activity, sleep, 



171 

physiological indicators, medication use, and environmental exposures in near real 

time. These input/contextual data could be paired with daily biomarkers from urine, 

feces, blood, and sweat. This intensive data collection would be conducted daily for a 

full month to capture both the male 24-hour hormonal cycle and the approximate 28 

day female cycle (Heller et al., 2025; Taylor et al., 2019). While the use of wearables 

and AI would make data collection as passive as possible, the biomarker collection is 

inevitably labor-intensive, requiring a passionate participant pool and adequate 

financial compensation. Ultimately, such a comprehensive, dense-sampling study 

would provide the necessary data foundation to determine if high phthalate 

excretion is a marker of effective detoxification or simply high exposure, thus 

guiding future public health recommendations and policy decisions. 

 

Ultimately, understanding how environmental exposures are biologically processed, 

socially patterned, and differentially experienced across populations will be critical 

for developing equitable strategies to reduce dementia risk across the life course. 

 
 

https://www.zotero.org/google-docs/?OfDFQF
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APPENDIX 

Chapter 1 Appendix 

Appendix Table A1. The eight-item AD8 dementia screening instrument. This 

table lists all eight questions from the AD8, a brief informant-based screening tool 

used to detect early signs of cognitive impairment. Each item reflects change in 

memory, orientation, judgment, or daily function. Responses are binary (yes/no), 

with endorsement of two or more items indicating possible cognitive decline. 

Copyright 2008 by Washington University in St. Louis, Missouri. 

Eight Item Interview to Differentiate Aging and Dementia (AD8) Items in the PSID 

Next, we’d like to know about changes that [you / [target person]] may have had in the last several 
years 
[Target person is not respondent: because of a thinking or memory problem]. 
 
In the last several years, has there been a change in: 

 

1. Problems [you / he / she] may have with judgment, for example, problems making decisions, 
making bad financial decisions, or with thinking? 

1. Yes, a change 

5. No, no change 

 

2. The amount of interest [you / he / she] may have in hobbies or activities? 

1. Yes, a change 

5. No, no change 

 

3. [Your / His / Her] repeating the same things over and over, such as questions, stories, or 
statements? 

1. Yes, a change 
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5. No, no change 

 

4. The trouble [you / he / she] may have learning how to use a tool, appliance or gadget like a TV 
remote? 

1. Yes, a change 

5. No, no change 

 

5. [Your / His / Her] forgetting the correct month or year? 

1. Yes, a change 

5. No, no change 

 

6. The trouble [you / he / she] may have handling complicated money matters, like balancing a 
checkbook or paying bills? 

1. Yes, a change 

5. No, no change 

 

7. The trouble [you / he / she] may have remembering appointments? 

1. Yes, a change 

5. No, no change 

 

8. Daily problems [you / he / she] may have with thinking and/or memory? 

1. Yes, a change 

5. No, no change 
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Appendix Table A2. Bivariate simple regression analyses. Significance levels: p < 

0.05 *, p < 0.01 **, p < 0.001 *** 

Variable P Value 

ADRD Risk Indicator (2017-2023) - - - 

  

Average Distance to Nearest Plastics/Rubber TRI Facility, 
km (1990-2017) *continuous* 

0.669 

  

Average Distance to Nearest Plastics/Rubber TRI Facility, 
km (1990-2017) *categorical* 

 

1 Near, 0.53-30.54 km (min up to 75th percentile) 
 

2 Moderate, 30.54-50.59 km (75th-90th percentile) 
0.723 

3 Far, 50.59+ km (90th+ percentile) 0.544 

  

Average Exposure to Nearest Plastics/Rubber TRI 
Emissions, lbs (1990-2017) *continuous* 

0.396 

  

Average Exposure to Nearest Plastics/Rubber TRI 
Emissions, lbs (1990-2017) *categorical* 

 

0 None, 0 lbs  

1 Low, >0-7627.52 lbs (up to 75th percentile) 
0.197 

2 Moderate, 7627.52 lbs - 75797.66 lbs (75th-90th percentile) 
0.009** 

3 High, 75797.66+ lbs (90th+ percentile) 0.046* 
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Age (2023)  

65-70 y.o.  

71-80 y.o. < 0.001*** 

81-90 y.o. < 0.001*** 

91+ y.o. < 0.001*** 

  

Sex (2023)  

Male  

Female 0.642 

Race (2023)  

White  

Black 0.004** 

All other 0.047* 

Wtr Ever Married (2023)  

Never married  

Current/previously married 0.019* 

  

Total Moves (1990-2017)  

0  

1-2 0.891 

3-5 0.641 

6-9 0.108 

10+ 0.001** 

  

Home Ownership (1990-2017)  

Never a homeowner  

Current or previous homeowner 0.002** 
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Max Education Level (1990-2017)  

Less than 12 years  

12 years or more, less than 16 years < 0.001*** 

16 years or more < 0.001*** 

  

Household Average Income Percentile (1990-2017) 
< 0.001*** 

  

Household Income Binary (recode of Household Average 
Income Percentile, 1990-2017) 

< 0.001*** 

Bottom 50%  

Top 50%  

  

Mean Disadvantage Index, Standardized (1990-2017) 
< 0.001*** 

 

Appendix 2. Explanation of neighborhood disadvantage index. 

To measure neighborhood disadvantage, we constructed a composite census tract 

disadvantage index using eight census tract-level variables from the NCDB from 

years 1990-2017. We followed the framework and logic of the Neighborhood Atlas 

Area Deprivation Index, however, our selection of these 8 variables was determined 

by data availability, coverage, and alignment with our other variables we use in the 

PSID (Kind, A. J. H., & Buckingham, W., 2018). We chose to create our own Census 

Tract Disadvantage Index in order to have a comparison among our sample of 

participants, remaining hyper-local in our methodology. 
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Several variables required transformation prior to analysis. We calculated the 

proportion of elderly residents as the ratio of residents aged 65 and older to the total 

tract population, excluding tracts with zero or missing total population. We derived 

the proportion of non-white residents by subtracting the percentage of white 

residents from 100%. To create a low education indicator consistent with our 

disadvantage framework, we subtracted the percentage of college-educated residents 

from 100, so that higher values indicated lower educational attainment. The final set 

of variables included: poverty rate, unemployment rate, proportion elderly, 

proportion non-white, proportion of men never married, proportion of women never 

married, proportion with low college education, and proportion of renter-occupied 

housing units. 

 

After geocoding PSID participants to census tracts and merging with NCDB data 

(1990-2017), we employed principal component analysis (PCA) to create a single 

disadvantage index using only the tracts where PSID participants in our analytic 

sample resided. This approach ensured the index optimally weighted the 

contribution of each variable based on the variation present within neighborhoods 

actually experienced by our study population. Prior to analysis, we assessed the 

appropriateness of PCA using the Kaiser-Meyer-Olkin (KMO) measure of sampling 

adequacy (StataCorp PCA Postestimation, 2025). The overall KMO value was 0.7150, 

meeting the recommended threshold of 0.70 and indicating good sampling 

adequacy. Individual variable KMO values ranged from 0.6119 (proportion of men 

never married) to 0.8314 (proportion of renter-occupied housing), all surpassing the 

minimum acceptable level of 0.50. 



205 

The PCA was based on 5,640 unique census tracts with data pooled across multiple 

years (1990-2017), resulting in 52,803 complete tract-year observations. We 

examined the correlation matrix and scree plot to ensure variables were 

appropriately intercorrelated and supported a single-factor solution. As shown in 

Appendix Figure 1, the scree plot indicates a strong one-factor structure underlying 

the census tract disadvantage index, with a steep drop between the first and second 

eigenvalues. This supports the use of the first principal component as a summary 

measure of neighborhood disadvantage. The resulting index provides a time-varying, 

tract-specific measure of disadvantage, with each tract receiving a score for each year 

of available data. 

 

Appendix Figure 1. Scree plot of eigenvalues from principal component analysis 

(PCA) of eight tract-level disadvantage variables from the NCDB. The first 

component (eigenvalue = 3.33) explains the majority of shared variance, with a 

sharp drop to the second (1.68), supporting a one-factor solution. Data: NCDB, 

1990–2020. 



206 

 

The first principal component explained 41.63% of the total variance across all eight 

variables, reflecting a coherent underlying construct of neighborhood disadvantage. 

Component loadings showed that the poverty rate (0.4090) and proportion of 

women never married (0.4014) contributed most strongly to the index, followed by 

proportion non-white (0.3946), proportion of men never married (0.3656), renter-

occupied housing (0.3461), and unemployment rate (0.3611). The low college 

education variable showed a moderate loading (0.2725). Notably, the proportion of 

elderly residents had a negative loading (-0.2404), suggesting that neighborhoods 

with higher elderly populations tended to have lower disadvantage scores. This 

pattern is consistent with our sample geography, which included substantial 

representation from Florida and California, where elderly populations often reside in 

more affluent, established communities. 

 

We generated standardized disadvantage index scores using the first principal 

component, with higher scores indicating greater neighborhood disadvantage. The 

standardized index (mean = 0, standard deviation = 1) provides an interpretable 

measure where positive values indicate above-average disadvantage and negative 

values indicate below-average disadvantage relative to all census tracts in the 

sample. This continuous variable is well-suited for multilevel modeling and allows 

for meaningful comparisons across census tracts. Appendix figure 2 presents the 

density distribution of the standardized neighborhood disadvantage index. The 

distribution illustrates variation in neighborhood disadvantage across 5,640 unique 

census tracts (52,803 complete observations over years 1990-2017) represented in 



207 

the PSID sample, with a roughly normal shape and some skewness toward higher 

disadvantage. The index captures a continuum of disadvantage consistent with the 

socio-demographic composition of neighborhoods.  

 

The PCA results demonstrated strong construct validity. The single-factor solution, 

high proportion of variance explained, adequate sampling measures, and 

theoretically consistent factor loadings all support the use of this composite index as 

a valid measure of neighborhood disadvantage in our study context. 

 

 

Appendix Figure 2. Distribution of the composite neighborhood disadvantage 

index derived from PCA of eight tract-level variables. Values are standardized (mean 

= 0, SD = 1). Data: NCDB, 1990–2020. 



208 

Appendix 3. Distance (km) based replication of the five models presented in the 

paper. 

 

Variable Model 1 Model 2 Model 3 Model 4 Model 5 
Average Distance to 
Nearest 
Plastics/Rubber TRI 
Facility, km (1990-
2017) *categorical* 

     

Ref = 1 Near, 0.53-30.54 
km (min up to 75th 

percentile) 
     

2 Moderate, 30.54-50.59 
km (75th-90th percentile) 

0.956 0.879 0.887 0.968 0.88 

3 Far, 50.59+ km (90th+ 
percentile) 

1.094 0.906 0.955 1.071 0.96 

      

Sex (2023)      

Ref = Male      

Female  0.897 0.901 0.925 0.904 

      

Race (2023)      

Ref = White      

Black  1.032 0.914 0.972 0.924 

All other  1.405 1.313 1.298 1.33 

      

Age (2023)      

Ref = 65-70 y.o.      

71-80 y.o.  2.029*** 2.063*** 2.076*** 2.073*** 

81-90 y.o.  3.819*** 3.926*** 4.184*** 3.984*** 

91+ y.o.  11.163*** 11.914*** 12.892*** 12.385*** 

      

Household Average 
Income Percentile 
(1990-2017) 

 0.981*** 0.982***  0.983*** 
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Total Moves (1990-
2017)      

Ref = 0 moves      

1-2  1.19 1.196 1.196 1.194 

3-5  1.22 1.212 1.246 1.172 

6-9  1.440* 1.419* 1.484* 1.354 

10+  2.223** 2.222** 2.539** 2.024* 

      

Wtr Ever Married 
(2023)      

Ref = Never married      

Current/previously married  0.890 0.878 0.750 0.874 

      

Home Ownership 
(1990-2017)      

Ref = Never a homeowner      

Current or previous 
homeowner  1.14 1.196 1.032 1.168 

      

Max Education Level 
(1990-2017)      

Ref = Less than 12 years      

12 years or more, less than 
16 years  0.826 0.854 0.766 0.843 

16 years or more  0.833 0.861 0.683* 0.869 

      

Mean Disadvantage 
Index, Standardized 
(1990-2017) 

  1.168* 1.218** 1.168* 

      
Household Income 
Binary (recode of 
Household Average 
Income Percentile, 
1990-2017) 

     

Ref = Bottom 50%      

Top 50%    0.589***  
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Binary 
Income*Exposure to 
Emissions 

     

Ref = Bottom 50% 
income*Low      

Top 50% income*Moderate    0.909  

Top 50% income*High    0.929  

      

Average Exposure to 
Nearest 
Plastics/Rubber TRI 
Emissions, lbs (1990-
2017) *categorical* 

     

Ref = 0 None, 0 lbs      

1 Low, >0-7627.52 lbs (up 
to 75th percentile) 

    1.141 

2 Moderate, 7627.52 lbs - 
75797.66 lbs (75th-90th 

percentile) 
    1.343* 

3 High, 75797.66+ lbs 
(90th+ percentile) 

    1.202 

      

_cons 0.343*** 0.541* 0.485* 0.362** 0.452* 

 m1 m2 m3 m4 m5 

n 2627 2627 2627 2627 2627 

aic 2992.985 2757.355 2754.23 2774.362 2754.968 

bic 3010.606 2863.08 2865.828 2897.708 2884.187 

ll -1493.492 -1360.678 -1358.115 -1366.181 -1355.484 
 

Appendix 4. Alternative Model Specifications 

Note on Appendix 4A and 4B results: The results in Appendix 4B are identical to 

those in Appendix 4A. This reflects the underlying data distribution rather than 

error. Under the alternative categorization method (median and top 10%), 
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classifications based on pounds and kilometers produce identical groupings due to 

the highly skewed nature of the data. Every observation classified as "median" or 

"top 10%" by pounds receives the same classification by kilometers. This perfect 

correspondence further motivates the group-based percentile categorization 

approach employed in the main analysis, which provides greater differentiation 

across the distribution. Both appendices are retained for transparency in reporting 

all alternative specifications. 

A. Pounds (lbs) exposure categorized by median and tail distribution. 

Variable Model 1 Model 2 Model 3 Model 4 

     

Average Exposure to Nearest 
Plastics/Rubber TRI Emissions, 
lbs (1990-2017) *categorical* 

    

Ref = Low (≤ 50th)     

Mid (50-90th) 1.274* 1.236* 1.232 1.193 

High (>90th) 1.347* 1.197 1.201 1.116 

     

Sex (2023)     

Ref = Male     

Female  0.897 0.9 0.923 

     

Race (2023)     

Ref = White     

Black  1.062 0.936 0.994 

All other  1.431 1.338 1.329 

     

Age (2023)     

Ref = 65-70 y.o.     

71-80 y.o.  2.031*** 2.064*** 2.079*** 
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81-90 y.o.  3.879*** 3.983*** 4.240*** 

91+ y.o.  11.529*** 12.296*** 13.197*** 

     

Household Average Income 
Percentile (1990-2017) 

 0.982*** 0.983***  

     

Total Moves (1990-2017)     

Ref = 0 moves     

1-2  1.187 1.192 1.188 

3-5  1.188 1.176 1.204 

6-9  1.367 1.344 1.408* 

10+  2.018* 2.017* 2.334** 

     

Wtr Ever Married (2023)     

Ref = Never married     

Current/previously married  0.887 0.876 0.752 

     

Home Ownership (1990-2017)     

Ref = Never a homeowner     

Current or previous homeowner  1.095 1.156 1.012 

     
Max Education Level (1990-
2017)     

Ref = Less than 12 years     

12 years or more, less than 16 years  0.82 0.851 0.762 

16 years or more  0.844 0.875 0.696* 

     

Mean Disadvantage Index, 
Standardized (1990-2017) 

  1.170* 1.208** 

     

Household Income Binary 
(recode of Household Average 
Income Percentile, 1990-2017) 

    

Ref = Bottom 50%     
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Top 50%    0.549*** 

     

Binary Income*Exposure to 
Emissions 

    

Ref = Bottom 50% income*None     

Top 50% income*Mid    1.110    

Top 50% income*High    1.227    

     

_cons 0.308*** 0.488* 0.440** 0.346*** 

n 2627 2627 2627 2627 

aic 2985.423 2754.234 2750.87 2769.841 

bic 3003.043 2859.959 2862.468 2893.186 

ll -1489.711 -1359.117 -1356.435 -1363.92 

B. Distance (km) exposure categorized by median and tail distribution. 

Variable Model 1 Model 2 Model 3 Model 4 

     

Average Distance to Nearest 
Plastics/Rubber TRI Facility, 
km (1990-2017) *categorical* 

    

Ref = Low (≤ 50th)     

Mid (50-90th) 1.274* 1.236* 1.232 1.193 

High (>90th) 1.347* 1.197 1.201 1.116 

     

Sex (2023)     

Ref = Male     

Female  0.897 0.9 0.923 

     

Race (2023)     

Ref = White     

Black  1.062 0.936 0.994 

All other  1.431 1.338 1.329 
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Age (2023)     

Ref = 65-70 y.o.     

71-80 y.o.  2.031*** 2.064*** 2.079*** 

81-90 y.o.  3.879*** 3.983*** 4.240*** 

91+ y.o.  11.529*** 12.296*** 13.197*** 

     

Household Average Income 
Percentile (1990-2017) 

 0.982*** 0.983***  

     

Total Moves (1990-2017)     

Ref = 0 moves     

1-2  1.187 1.192 1.188 

3-5  1.188 1.176 1.204 

6-9  1.367 1.344 1.408* 

10+  2.018* 2.017* 2.334** 

     

Wtr Ever Married (2023)     

Ref = Never married     

Current/previously married  0.887 0.876 0.752 

     

Home Ownership (1990-2017)     

Ref = Never a homeowner     

Current or previous homeowner  1.095 1.156 1.012 

     
Max Education Level (1990-
2017)     

Ref = Less than 12 years     

12 years or more, less than 16 years  0.82 0.851 0.762 

16 years or more  0.844 0.875 0.696* 

     

Mean Disadvantage Index, 
Standardized (1990-2017) 

  1.170* 1.208** 
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Household Income Binary 
(recode of Household Average 
Income Percentile, 1990-2017) 

    

Ref = Bottom 50%     

Top 50%    0.549*** 

     

Binary Income*Exposure to 
Emissions 

    

Ref = Bottom 50% income*None     

Top 50% income*Mid (50-90th)    1.110    

Top 50% income*High (>90th)    1.227    

     

_cons 0.308*** 0.488* 0.440** 0.346*** 

n 2627 2627 2627 2627 

aic 2985.423 2754.234 2750.87 2769.841 

bic 3003.043 2859.959 2862.468 2893.186 

ll -1489.711 -1359.117 -1356.435 -1363.92 

C. Log-transformed lbs exposure divided into quartiles. 

The log transformation specification uses log(1+x) to avoid dropping observations 

with zero values. However, due to the highly skewed distribution of the exposure 

variable, half of all observations (the bottom 50%) have a value of zero. This prevents 

the quartile categorization from distinguishing between the first two quartiles. 

Consequently, only three categories (Q1, Q3, and Q4) are included in the log-

transformed models, with Q1 serving as the reference category and representing the 

bottom 50% of the distribution. 

Variable Model 1 Model 2 Model 3 Model 4 
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Logged Average Exposure to 
Nearest Plastics/Rubber TRI 
Emissions, lbs (1990-2017) 
*categorical, quartiles* 

    

Ref = Q1     

Q2 - omitted - - -  - - -  - - -  - - -  

Q3 1.185 1.153 1.148 1.111 

Q4 1.362** 1.274* 1.275* 1.211 

     

Sex (2023)     

Ref = Male     

Female  0.898 0.902 0.925 

     

Race (2023)     

Ref = White     

Black  1.066 0.938 0.999 

All other  1.438 1.344 1.336 

     

Age (2023)     

Ref = 65-70 y.o.     

71-80 y.o.  2.031*** 2.065*** 2.078*** 

81-90 y.o.  3.870*** 3.975*** 4.223*** 

91+ y.o.  11.563*** 12.342*** 13.242*** 

     

Household Average Income 
Percentile (1990-2017) 

 0.982*** 0.983***  

     

Total Moves (1990-2017)     

Ref = 0 moves     

1-2  1.186 1.191 1.188 

3-5  1.185 1.173 1.201 

6-9  1.371 1.349 1.411* 

10+  2.010* 2.010* 2.318** 
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Wtr Ever Married (2023)     

Ref = Never married     

Current/previously married  0.886 0.874 0.752 

     

Home Ownership (1990-2017)     

Ref = Never a homeowner     

Current or previous homeowner  1.094 1.156 1.01 

     
Max Education Level (1990-
2017)     

Ref = Less than 12 years     

12 years or more, less than 16 years  0.823 0.854 0.766 

16 years or more  0.847 0.877 0.699* 

     

Mean Disadvantage Index, 
Standardized (1990-2017) 

  1.171* 1.208** 

     

Household Income Binary 
(recode of Household Average 
Income Percentile, 1990-2017) 

    

Ref = Bottom 50%     

Top 50%    0.550*** 

     

Binary Income*Exposure to 
Emissions 

    

Ref = Bottom 50% income*Q1     

Top 50% income*Q3    1.109 

Top 50% income*Q4    1.170 

     

_cons 0.308*** 0.485* 0.437** 0.345*** 

n 2627 2627 2627 2627 

aic 2984.543 2753.81 2750.39 2769.402 

bic 3002.164 2859.535 2861.989 2892.748 

ll -1489.271 -1358.905 -1356.195 -1363.701 
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D. Log-transformed km exposure divided into quartiles 

Variable Model 1 Model 2 Model 3 Model 4 

     

Logged Average Distance to 
Nearest Plastics/Rubber TRI 
Facility, km (1990-2017) 
*categorical, quartiles* 

    

Ref = Q1     

Q2 0.807 0.876 0.912 1.081 

Q3 1.01 1.154 1.22 1.301 

Q4 0.948 0.901 0.956 1.135 

     

Sex (2023)     

Ref = Male     

Female  0.899 0.903 0.927 

     

Race (2023)     

Ref = White     

Black  1.048 0.925 0.986 

All other  1.438 1.349 1.335 

     

Age (2023)     

Ref = 65-70 y.o.     

71-80 y.o.  2.021*** 2.054*** 2.072*** 

81-90 y.o.  3.830*** 3.933*** 4.200*** 

91+ y.o.  11.384*** 12.258*** 13.465*** 

     

Household Average Income 
Percentile (1990-2017) 

 0.981*** 0.982***  

     

Total Moves (1990-2017)     

Ref = 0 moves     
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1-2  1.187 1.19 1.187 

3-5  1.218 1.205 1.232 

6-9  1.439* 1.410* 1.469* 

10+  2.204** 2.201** 2.543** 

     

Wtr Ever Married (2023)     

Ref = Never married     

Current/previously married  0.896 0.881 0.748 

     

Home Ownership (1990-2017)     

Ref = Never a homeowner     

Current or previous homeowner  1.127 1.185 1.02 

     

Max Education Level (1990-
2017)     

Ref = Less than 12 years     

12 years or more, less than 16 years  0.831 0.865 0.778 

16 years or more  0.837 0.871 0.695* 

     

Mean Disadvantage Index, 
Standardized (1990-2017) 

  1.179* 1.231** 

     

Household Income Binary 
(recode of Household Average 
Income Percentile, 1990-2017) 

    

Ref = Bottom 50%     

Top 50%    0.714    

     

Binary Income*Exposure to 
Emissions 

    

Ref = Bottom 50% income*None     

Top 50% income*Q2    0.644 

Top 50% income*Q3    0.852 
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Top 50% income*Q4    0.752 

     

_cons 0.366*** 0.534* 0.462* 0.323*** 

n 2627 2627 2627 2627 

aic 2991.621 2755.3 2751.62 2770.894 

bic 3015.115 2866.898 2869.092 2905.987 

ll -1491.81 -1358.65 -1355.81 -1362.447 

 

Chapter 3 Appendix 

Supplement Table 1: Post-hoc balance check across our sample sociodemographic 

and health characteristics using chi-square tests (categorical variables) and Kruskal-

Wallis tests (continuous variables), with Monte Carlo p-values used throughout due 

to small expected cell counts in some zones.  

Variable Test Statistic P value 

Sex 5.07 0.440 

Education 13.20 0.198 

Civil status 8.15 0.592 

Native language 5.56 0.347 

Health Insurance 20.46 0.168 

Occupation 14.38 0.147 

Chronic disease 3.01 0.730 

Glucose 15.85 0.100 

Hypertension 5.33 0.385 

SES Level 20.69 0.410 

Age 4.67 0.458 

BMI 6.95 0.225 
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Supplement Table 2: Full model output for exposures (Temperature, Humidity, 

PM2.5, PM10) and Dementia (binary). Model 1 = bivariate, Model 2 = Age and sex 

adjusted, Model 3 = Fully Adjusted. 

Outcome: binary 
dementia         

         
Table 2 A. 
TEMPERATURE         
M1 Est. P M2 Est. P M3 Est. P 

Temperature 1.061 0.522 Temperature 1.081 0.406 Temperature 1.09 0.391 

   Age 0.987 0.024 Age 0.961 0.000 

   Sex (male) 0.347 0.000 Sex (male) 0.579 0.055 

      SES: NSE E -- -- 

      SES: NSE D 0.607 0.26 

      SES: NSE C 0.527 0.057 

      SES: NSE B 0.296 0.000 

      SES: NSE A 0.355 0.053 

      BMI 1.024 0.196 

      EDU: none -- -- 

      EDU: primary 0.533 0.068 

      EDU: sec+ 0.099 0.000 

      
Civil Status: 
married -- -- 

      
Civil Status: 
single 1.01 0.965 

      
Civil Status: 
widows/sep 0.873 0.667 

      
Occup: 
employed -- -- 

      
Occup: 
homemaker 1.323 0.23 

      Occup: not emp 0.863 0.644 

      HTN: yes 1.405 0.153 

      
Glucose: 
Normal (<100) -- -- 

      
Glucose: 
prediab (<126) 1.038 0.88 

      
Glucose: Diab 
(≥ 126) 1.046 0.87 
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      Chr.Dis: yes 0.923 0.727 

         

         
Table 2 B. 
HUMIDITY         
M1 Est. P M2 Est. P M3 Est. P 

Humidity 1.064 0.503 Humidity 1.067 0.469 Humidity 1.134 0.184 

   Age 0.987 0.025 Age 0.961 0.000 

   Sex (male) 0.348 0.000 Sex (male) 0.58 0.057 

      SES: NSE E -- -- 

      SES: NSE D 0.588 0.231 

      SES: NSE C 0.519 0.053 

      SES: NSE B 0.293 0.000 

      SES: NSE A 0.358 0.055 

      BMI 1.026 0.178 

      EDU: none -- -- 

      EDU: primary 0.56 0.093 

      EDU: sec+ 0.1 0.000 

      
Civil Status: 
married -- -- 

      
Civil Status: 
single 1.034 0.891 

      
Civil Status: 
widows/sep 0.891 0.713 

      
Occup: 
employed -- -- 

      
Occup: 
homemaker 1.306 0.254 

      Occup: not emp 0.858 0.632 

      HTN: yes 1.418 0.145 

      
Glucose: 
Normal (<100) -- -- 

      
Glucose: 
prediab (<126) 1.058 0.823 

      
Glucose: Diab 
(≥ 126) 1.073 0.798 

      Chr.Dis: yes 0.921 0.72 

         

         
Table 2 C. PM2.5         
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M1 Est. P M2 Est. P M3 Est. P 

PM2.5 0.903 0.336 PM2.5 0.913 0.37 PM2.5 0.92 0.405 

   Age 0.987 0.027 Age 0.961 0.000 

   Sex (male) 0.349 0.000 Sex (male) 0.58 0.056 

      SES: NSE E -- -- 

      SES: NSE D 0.61 0.264 

      SES: NSE C 0.533 0.062 

      SES: NSE B 0.302 0.001 

      SES: NSE A 0.363 0.058 

      BMI 1.024 0.2 

      EDU: none -- -- 

      EDU: primary 0.544 0.078 

      EDU: sec+ 0.1 0.000 

      
Civil Status: 
married -- -- 

      
Civil Status: 
single 1.018 0.94 

      
Civil Status: 
widows/sep 0.867 0.654 

      
Occup: 
employed -- -- 

      
Occup: 
homemaker 1.315 0.24 

      Occup: not emp 0.868 0.657 

      HTN: yes 1.415 0.146 

      
Glucose: 
Normal (<100) -- -- 

      
Glucose: 
prediab (<126) 1.048 0.848 

      
Glucose: Diab 
(≥ 126) 1.065 0.817 

      Chr.Dis: yes 0.921 0.72 

         

         
Table 2 D. PM10         
M1 Est. P M2 Est. P M3 Est. P 

PM10 0.908 0.36 PM10 0.904 0.333 PM10 0.836 0.125 

   Age 0.987 0.027 Age 0.961 0.000 

   Sex (male) 0.347 0.000 Sex (male) 0.574 0.052 
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      SES: NSE E -- -- 

      SES: NSE D 0.589 0.226 

      SES: NSE C 0.517 0.049 

      SES: NSE B 0.295 0.000 

      SES: NSE A 0.355 0.052 

      BMI 1.024 0.198 

      EDU: none -- -- 

      EDU: primary 0.545 0.075 

      EDU: sec+ 0.097 0.000 

      
Civil Status: 
married -- -- 

      
Civil Status: 
single 1.033 0.893 

      
Civil Status: 
widows/sep 0.876 0.676 

      
Occup: 
employed -- -- 

      
Occup: 
homemaker 1.288 0.281 

      Occup: not emp 0.862 0.644 

      HTN: yes 1.402 0.158 

      
Glucose: 
Normal (<100) -- -- 

      
Glucose: 
prediab (<126) 1.058 0.82 

      
Glucose: Diab 
(≥ 126) 1.081 0.778 

      Chr.Dis: yes 0.915 0.697 
 

 

Supplement Table 3: Full model output for exposures (Temperature, Humidity, 

PM2.5, PM10) and ACE. Model 1 = bivariate, Model 2 = Age and sex adjusted, Model 

3 = Fully Adjusted. 

Outcome: ACE         

         
Table 3 A. 
TEMPERATURE         
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M1 Est. P M2 Est. P M3 Est. P 

Temperature 0.203 0.639 Temperature 0.223 0.582 Temperature 0.281 0.434 

   Age 
-

0.279 0.000 Age -0.164 0.000 

   Sex (male) 3.816 0.000 Sex (male) 1.237 0.174 

      SES: NSE E -- -- 

      SES: NSE D 0.962 0.703 

      SES: NSE C 3.526 0.055 

      SES: NSE B 6.696 0.000 

      SES: NSE A 7.51 0.000 

      BMI -0.024 0.729 

      EDU: none -- -- 

      EDU: primary 18 0.000 

      EDU: sec+ 27.285 0.000 

      
Civil Status: 
married -- -- 

      
Civil Status: 
single 0.178 0.838 

      
Civil Status: 
widows/sep 0.365 0.77 

      
Occup: 
employed -- -- 

      
Occup: 
homemaker -1.088 0.202 

      
Occup: not 
emp -0.891 0.499 

      HTN: yes -2.209 0.026 

      
Glucose: 
Normal (<100) -- -- 

      
Glucose: 
prediab (<126) -0.106 0.904 

      
Glucose: Diab 
(≥ 126) 0.566 0.578 

      Chr.Dis: yes 0.863 0.274 

         

         
Table 3 B. 
HUMIDITY         
M1 Est. P M2 Est. P M3 Est. P 

Humidity 
-

0.128 0.757 Humidity 
-

0.071 0.858 Humidity -0.273 0.443 
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   Age 
-

0.279 0.000 Age -0.162 0.000 

   Sex (male) 3.824 0.000 Sex (male) 1.229 0.176 

      SES: NSE E -- -- 

      SES: NSE D 1.135 0.65 

      SES: NSE C 3.613 0.047 

      SES: NSE B 6.719 0.000 

      SES: NSE A 7.566 0.000 

      BMI -0.024 0.733 

      EDU: none -- -- 

      EDU: primary 18.072 0.000 

      EDU: sec+ 27.394 0.000 

      
Civil Status: 
married -- -- 

      
Civil Status: 
single 0.133 0.879 

      
Civil Status: 
widows/sep 0.298 0.811 

      
Occup: 
employed -- -- 

      
Occup: 
homemaker -1.105 0.194 

      
Occup: not 
emp -0.906 0.492 

      HTN: yes -2.159 0.03 

      
Glucose: 
Normal (<100) -- -- 

      
Glucose: 
prediab (<126) -0.104 0.906 

      
Glucose: Diab 
(≥ 126) 0.523 0.609 

      Chr.Dis: yes 0.884 0.262 

         

         
Table 3 C. PM2.5         
M1 Est. P M2 Est. P M3 Est. P 

PM2.5 0.174 0.69 PM2.5 0.282 0.482 PM2.5 0.168 0.651 

   Age 
-

0.281 0.000 Age -0.165 0.000 

   Sex (male) 3.814 0.000 Sex (male) 1.227 0.176 

      SES: NSE E -- -- 
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      SES: NSE D 1.102 0.661 

      SES: NSE C 3.592 0.049 

      SES: NSE B 6.707 0.000 

      SES: NSE A 7.565 0.000 

      BMI -0.019 0.78 

      EDU: none -- -- 

      EDU: primary 18.133 0.000 

      EDU: sec+ 27.4 0.000 

      
Civil Status: 
married -- -- 

      
Civil Status: 
single 0.161 0.853 

      
Civil Status: 
widows/sep 0.318 0.798 

      
Occup: 
employed -- -- 

      
Occup: 
homemaker -1.106 0.195 

      
Occup: not 
emp -0.901 0.492 

      HTN: yes -2.147 0.032 

      
Glucose: 
Normal (<100) -- -- 

      
Glucose: 
prediab (<126) -0.102 0.908 

      
Glucose: Diab 
(≥ 126) 0.536 0.599 

      Chr.Dis: yes 0.879 0.266 

         

         
Table 3 D. PM10         
M1 Est. P M2 Est. P M3 Est. P 

PM10 0.017 0.969 PM10 
-

0.046 0.91 PM10 0.169 0.647 

   Age 
-

0.279 0.000 Age -0.163 0.000 

   Sex (male) 3.824 0.000 Sex (male) 1.226 0.177 

      SES: NSE E -- -- 

      SES: NSE D 1.109 0.657 

      SES: NSE C 3.6 0.048 

      SES: NSE B 6.719 0.000 
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      SES: NSE A 7.571 0.000 

      BMI -0.021 0.76 

      EDU: none -- -- 

      EDU: primary 18.124 0.000 

      EDU: sec+ 27.415 0.000 

      
Civil Status: 
married -- -- 

      
Civil Status: 
single 0.153 0.861 

      
Civil Status: 
widows/sep 0.319 0.797 

      
Occup: 
employed -- -- 

      
Occup: 
homemaker -1.103 0.196 

      
Occup: not 
emp -0.902 0.492 

      HTN: yes -2.149 0.031 

      
Glucose: 
Normal (<100) -- -- 

      
Glucose: 
prediab (<126) -0.099 0.91 

      
Glucose: Diab 
(≥ 126) 0.539 0.598 

      Chr.Dis: yes 0.877 0.266 
 

Supplement Table 4: Full model output for exposures (Temperature, Humidity, 

PM2.5, PM10) and RUDAS-PE. Model 1 = bivariate, Model 2 = Age and sex adjusted, 

Model 3 = Fully Adjusted. 

Outcome: RUDAS         

         
Table 4 A. 
TEMPERATURE         
M1 Est. P M2 Est. P M3 Est. P 

Temperature 
-

0.419 0.166 Temperature -0.42 0.175 Temperature 
-

0.375 0.15 

   Age 0.005 0.931 Age 0.035 0.604 

   Sex (male) 0.002 0.998 Sex (male) -1.39 0.076 

      SES: NSE E -- -- 
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      SES: NSE D 0.739 0.655 

      SES: NSE C 1.22 0.451 

      SES: NSE B 1.222 0.43 

      SES: NSE A 1.776 0.28 

      BMI 0.004 0.938 

      EDU: none -- -- 

      EDU: primary 0.265 0.842 

      EDU: sec+ 
-

0.585 0.611 

      
Civil Status: 
married -- -- 

      
Civil Status: 
single 1.63 0.13 

      
Civil Status: 
widows/sep 0.151 0.85 

      
Occup: 
employed -- -- 

      
Occup: 
homemaker 

-
3.206 0.017 

      Occup: not emp 
-

0.729 0.395 

      HTN: yes 0.18 0.791 

      
Glucose: 
Normal (<100) -- -- 

      
Glucose: 
prediab (<126) 0.103 0.914 

      
Glucose: Diab 
(≥ 126) 

-
0.332 0.734 

      Chr.Dis: yes -1.939 0.015 

         

         
Table 4 B. 
HUMIDITY         
M1 Est. P M2 Est. P M3 Est. P 

Humidity 
-

0.572 0.046 Humidity 
-

0.581 0.045 Humidity 
-

0.422 0.122 

   Age 0.008 0.891 Age 0.038 0.571 

   Sex (male) 0.106 0.889 Sex (male) -1.213 0.124 

      SES: NSE E -- -- 

      SES: NSE D 0.832 0.614 

      SES: NSE C 1.308 0.408 

      SES: NSE B 1.306 0.396 
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      SES: NSE A 2.058 0.198 

      BMI 0.006 0.905 

      EDU: none -- -- 

      EDU: primary 0.202 0.877 

      EDU: sec+ 
-

0.754 0.51 

      
Civil Status: 
married -- -- 

      
Civil Status: 
single 1.435 0.181 

      
Civil Status: 
widows/sep 0.184 0.817 

      
Occup: 
employed -- -- 

      
Occup: 
homemaker 

-
2.937 0.032 

      Occup: not emp 
-

0.754 0.37 

      HTN: yes 0.226 0.745 

      
Glucose: 
Normal (<100) -- -- 

      
Glucose: 
prediab (<126) 0.199 0.836 

      
Glucose: Diab 
(≥ 126) 

-
0.309 0.751 

      Chr.Dis: yes 
-

2.034 0.008 

         

         
Table 4 C. PM2.5         
M1 Est. P M2 Est. P M3 Est. P 

PM2.5 0.356 0.207 PM2.5 0.356 0.218 PM2.5 0.291 0.21 

   Age 0.004 0.949 Age 0.035 0.601 

   Sex (male) 0.000 1 Sex (male) -1.342 0.086 

      SES: NSE E -- -- 

      SES: NSE D 0.817 0.621 

      SES: NSE C 1.263 0.432 

      SES: NSE B 1.236 0.424 

      SES: NSE A 1.83 0.25 

      BMI 0.004 0.946 

      EDU: none -- -- 
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      EDU: primary 0.162 0.905 

      EDU: sec+ 
-

0.732 0.537 

      
Civil Status: 
married -- -- 

      
Civil Status: 
single 1.589 0.142 

      
Civil Status: 
widows/sep 0.172 0.829 

      
Occup: 
employed -- -- 

      
Occup: 
homemaker -3.1 0.021 

      Occup: not emp 
-

0.755 0.375 

      HTN: yes 0.193 0.78 

      
Glucose: 
Normal (<100) -- -- 

      
Glucose: 
prediab (<126) 0.238 0.802 

      
Glucose: Diab 
(≥ 126) 

-
0.253 0.794 

      Chr.Dis: yes -2.02 0.009 

         

         
Table 4 D. PM10         
M1 Est. P M2 Est. P M3 Est. P 

PM10 0.435 0.117 PM10 0.438 0.117 PM10 0.319 0.164 

   Age 0.006 0.915 Age 0.035 0.607 

   Sex (male) 0.063 0.934 Sex (male) 
-

1.282 0.104 

      SES: NSE E -- -- 

      SES: NSE D 0.821 0.622 

      SES: NSE C 1.365 0.398 

      SES: NSE B 1.319 0.393 

      SES: NSE A 2.042 0.207 

      BMI 0.004 0.946 

      EDU: none -- -- 

      EDU: primary 0.231 0.86 

      EDU: sec+ 
-

0.661 0.559 
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Civil Status: 
married -- -- 

      
Civil Status: 
single 1.572 0.141 

      
Civil Status: 
widows/sep 0.171 0.83 

      
Occup: 
employed -- -- 

      
Occup: 
homemaker 

-
3.062 0.023 

      Occup: not emp 
-

0.728 0.39 

      HTN: yes 0.21 0.76 

      
Glucose: 
Normal (<100) -- -- 

      
Glucose: 
prediab (<126) 0.173 0.857 

      
Glucose: Diab 
(≥ 126) 

-
0.279 0.776 

      Chr.Dis: yes -1.961 0.015 
 

 

Supplement Table 5: Full model output for Road Proximity and Dementia 

(binary). Model 1 = bivariate, Model 2 = Age and sex adjusted, Model 3 = Fully 

Adjusted. 

 

Outcome: binary 
dementia         

         
Table 5. Road 
Proximity         
M1 Est. P M2 Est. P M3 Est. P 
Dist to Road 
(logged)  1.106 0.161 

Dist to Road 
(logged)  1.072 0.336 

Dist to Road 
(logged)  1.005 0.953 

   Age 0.988 0.031 Age 0.961 0.000 

   Sex (male) 0.351 0.000 Sex (male) 0.583 0.059 

      SES: NSE E -- -- 

      SES: NSE D 0.619 0.282 

      SES: NSE C 0.533 0.064 
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      SES: NSE B 0.298 0.001 

      SES: NSE A 0.363 0.06 

      BMI 1.025 0.182 

      EDU: none -- -- 

      EDU: primary 0.546 0.08 

      EDU: sec+ 0.100 0.000 

      
Civil Status: 
married -- -- 

      
Civil Status: 
single 1.009 0.971 

      
Civil Status: 
widows/sep 0.875 0.673 

      Occup: employed -- -- 

      
Occup: 
homemaker 1.323 0.229 

      Occup: not emp 0.861 0.638 

      HTN: yes 1.426 0.141 

      
Glucose: Normal 
(<100) -- -- 

      
Glucose: prediab 
(<126) 1.046 0.856 

      
Glucose: Diab (≥ 
126) 1.049 0.859 

      Chr.Dis: yes 0.928 0.742 
 

 

Supplement Table 6: Full model output for Road Proximity and ACE. Model 1 = 

bivariate, Model 2 = Age and sex adjusted, Model 3 = Fully Adjusted. 

Outcome: ACE         

         
Table 6. Road 
Proximity         
M1 Est. P M2 Est. P M3 Est. P 
Dist to Road 
(logged)  

-
0.719 0.033 

Dist to Road 
(logged)  

-
0.924 0.005 

Dist to Road 
(logged)  -0.545 0.079 

   Age 
-

0.296 0.000 Age -0.174 0.000 

   Sex (male) 3.71 0.000 Sex (male) 1.274 0.161 

      SES: NSE E -- -- 
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      SES: NSE D 0.712 0.779 

      SES: NSE C 3.486 0.06 

      SES: NSE B 6.527 0.000 

      SES: NSE A 7.314 0.000 

      BMI -0.02 0.769 

      EDU: none -- -- 

      EDU: primary 18.116 0.000 

      EDU: sec+ 27.244 0.000 

      
Civil Status: 
married -- -- 

      
Civil Status: 
single 0.13 0.881 

      
Civil Status: 
widows/sep 0.46 0.711 

      Occup: employed -- -- 

      
Occup: 
homemaker -1.055 0.216 

      Occup: not emp -0.815 0.53 

      HTN: yes -2.328 0.019 

      
Glucose: Normal 
(<100) -- -- 

      
Glucose: prediab 
(<126) -0.131 0.882 

      
Glucose: Diab (≥ 
126) 0.511 0.615 

      Chr.Dis: yes 0.96 0.219 
 

Supplement Table 7: Full model output for Road Proximity and RUDAS-PE. 

Model 1 = bivariate, Model 2 = Age and sex adjusted, Model 3 = Fully Adjusted. 

Outcome: 
RUDAS         

         
Table 4. Road 
Proximity         
M1 Est. P M2 Est. P M3 Est. P 
Dist to Road 
(logged)  0.069 0.774 

Dist to Road 
(logged)  0.069 0.775 

Dist to Road 
(logged)  0.135 0.614 

   Age 0.003 0.967 Age 0.036 0.599 

   Sex (male) 0.04 0.959 Sex (male) -1.392 0.076 
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      SES: NSE E -- -- 

      SES: NSE D 0.599 0.73 

      SES: NSE C 1.193 0.484 

      SES: NSE B 1.155 0.483 

      SES: NSE A 1.624 0.34 

      BMI 0.003 0.96 

      EDU: none -- -- 

      EDU: primary 0.429 0.747 

      EDU: sec+ 
-

0.393 0.738 

      
Civil Status: 
married -- -- 

      
Civil Status: 
single 1.628 0.142 

      
Civil Status: 
widows/sep 0.162 0.841 

      Occup: employed -- -- 

      
Occup: 
homemaker -3.114 0.021 

      Occup: not emp 
-

0.688 0.427 

      HTN: yes 0.199 0.771 

      
Glucose: Normal 
(<100) -- -- 

      
Glucose: prediab 
(<126) 

-
0.008 0.993 

      
Glucose: Diab (≥ 
126) -0.38 0.699 

      Chr.Dis: yes -2.147 0.006 
 

 

Supplement Table 8. Descriptive statistics of road proximity (meters) by SES 

category. R² = 0.011. p (overall) = 0.018 

Predictor (reference: 
NSE E) Estimate p-value 

NSE D -431.7 0.009 

NSE C -157.5 0.259 

NSE B -265.2 0.052 
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NSE A -414.1 0.016 

 

Supplementary Figure 1. Distribution of qAIRa air quality sensors across Lima, 

Peru, showing concentration in wealthier southern districts with no coverage in 

Puente Piedra (located north of central Lima)(Calidad Del Aire y Mapeo Digital Con 

Drones LiDAR, n.d.). 
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Supplementary Figure 2. Locations of air quality monitoring in Lima, Peru. 

Puente Piedra is indicated with the blue star. Accessed via Servicio Nacional de 

Meteorología e Hidrología del Perú. 

 

 
 




