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Abstract 24 

Genetic risk, as well as the physical environment and psychosocial factors, affect susceptibility to 25 

common, complex diseases. Although portions of patients' social and exposure histories are 26 

captured during routine healthcare, these data are rarely collected in a standardized, quantitative 27 

format that supports cross-disease risk stratification. We analyzed data from the Personalized 28 

Environment and Genes Study (PEGS) for 2,344 participants with genome sequencing who 29 

completed three exposome surveys. We derived polyexposure (PXS) and polysocial (PSS) 30 

scores from 489 variables and compared disease-classification performance of these scores, 31 

polygenic scores (PGS), and classification based on age/sex across nine self‑reported, ever-32 

diagnosed diseases. For cross-sectional classification of disease risk, PXS had greater 33 

improvement than PGS or PSS compared to models with common clinical factors and 34 

demographic variables such as sex and age. The combined PXS+PSS+PGS model had the best 35 

performance overall (mean ΔAUC 0.10; maximum ΔAUC 0.27 for asthma). Importantly, the score 36 

types identified different individuals in high-score groups, and there was minimal overlap among 37 

these groups (PGS-PXS 0.94%; PGS-PSS 1.0%; triple overlap 0.18%, averaged across 38 

diseases). Further, PGS-PXS and PGS-PSS correlations were weak (mean r=0.04 and 0.03). 39 

This independence may enable identification of different individuals at risk of disease compared 40 

to existing clinical assessments and could help tailor interventions and care. As a next step in 41 



determining clinical feasibility, we propose a 66‑question minimum exposure question set, with 42 

61 questions based on PXS and five on PSS, as a pragmatic framework for clinical collection of 43 

standardized data for multiple diseases. 44 

 45 

Introduction 46 

In addition to the well-known influence of genetics on disease, the physical environment and 47 

psychosocial factors impact disease etiology1. The exposome, defined as the totality of 48 

environmental exposures across the life course2,3, encompasses occupational, lifestyle, 49 

psychosocial, and structural socioeconomic factors and is an important contributor to human 50 

health and disease4. Polyexposure scores (PXS) and polysocial scores (PSS) summarize 51 

information on the exposome and are used to classify disease status and estimate disease risk. 52 

These scores are analogous to polygenic scores (PGS), which use genetic variation to identify 53 

disease susceptibility8. 54 

 55 

PXS aggregate information on occupational, residential, and lifestyle exposures, and PSS5–7 56 

summarize information on the social environment. PXS studies typically focus on one condition, 57 

such as type 2 diabetes9,10, and emphasize modifiable lifestyle exposures such as diet, exercise, 58 

and smoking status, often without distinguishing these from structural factors such as housing 59 

and education, which are difficult or impossible to modify. In this study, we explicitly separate 60 

modifiable exposures (PXS) from structural factors (PSS) to clarify their distinct contributions to 61 

disease. 62 

 63 

Although PXS and PSS have demonstrated utility in epidemiologic research11,12, their integration 64 

into clinical practice remains limited13,14. Routine care often includes the collection of social history 65 

and screening for selected social risks15, but these assessments are heterogeneous across 66 

settings and typically do not capture a broad range of residential, occupational, behavioral, and 67 

structural exposures in a reusable, quantitative format. Occupational hazards are assessed using 68 

job-exposure matrices16, with broader occupational exposure assessments largely restricted to 69 

acute events or specific populations17,18,19. As a result, although clinicians may document relevant 70 

contextual information, there is no standardized framework for translating this information into 71 

cross-disease risk classification.  72 

 73 

To address these gaps, we leverage data from the Personalized Environment and Genes Study 74 

(PEGS), a diverse, North Carolina-based cohort that collects detailed information on physical, 75 



lifestyle, and structural exposures with three questionnaires. Using these data, we compared the 76 

performance of PGS, PXS, and PSS and their combination for cross-sectional risk classification 77 

of nine self-reported, ever-diagnosed diseases. We determined whether these scores identify 78 

distinct high-risk groups and measured the overlap in high-score groups identified by each score 79 

type and their combinations. Using the results of the analysis and the features included in the 80 

models, we derived a minimum exposure question set to complement existing structural and 81 

genetic tools, determining its clinical feasibility as part of the development process.  82 

 83 

This work investigates whether standardized questionnaire-derived exposure and social scores 84 

capture risk information that is complementary to existing measures of inherited susceptibility and 85 

demographics across multiple phenotypes, not to position PXS as a clinical gold standard or 86 

replace a conventional social history. Our central premise is that PXS and PSS scores provide 87 

information distinct from and complementary to PGS and are translationally relevant, as 88 

exposures inform disease prevention and intervention. This work thus focuses on the 89 

classification and stratification of disease risk and not prognosis.  90 

 91 

Results 92 

Data-driven Exposure Selection Yields Distinct Polyexposure and Polysocial Scores 93 

across Diseases 94 

 95 

Score development is outlined in Figure 1. We examined nine phenotypes, not because they 96 

share a single mechanism, but because they provide a test case for whether an exposure 97 

questionnaire can generate clinically complementary information across outcomes that differ in 98 

diagnostic standard, expected use case, and actionability. From a total of 489 exposures, the 99 

number and category of exposures selected for use in disease-specific PSS and PXS varied 100 

across phenotypes (Figure 2A).  101 

 102 

For PSS, the number of selected features ranged from 13 for fibroids to eight for hypertension 103 

and lower gastrointestinal (GI) polyps. Three exposures (maternal education level, paternal 104 

education level, and participant housing type) were selected for all diseases. Of the 17 exposures 105 

selected, three were unique to a single disease. 106 

 107 

For PXS, the number of selected exposures ranged from 58 for hypertension to 33 for ovarian 108 

cysts. The highest number of features unique to a single phenotype was 20 for lower GI polyps, 109 



followed by 16 each for migraine and fibroids (Figure 2A). Sleep disrupted by pain was selected 110 

for seven diseases, and exercise level was selected for five diseases. Of the 235 selected 111 

exposures, 123 were unique to a single disease (Figure 2B). 112 

 113 

Polyexposure Scores, Polysocial Scores, and Polygenic Scores Classify Diseases across 114 

Biological Systems  115 

 116 

To quantify classification performance, we compared the area under the curve (AUC) for PGS, 117 

PSS, PXS, and their combinations with the AUC of a baseline model containing factors commonly 118 

included in clinical assessments (age, sex, physical activity, and BMI), denoted as ΔAUC (Figure 119 

3A), with a larger ΔAUC indicating improved performance. Across diseases, the largest average 120 

increase in AUC over the baseline model was observed from PXS alone (mean ΔAUC 0.08). 121 

Smaller average increases (0.02 and 0.02) were observed for PSS and PGS. The combined 122 

PXS+PSS+PGS model had the best performance overall (mean ΔAUC 0.10). For this combined 123 

model, asthma had the largest ΔAUC (0.27), and lower GI polyps had the smallest (0.02). For 124 

PXS alone, asthma (0.25) had the largest ΔAUC, and hypertension (0.03) had the smallest. For 125 

PSS, migraine (0.06) had the largest ΔAUC, and iron-deficient anemia (-0.004) had the lowest. 126 

For two-score models,  PXS+PGS had the highest ΔAUC (0.07), followed by PXS+PSS (0.06) 127 

and PSS+PGS (0.04). Additionally, we used McFadden's pseudo R2 (Figure S1) to assess 128 

goodness of fit for single and multi-score models, adjusting for model complexity. The results 129 

indicate that most of the improvement in classification performance was driven by exposure 130 

information, with more modest benefit from genetic and structural-social information. 131 

 132 

We also examined net reclassification improvement (NRI), which determines whether a model 133 

moves cases into a higher risk category and non-cases into a lower risk category relative to the 134 

clinical model. Across the study-defined probability categories, the PXS-alone model yielded 135 

greater average reclassification than the PSS-alone or PGS-alone model (mean NRI 0.14 vs 0.06 136 

and 0.05), and the PXS+PSS+PGS model had the best performance (mean NRI 0.17). The 137 

largest improvement from this combined model was observed for asthma (NRI 0.47), indicating 138 

meaningful reclassification beyond the covariate-only model within the probability strata used in 139 

this study (Figure S2). 140 

 141 

To determine alignment of the probability predicted by each model with true likelihood, we 142 

assessed model calibration across scores and their combinations. Following logistic recalibration, 143 



calibration intercept values closer to zero indicated better calibration (Figure 3D). Calibration 144 

across outcomes had a mean difference of 0.01, suggesting similar calibration across models. 145 

Using asthma as a representative example, the calibration intercept for the PXS+PSS+PGS 146 

model (0.21) indicated modest deviation from perfect calibration, while calibration curves showed 147 

limited dispersion of predicted probabilities across the probability distribution (Figure S3). 148 

 149 

We assessed the odds ratios (ORs) and statistical significance of each score and their 150 

combinations compared to the baseline clinical model (Figure 3E). Across multi-score models, 151 

the OR of the PXS term was always statistically significant after limiting false discovery to 10%. 152 

PGS did not meet this significance threshold for high cholesterol, asthma, iron-deficient anemia, 153 

and ovarian cysts. PXS alone had an average OR of 1.95 across phenotypes, with the highest 154 

OR for asthma (2.27), and the lowest for high cholesterol (1.67). PSS alone had an average OR 155 

of 1.36, and the combination of PXS, PSS, and PGS had an average OR of 1.88.  156 

 157 

To characterize the goodness of fit of models containing PXS, PSS, PGS, and their combinations 158 

compared to age and sex (or age alone), we calculated McFadden’s adjusted pseudo R², which 159 

measures the likelihood of a fitted model over the null model, adjusting for model complexity 160 

(Figure 3E). The addition of PXS increased the average pseudo R² by 0.06, compared to 0.012 161 

for PSS alone and 0.007 for PGS alone. When adding PXS, the largest increase was for asthma 162 

(0.11) and the smallest was for high cholesterol (0.03). When adding PSS, the largest increase 163 

was for type 2 diabetes (0.03) and the smallest was for fibroids (0.002). The PXS+PSS+PGS 164 

model (0.07) had the largest average increase in pseudo R²; the largest increase observed for 165 

asthma (0.12), and the lowest increase was observed for high cholesterol (0.04).   166 

 167 

 168 

Polyexposure and Polysocial Scores Identify Distinct Vulnerable Populations beyond 169 

Polygenic Scores 170 

 171 

To examine the relationships among PXS, PSS, and PGS, we conducted pairwise correlation 172 

analyses across diseases. PXS exhibited high correlation (mean r = 0.32) (Figure 4A); the 173 

strongest correlation was between migraine and ovarian cysts (r = 0.63), and the weakest was 174 

between migraine and lower GI polyps (r = 0.07). Disease-specific PSS were strongly correlated 175 

across diseases (mean r = 0.41)(Figure 4B); the strongest correlation was between type 2 176 

diabetes and hypertension (r = 0.95), and the weakest was between hypertension and lower GI 177 



polyps (r = 0.007). Notably, for PSS, several pairs were negatively correlated, including fibroids 178 

and lower GI polyps (r = −0.41) and ovarian cysts and lower GI polyps (r = −0.21). Weak 179 

correlations were observed for PGS (mean r = 0.01); the strongest correlation was between type 180 

2 diabetes and fibroids (r = 0.32), and the weakest was between type 2 diabetes and lower GI 181 

polyps (-0.21)(Figure 4C). When examining different score types for the same disease (Figure 182 

4D), on average, there were weak correlations between PSS and PGS (mean r = 0.03) and PXS 183 

and PGS (mean r = 0.04). The strongest correlations were between PXS and PSS (mean r = 184 

0.22).  185 

 186 

We assessed the concordance of high- and low-score groups across scores and diseases 187 

identified by PGS, PXS, and PSS. In high-score groups, a small fraction of individuals was 188 

uniquely identified by any single score. On average, among individuals in the top 10% of a score, 189 

7.9%, 7.3%, and 7.3% were uniquely identified by PGS, PXS, or PSS, respectively, indicating 190 

independence across scores (Figure 4E). Overlap between the high-score PGS and the high-191 

score PXS groups was 0.94%; overlap between the high-score PGS and high-score PSS was 192 

1%; overlap between the high-score PSS and high-score PXS groups was 1.6%.  Triple overlap 193 

was limited, with a mean 0.18% of individuals simultaneously classified as high score by all three 194 

scores. Similar patterns were observed for low-score groups (Figure 4F). A chi-square test of 195 

independence indicated no statistically significant difference in the high-score groups identified 196 

by PXS and PGS. This result implies that high-score PXS and PSS groups are independent of 197 

high-score PGS groups.  198 

 199 

Developing a Framework for Clinical Exposure Assessment Using Self-Reported 200 

Exposome Information 201 

 202 

We developed overall PXS and PSS using all available exposome data and created a framework 203 

for a proposed minimum exposure question set that includes social and physical exposome 204 

information. From an initial 489 exposures, 235 features were selected for inclusion in at least 205 

one disease-specific PXS (Figure 5A). Of the selected exposures, 123 were selected once. One 206 

exposure (amount of sleep) was selected seven times (Figure 5B), and none were selected for 207 

all nine diseases. For PSS, three structural exposures (maternal education level, paternal 208 

education level, and housing type) were selected for all nine diseases, and two exposures were 209 

selected for one disease.  210 

 211 



We then developed disease-specific scores using exposures selected between one and 10 times 212 

across diseases, for a total of six distinct PXS and 10 distinct PSS (Figure S4). To better 213 

understand the number of exposures needed to build scores capable of outperforming PGS, we 214 

combined the results of our iterative score development with the correlation structure of the PEGS 215 

Internal and External Exposome surveys. We assessed correlations between exposures selected 216 

for at least one disease-specific PXS (n = 235). We classified exposures into the following 217 

categories: UV/Sun, Health History, Occupational and Hobby Exposures, Lifestyle Exposures, 218 

Indoor/Residential, and Diet. Exposures in the same category had an average correlation of 0.14 219 

(Figure S5). The UV/Sun exposure category had the strongest correlation (0.33), and 220 

Indoor/Residential exposures had the weakest correlation (0.10). Next, we applied the Kaiser rule 221 

within these categories to estimate the number of effective features, defined as the number of 222 

eigenvalues of the correlation matrix greater than one. The mean reduction of features in a 223 

category was 71%. The largest reduction from total features to effective features was observed 224 

for the categories of diet (56, 72% reduction), lifestyle factors (31, 76% reduction), and 225 

occupational exposures (29, 73% reduction) (Figure 5C).  226 

 227 

For the proposed minimum exposure question set, we used the number of effective features for 228 

each category. The common PXS included 61 exposures, and the common PSS included five 229 

exposures (Figure 5D) from the following categories: diet (number of questions = 22), 230 

indoor/housing (11), Lifestyle (10), Occupational/Hobby (8), Health History (7), and UV and sun 231 

exposure (3). The exposures selected for each category are listed in Tables S1 and S2.  232 

 233 

We constructed single disease-agnostic PXS and PSS using the selected exposures and 234 

evaluated them in models containing baseline clinical covariates (age, sex, physical activity, and 235 

BMI) and combined-score models. Across diseases, the common PXS had a mean ΔAUC of 0.07 236 

over these clinical covariates alone (Figure 5E). The PXS for asthma had the best performance 237 

(ΔAUC = 0.17), while the PXS for high cholesterol (ΔAUC = 0.01) had the poorest performance. 238 

The average ΔAUC for PSS and disease-specific PGS was 0.02 and 0.03, respectively. A model 239 

containing the common PXS, PSS, and disease-specific PGS had the highest average ΔAUC 240 

(0.09). ΔMcFadden’s pseudo R2 reflected similar patterns (Figure S6). NRI, compared to the base 241 

model containing age and sex (or age) alone, as well as model calibration, were computed for the 242 

disease-agnostic PXS and PSS (Figures S7-8).  243 

 244 



To evaluate the goodness of fit, we calculated McFadden’s adjusted pseudo-R² for models 245 

including the disease agnostic PXS and PSS, the disease specific PGS, and their combinations 246 

across diseases, and compared it to the pseudo-R² for the model containing clinical covariates 247 

alone. PXS-alone models had an average Δpseudo-R² of 0.07 compared to 0.009 for PSS and 248 

0.007 for PGS (Figure 5F). The PXS-alone model for type 2 diabetes had the largest Δpseudo-249 

R² (0.08), and the PXS-alone model for lower GI polyps had the lowest (0.02). The 250 

PXS+PSS+PGS model (0.08) had the largest average Δpseudo-R² among combined-score 251 

models.  252 

 253 

We shared the proposed question set with a panel of clinicians to help determine the feasibility of 254 

the exposures included in the PXS and PSS. The clinicians assessed how collectable a construct 255 

is and the barriers to collection in a custom exposome survey module (Text S1). The goal was to 256 

better understand the work required to translate these findings into a clinical setting. Figure S9 257 

outlines an example workflow for administering the question set to a patient and indicates how 258 

these scores could be used for better disease prognosis. Table S3 outlines the current diagnosis 259 

guidelines for each disease and discusses how an integrated PXS/PSS system can be used to 260 

support current clinical guidelines.    261 

 262 

Discussion 263 

Across diseases, PXS provided the largest improvement in classification performance beyond 264 

clinical factors, with the best performance observed for the combined PXS+PSS+PGS model. 265 

The findings are notable because, although the Human Genome Project and subsequent 266 

genomics efforts have transformed our understanding of disease biology, genetic information 267 

alone explains only a modest fraction of inter-individual variation for many common diseases20. 268 

The exposome framework highlights that physical, behavioral, occupational, and social 269 

environments contribute substantially to disease susceptibility and often represent more proximal 270 

or modifiable targets for prevention and intervention4. The proposed minimum exposure question 271 

set can facilitate scalable integration of exposomic information into healthcare.  272 

 273 

Improvements in classification performance were achieved with the inclusion of self-reported 274 

questionnaire data, suggesting that relatively simple exposure assessments can capture clinically 275 

relevant information that complements both genomic and social risk measures. One possible 276 

explanation for the strong performance of PXS is that questionnaire-derived exposures capture 277 

cumulative environmental and behavioral influences that may be more closely associated with 278 



current disease status than inherited genetic variation. Because many common diseases arise 279 

from complex interactions between biological, behavioral, occupational, and social factors, 280 

exposure-based measures may capture risk information not reflected in genomic or clinical 281 

covariates alone. Moreover, unlike genomic testing, exposure questionnaires can be completed 282 

during routine clinical encounters and updated over time as exposures change, providing a 283 

practical and scalable mechanism for incorporating dynamic risk information into healthcare.   284 

 285 

The key value of integrating PXS, PSS, and PGS is not only a modest increase in average 286 

classification performance but also the identification of largely non-overlapping high-score groups. 287 

When comparing different score types for the same disease, correlations between PGS and either 288 

PXS or PSS were weak on average (mean r ≈ 0.04 and 0.03, respectively), and there was minimal 289 

overlap among high-score groups (PGS and PXS 0.94%; PGS and PSS 1.0%; PXS and PSS 290 

1.6%; triple overlap 0.18%). The weak correlations between score types suggest that genetic, 291 

environmental, and social risk capture distinct dimensions of disease susceptibility. Accordingly, 292 

reliance on any single domain will systematically miss high-risk groups. Although improvements 293 

in AUC across single scores were modest, integrated models substantially altered risk 294 

classification patterns, suggesting that exposure and social information may identify individuals 295 

who would not be recognized through genetic testing alone. These values should not be 296 

interpreted as outcome-based clinical utility estimates because the present analysis is cross-297 

sectional and uses study-defined probability thresholds. However, they do suggest that 298 

considering standardized exposure and social-risk information in a clinical setting can change 299 

which patients are flagged for closer evaluation.  300 

 301 

A key aspect of this study is the deliberate separation of intervenable physical exposures (PXS) 302 

from structural and social factors (PSS), reflecting distinct clinical and public-health intervention 303 

pathways. Whereas structural factors such as education level, income, and housing type are 304 

strongly shaped by upstream societal forces and are often not readily modifiable at the individual 305 

level21–23, many physical and behavioral exposures can be altered through workplace protections 306 

or home/environmental remediation24–28. Building separate scores improves interpretability and 307 

helps align risk stratification with feasible actions (e.g., targeted lifestyle counseling, occupational 308 

education on personal protective equipment, or trigger mitigation), in contrast to aggregating 309 

heterogeneous determinants into a single, difficult-to-translate composite. Thus, an “elevated risk” 310 

label may warrant a different response depending on whether risk is primarily exposure-mediated, 311 

structurally mediated, or inherited29,30. 312 



 313 

The asthma phenotype illustrates how exposure- and social-risk scores can inform tailored 314 

intervention strategies despite similar overall disease risk. For asthma, PXS and PSS are 315 

potentially clinically useful: a high asthma PXS can guide targeted assessment and mitigation of 316 

triggers such as household dampness or mold proxies, irritant exposures, and occupational 317 

triggers31–33; a high asthma PSS can flag structural constraints that shape exposure burden and 318 

impede control, prompting interventions such as care navigation, housing-related referrals or 319 

remediation support, and improve medication access and adherence34.  320 

 321 

The 66-question panel is a PEGS-derived prototype designed to balance clinical feasibility with 322 

exposomic coverage rather than a finalized universal clinical instrument. Our proposed framework 323 

is intended to complement, not replace, a well-taken social history. Clinicians already ask about 324 

housing, occupation, diet, substance use, and other social factors, but the data are variably 325 

collected and structured and are often not retained in a form that supports quantitative, cross-326 

disease risk assessment. The added value of PXS/PSS is thus standardization, computability, 327 

and reuse across encounters. While these domains are present in routine care, the proposed 328 

framework is intentionally broader than many existing clinical screening approaches that focus on 329 

a narrow set of social determinants and lifestyle variables. These scores incorporate residential 330 

and occupational characteristics that can act as proxies for multiple co-occurring exposures and 331 

reveal intervention opportunities not otherwise considered in routine care.  332 

 333 

This study has several limitations relevant to clinical translation. The outcomes and exposures 334 

were self-reported, introducing the potential for misclassification, recall bias, reverse causality, 335 

and post-diagnosis behavior change. Accordingly, these findings should be interpreted as the 336 

cross-sectional classification of self-reported disease history rather than causal inference or 337 

prospective prediction. This is especially true as the study cohort is based in one state; further 338 

follow-up should be conducted in biobank data. Future studies should evaluate incident outcomes 339 

and incorporate data on diagnosis timing in analyses. Future work should also determine whether 340 

PXS and PSS provide value beyond established clinical risk assessment frameworks because 341 

the baseline model used for comparison primarily includes demographics and clinical covariates 342 

rather than disease-specific clinical risk models. Additionally, some individuals with a high PXS, 343 

PSS, or PGS were not classified as cases. This may be because sufficient time has not passed 344 

for a disease to progress after chronic exposure35–37 or due to exposure to protective 345 

environmental or genetic factors not captured in the PEGS data38–41. Importantly, individuals with 346 



a high PXS, PSS, or PGS not diagnosed with a disease are targets for screening and intervention, 347 

especially if they are younger than the average age of disease onset. 348 

 349 

Although the proposed 66-question assessment retained most of the discrimination observed in 350 

disease-specific models, substantial disease-specific exposure heterogeneity suggests that 351 

additional questions may be required for broader applications. External validation, recalibration, 352 

and adaptation across populations and care settings will be necessary before implementation.  353 

 354 

Additionally, PXS and PSS are intended to function as structured prompts for targeted follow-up 355 

rather than stand-alone diagnostic tools. Future implementation studies should evaluate how 356 

exposure and social-risk information is collected, displayed, and stored within electronic health 357 

records while balancing clinical utility with patient privacy and disclosure preferences. 358 

 359 

In summary, we demonstrate that questionnaire-derived PXS and PSS provide information 360 

complementary to polygenic risk for common disease classification, and, critically, that these 361 

score types identify largely distinct high-risk subgroups. This independence is clinically relevant 362 

because it supports a unified, multi-domain framework in which elevated risk can be matched to 363 

the most appropriate next step: exposure mitigation, structural support, and/or additional clinical 364 

evaluation. By proposing a minimum exposure assessment framework, we provide a starting point 365 

for eventual integration of exposomic information into routine healthcare, pending external and 366 

prospective validation. These results support prospective evaluation of standardized exposure 367 

assessment as a complement to routine history-taking and phenotype-specific clinical care, rather 368 

than immediate replacement of existing workflows. 369 

 370 

Methods 371 

Study Cohort  372 

The Personalized Environment and Genes Study (PEGS) is a large cohort of demographically 373 

diverse individuals in North Carolina. Unlike many studies, which focus on a single disease or 374 

environmental factor, PEGS gathers a wide range of information on genetics, diet, lifestyle, 375 

medications, diseases, and environmental exposures through questionnaire, genomic, and 376 

geographic data to help researchers understand how these factors collectively influence human 377 

health. 378 

 379 



The 19,445 enrolled participants are demographically similar to North Carolina's population. 380 

About two-thirds are female (62.3%), and one-third are male (37.6%). The cohort is racially and 381 

ethnically diverse, with approximately two-thirds of participants identifying as White (63%), over 382 

a quarter as Black (27.6%), and 4.5% as another race. About 5% of participants identify as 383 

Hispanic (5.1%). The average age of participants is 50.2 years. This diversity allows researchers 384 

to study health disparities and ensure that findings are widely applicable to different populations. 385 

We used PEGS Data Freeze 3.1 in this analysis. Cohort demographics can be found in Table 1.  386 

 387 

Exposome Information 388 

PEGS participants complete three surveys comprising questions on health, medications, 389 

occupational and hobby exposures, lifestyle information, and social and demographic factors. The 390 

Health and Exposure Survey (N = 9,449) requests information on general demographics, disease 391 

status, family history, lifestyle factors, and social and occupational exposures; the External 392 

Exposome Survey (N= 3,618) collects data on household, occupational, and hobby exposures; 393 

and the Internal Exposome Survey (N=3,071) is focused on internal exposures such as diet, 394 

medication, physical activity, stress, sleep, and infections. Participants also provide biospecimens 395 

such as blood, urine, stool, saliva, nasal cells, hair, nail clippings, baby teeth, and household dust. 396 

Whole-genome sequencing (WGS) has been completed for 4,737 individuals. The data 397 

components available for the PEGS cohort can be found in Table S4. For the present study, we 398 

used data from individuals who completed all three surveys.  399 

 400 

Phenotype Information  401 

We determined case-control groups for phenotypes based on self-reported, ever-diagnosed 402 

disease status. These outcomes represent self-reported history of ever having been diagnosed 403 

by a clinician. Phenotypes were selected based on adequate case counts and span 404 

heterogeneous clinical contexts relevant to patient-reported exposure assessment. Specifically, 405 

the panel includes conditions that differ in diagnostic paradigm, including phenotypes commonly 406 

anchored by objective clinical measures (e.g., hypertension, high cholesterol, type 2 diabetes, 407 

iron-deficient anemia), conditions in which symptoms and clinical history remain central to 408 

diagnosis (e.g., asthma, migraine), and structural or anatomic findings with variable downstream 409 

clinical consequences (e.g., fibroids, ovarian cysts, lower GI polyps). Table S5 outlines the case 410 

and control information for each disease phenotype. 411 

  412 

Whole-genome sequencing data 413 



The Broad Institute performed WGS for 4,737 PEGS participants with the most complete survey 414 

data. The reads were aligned to the hg38 human reference assembly, and joint genotyping was 415 

done using the Genome Analysis Tool Kit (GATK). For quality control, we used several tools to 416 

perform consistency checks on self-reported and genotype-inferred sex and ancestry. To ensure 417 

the quality of the data, a rigorous filtering process was applied to the sequenced samples. We 418 

excluded seven participants whose samples may have been derived from a mixture of DNA from 419 

multiple individuals or with potential aneuploidies. To avoid confounding from familial relationships 420 

within the cohort, we removed 120 participants who were second-degree relatives or closer. 421 

Finally, we identified and removed three pairs of duplicate samples. We also analyzed the raw 422 

data with DeepVariant to ensure accuracy. The final genotypes were a consensus of identical 423 

results from both DeepVariant and GATK, along with the highest-quality variants identified by 424 

GATK. After this process, our final dataset included 4,607 participants with high-quality WGS 425 

data. Details of the WGS data and its quality control and filtering are available. To ensure that 426 

only high-confidence samples were used in downstream analyses, we performed stringent 427 

filtering to exclude participants with discrepancies between their self-reported and WGS-inferred 428 

race, those identified as outliers in the WGS data, and individuals with a degree of relatedness. 429 

We also removed participants lacking key demographic data such as age or sex. 430 

 431 

PXS and PSS Development 432 

 433 

We classified exposures from PEGS questionnaires as physical or social based on their mode of 434 

impact and potential intervention strategies. Physical exposures include occupational exposures 435 

such as diesel or gasoline exhaust and dust, hobby-related exposures such as glue or lead fishing 436 

weights, and stress and mood factors that may trigger biological responses. These exposures are 437 

typically linked to personal behaviors, occupations, or activities and may be mitigated through 438 

interventions such as protective equipment, counseling, or a change in occupation. In contrast, 439 

social exposures, including parental and participant education level, household income, and 440 

housing type, reflect broader structural and societal influences that are less amenable to 441 

individual-level change. Given the distinct intervention pathways, we deemed it essential to 442 

develop distinct scores for intervenable physical exposures and non-intervenable social 443 

exposures for developing targeted interventions and translating PXS and PSS into clinical 444 

practice. 445 

 446 



We built PXS and PSS using the strategy outlined in Figure 1B. We used data from participants 447 

who completed all three PEGS surveys. Individual missing exposures were imputed using the 448 

missForest R package. First, we created a derivation dataset that included all PEGS participants 449 

without WGS (n = 432). This dataset was used to select features for creating the PXS and PSS. 450 

Second, PEGS participants with WGS (n = 2,344) were used as a validation dataset to enable 451 

score comparisons. This held-out dataset was randomly split into a training set (n = 1,758) and a 452 

test set (n = 586) to evaluate classification metrics.  453 

 454 

We created disease-specific PXS and PSS scores using features from the PEGS questionnaires. 455 

We used three machine-learning tools for feature selection:  LASSO regression, random forest, 456 

and XGBoost (Figure 1C). For LASSO, features with non-zero coefficients were retained. For 457 

random forest and XGBoost, the mean feature importance score was calculated, and all features 458 

with a feature importance score over the mean value were retained. We then used a feature 459 

selection voter to select the final features for a score; if two of the three machine-learning models 460 

retained a feature, it was included in the score. Features included in the final score were used as 461 

classifiers in a multiple logistic regression model, with their coefficients (betas) used as the 462 

weights that comprise the final score. We then calculated a final score (PXS or PSS) for each 463 

participant using a weighted sum of the scaled survey feature responses.  464 

 465 

PGS Computation 466 

PGS are available for 4,600 PEGS participants for 3,030 phenotypes. Our previous work 467 

describes in detail the computation of PGS in the PEGS cohort. Briefly, to calculate PGS for all 468 

PEGS participants with WGS data and ensure a high number of variants for analysis, genome-469 

wide imputation was performed using the TOPMed imputation server. After quality control, there 470 

were over 2.5 million variants from 4,600 participants. PGS were calculated using models from 471 

the Polygenic Score Catalog, and the genetic data were harmonized to ensure consistency. To 472 

avoid ambiguity with certain types of genetic variants and differences between sexes, the analysis 473 

was restricted to variants on autosomes. PLINK 2.0 software was used to compute PGS for each 474 

participant. Palindromic variants were removed, and data were aligned to match the PGS models. 475 

Of 3,490 possible PGS models, 3,030 were computed for 4,600 participants, excluding those with 476 

less than 70% of the variants in the model.  477 

 478 

For some phenotypes, the PGS Catalog contains multiple PGS. In these cases, all PGS with 479 

similar phenotype definitions as those used for PEGS were calculated for PEGS participants, and 480 



the PGS with the highest AUC was chosen for comparison. For example, the PEGS definition of 481 

type 2 diabetes is not based on HbA1c, so PGS for HbA1c measures were not considered. If 482 

multiple PGS for type 2 diabetes remained after eliminating those based on HbA1c, the PGS with 483 

the highest AUC was retained for comparison. 484 

 485 

Score Analysis  486 

To quantify the classification accuracy of PXS, PSS, and PGS for self-reported, ever-diagnosed 487 

disease status, we divided the validation dataset into training and testing sets. To compare PXS 488 

and PSS, we limited our analysis to participants with available WGS data who completed all three 489 

PEGS surveys. We then assessed the classification performance of the scores for each 490 

phenotype (i.e., asthma, high cholesterol, fibroids, hypertension, iron-deficient anemia, lower GI 491 

polyps, migraine, ovarian cysts, and type 2 diabetes) in the test dataset. Depending on phenotype, 492 

covariate adjustment included age (fibroids/ovarian cysts) or age+sex (all other phenotypes). We 493 

fit separate models for each score (PGS, PXS, PSS), pairwise combinations, the combined model 494 

including all three scores, and a covariate-only model. The model combinations were as follows: 495 

age+sex, PXS, PSS, PGS, PXS+PSS, PXS+PGS, PSS+PGS, PXS+PSS+PGS.  496 

 497 

We quantified classification performance using the area under the receiver operating 498 

characteristic curve (AUC) computed on the test set from predicted probabilities output by each 499 

logistic regression model using the pROC R package42. We calculated ROC curves and AUC 500 

using an empirical ROC estimator. To quantify uncertainty, we constructed nonparametric 501 

bootstrap 95% confidence intervals for the test set AUC by resampling the test set with 502 

replacement (B = 1000 resamples; fixed seed). For each bootstrap sample, we recomputed AUC; 503 

we skipped resamples in which the outcome contained only one class. The 2.5th and 97.5th 504 

percentiles of the bootstrap distribution are reported as the 95% CI. We calculated AUC for 505 

adjusted (model score with age+sex or age alone) and unadjusted (score-only) models. 506 

 507 

We then calculated McFadden's adjusted pseudo-R² on the test set for all adjusted and 508 

unadjusted models, as well as a model containing age+sex or age alone. McFadden's adjusted 509 

pseudo-R² measures the relative improvement of the log-likelihood of the fitted model over the 510 

null model, adjusting for model complexity. This represents a goodness-of-fit measurement of the 511 

model on the outcome. Importantly, this is not variance explained as a traditional R² value and is 512 

not rescaled from 0-1. 513 

 514 



We examined the categorical NRI, comparing each model to a covariate-only base model. We 515 

computed NRI in the test set using probabilities for both the base and comparison models. 516 

Probability categories were defined by a sequence of cutpoints corresponding to the 50th to 95th 517 

percentiles (5% step) of the covariate-only predicted probability distribution in the test set. For 518 

each cutpoint, we estimated NRI using event/non-event reclassification tables derived from 519 

predicted probability categories under the base versus comparison models.  520 

 521 

Calibration was assessed in the test set for both raw and recalibrated probabilities. We estimated 522 

calibration intercept and slope by fitting a logistic calibration model, regressing the observed 523 

outcome on the logit of determined risk:  524 

 525 

logit{Pr(Y=1)}=α+β⋅logit(p),  526 

 527 

where α is the calibration intercept, and β is the calibration slope. Overall accuracy was 528 

summarized using the Brier score, defined as the mean squared error between observed 529 

outcomes and predicted probabilities. For α, β, and the Brier score, we calculated bootstrap 95% 530 

confidence intervals by resampling the test set with replacement (B = 1000), excluding resamples 531 

with only one outcome class and taking percentile intervals. We also summarized calibration by 532 

comparing mean predicted probabilities and mean observed event rate in the test set on both the 533 

probability scale and the log-odds scale. To visualize calibration, we constructed decile calibration 534 

curves by grouping individuals into 10 bins based on predicted probabilities and plotting the mean 535 

predicted probability versus the observed event rate within each bin. 536 

 537 

We then examined the associations between PXS, PSS, and PGS, their combinations, and 538 

respective diseases using the following regression model: Disease ~ Score(s) + Age + Sex. We 539 

used a Benjamini-Hochberg false discovery rate of 10% to assess significance. We then 540 

calculated McFadden's adjusted pseudo-R² for all adjusted and unadjusted models, as well as a 541 

model containing age+sex or age alone.  542 

 543 

For each disease, individuals were classified as high or low separately for PGS, PXS, and PSS 544 

scores using within-disease percentile thresholds. High scores were defined as values at or above 545 

the 90th percentile of the score distribution, and low scores as values at or below the 10th 546 

percentile. This approach enabled direct comparison of concordance and independence between 547 

PGS, PXS, and PSS classifications for each disease. 548 



 549 

Minimum Exposure Question Set Development 550 

To determine the minimum number of survey questions sufficient to accurately classify disease, 551 

we used the results from our disease-specific PXS/PSS feature selection. We examined the 552 

number of times a single questionnaire-based exposure was selected (from one to nine) across 553 

the nine diseases. We then constructed a single PXS or PSS to classify all diseases by including 554 

all questions that were selected at least once, at least twice, and incrementally up to the maximum 555 

number of times a single exposure was selected: seven for PXS and nine for PSS. For each 556 

PXS/PSS, we calculated the AUC, McFadden’s pseudo R2, NRI, and calibration following the 557 

same procedure used for the disease-specific PXS and PSS. We then compared the AUC of each 558 

PXS or PSS to the AUC of PGS alone, calculating the difference between each value to assess 559 

how each number of exposures performed relative to PGS.  560 

 561 

We then assessed the correlations between these exposures using the correlations calculated for 562 

the PEGS exposures43. This allowed us to determine which exposures are both highly correlated 563 

and implicated in disease classification. This helped reduce the number of PEGS exposure 564 

questions for the proposed minimum exposure question set. To do so, we calculated the effective 565 

number of questions (Meff) from the total number of questions selected for at least one disease 566 

(M). We calculated the eigenvalues of the correlation matrix and employed the Kaiser rule by 567 

exposure category. The Kaiser rule retains the number of eigenvalues with a value greater than 568 

one within each category of exposures. We considered the final number of eigenvalues to be 569 

Meff.  570 

 571 

We then used these results to determine a minimum exposure question set and test the 572 

classification performance of PXS and PSS built using these questions. We used the Kaiser rule 573 

to determine the number of effective features and thus the number of questions. We then selected 574 

the top N questions based on the number of times a question was selected across diseases. For 575 

example, if the Kaiser rule reported 10 effective features for occupational exposures, we selected 576 

the 10 questions assessing occupational exposures that were selected the most across diseases. 577 

This resulted in a single PXS created from 61 questions and a PSS created from five questions 578 

that can be used to classify multiple diseases. Using this final question set, we created a final, 579 

disease-agnostic PXS and PSS. With these PXS or PSS, we calculated the AUC, McFadden’s 580 

pseudo R2, NRI, calibration, and associations for each disease as previously described.  581 

 582 



To assess clinical implementation feasibility of the proposed minimum exposure question set, two 583 

clinicians independently reviewed the 66 candidate items using a structured rubric. Reviewers 584 

rated each item for likely capture pathway, respondent or staff burden, temporal stability, clinical 585 

actionability, privacy sensitivity, reviewer confidence, and pilot recommendation. Feasibility was 586 

rated on a four-level implementation scale: structured EHR likely, standard workflow collectable, 587 

proxy/linkage/custom workflow, or direct patient report essential. Because many PXS items 588 

represent behaviors, diet, home conditions, or occupational exposures that are not routinely 589 

captured in structured EHR fields, direct patient report was interpreted as a feasible capture 590 

pathway when paired with low burden and clear patient-facing wording. Agreement between 591 

reviewers was summarized using exact agreement and Cohen’s kappa for categorical fields; 592 

ordinal fields were additionally reviewed for near-agreement. Invalid non-rubric entries were 593 

excluded field-wise from agreement calculations. 594 

 595 

Ethics approval and participant consent 596 

The present study used data from the Personalized Environment and Genes Study (PEGS), an 597 

ongoing cohort study of adults in North Carolina conducted by the National Institute of 598 

Environmental Health Sciences (NIEHS), a part of the National Institutes of Health (NIH). All 599 

PEGS participants provided written informed consent for participation, including the collection and 600 

use of questionnaire data, biospecimens, genetic and genomic data, geospatially derived 601 

exposure information, and related health information for research. PEGS participants also 602 

consented to broad sharing of their data with qualified researchers and data repositories for 603 

relevant research, subject to appropriate privacy protections, controlled-access review, and data 604 

use agreements. The PEGS study protocol, informed consent forms, recruitment materials, 605 

participant materials, human data sharing, genomic data sharing, and publications were approved 606 

by the National Institutes of Health Institutional Review Board (NIH IRB #04E0053; protocol 04-607 

E-0053; ClinicalTrials.gov identifier NCT00341237). The current analyses used de-identified data 608 

from PEGS Data Freeze 3.1. No individual participant is identifiable in the reported results. 609 

 610 

Data Availability 611 

Individual-level PEGS data cannot be deposited in an unrestricted public repository because the 612 

cohort includes human participant questionnaire, health, biospecimen-derived, genetic, genomic, 613 

and geospatial information. PEGS data are shared through a controlled-access process described 614 

in detail in the PEGS Scientific Data descriptor44. Briefly, PEGS maintains both a non-PII/de-615 

identified dataset and a more restricted PII/geolocation-containing dataset, governed by 616 



regulatory and compliant Data Use Agreements. The non-PII version includes individual-level 617 

survey, exposure, health, omics-derived, polygenic-score, metadata, data-dictionary, and 618 

supporting documentation resources. The restricted PII/geolocation version includes genomic 619 

data, residential geolocation details and related information needed to support additional 620 

geospatial linkages, when justified by the proposed research. 621 

 622 

Qualified academic, governmental, nonprofit, and commercial researchers may apply for access 623 

through the NIEHS PEGS Access System  at 624 

https://www.niehs.nih.gov/research/atniehs/labs/crb/studies/pegs. Applications specify the 625 

requested dataset version, requested data elements, proposed analyses, need for PII/geolocation 626 

data and external geospatial linkage, applicable ethics approvals, and data-security controls. 627 

Requests are reviewed by the PEGS Executive Leadership Committee for consistency with 628 

participant consent, NIH IRB approvals, scientific validity, necessity of requested data elements, 629 

privacy and re-identification risk, and adequacy of data protections.  630 

 631 

Code availability 632 

Analysis code used to generate the results, tables, and figures in this study is available at 633 

https://github.com/dtlloyd96/PEGS_Clinical_Exposure_Question_Set The repository includes a 634 

README, software/package versions, and instructions for reproducing the analysis after 635 

obtaining approved access to PEGS Data Freeze 3.1.  636 
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Figures 651 

 652 

 653 
Figure 1: Overview of Personalized Environment and Genes study and score 654 

development 655 

(A) Personalized Environment and Genes Study (PEGS) information collected with 656 

questionnaires and the phenotypes used for analysis. (B) Process of developing the PXS, PSS, 657 

and PGS. (C) Development of individual PXS and PSS by disease.   658 

 659 

 660 

 661 



 662 
 663 

Figure 2: PXS Features 664 

(A) Number of features chosen for the PXS. The Y-axis is the number of selected features by 665 

disease for each score in the data-driven voter, faceted by the developed score (PSS or PXS). 666 

The stacked bar colors show the proportion of exposures that fit into more specific exposure 667 

categories. (B) UpSet plots showing the overlap in exposures chosen for the PXS and PSS by 668 

disease outcome. The disease-specific bar notates exposures that were selected for PXS or 669 

PSS for a single disease.  670 

 671 



 672 



Figure 3: Disease Classification and Associations 673 

(A) Comparison in ΔAUC between a covariate (age/sex) model and PGS, PXS, PSS, and their 674 

combinations. The X-axis is the disease, and the Y-axis is the ΔAUC over/under age+sex or 675 

age alone on the test set. Each bar is colored by score or score combination. (B) The average 676 

NRI over age+sex or age alone across predicted probabilities and phenotypes colored by score. 677 

The X-axis is the mean NRI, and the Y-axis is the score, ranked by average NRI. (C) Calibration 678 

by model type, pooled across predicted probabilities and disease. The X-axis is the mean 679 

calibration, and the Y-axis is the score. (D) The associations between each score and their 680 

combinations and diseases in the full validation set. The color of the odds ratio points indicates 681 

significance, with a solid point being statistically significant after adjusting for age and/or sex. 682 

The X-axis is the odds ratio and 95% confidence interval. Odds ratios per 1 SD increase in 683 

score, adjusted for age and/or sex. In multi-term models, the PXS or PSS (PSS+PGS) 684 

coefficient is plotted. (E) The ΔMcFadden’s pseudo R² over age+sex or age alone by outcome 685 

on the entire validation set. The X-axis is the Δpseudo R2, and the Y-axis is the disease 686 

outcome.   687 

 688 

 689 



 690 
 691 

Figure 4: Score Populations  692 

(A) Pearson correlations between PXS calculated across diseases. (B) Pearson correlations 693 

between PSS calculated across diseases. (C) Pearson correlations between PGS calculated 694 

across diseases. (D) Pearson correlations between PXS, PSS, and PGS for a single disease. 695 

The X-axis is the disease of interest, and the Y-axis is the score combination to which each 696 

correlation corresponds. (E) Population overlap among individuals with a score in the top 10%, 697 

pooled across diseases. Circles indicate the percentage of individuals in the top 10% in each 698 



overlap category. All labeled numbers are percentages.  (F) Population overlap among 699 

individuals with a score in the bottom 10%, pooled across diseases. Circles represent the 700 

percentage of individuals in the bottom 10% in each overlap category. All labeled numbers are 701 

percentages.    702 

 703 

 704 



 705 
 706 

Figure 5: Minimum Exposure Question Set 707 



 708 

(A) Feature selection pipeline for the development of the clinical exposure questionnaire 709 

framework. (B) The number of questions included in the PSS or PXS for N disease, colored by 710 

exposure category. The X-axis is the number of occurrences in the disease-specific scores, and 711 

the Y-axis is the number of questionnaire-based exposures in each bin. (C) Effective features 712 

calculated using the Kaiser rule compared to the original number of features. The X-axis is the 713 

exposure category, and the Y-axis is the number of questions in the raw (M) vs effective (Meff) 714 

feature categories. (D) Final number of questions by exposure category. The X-axis is the score 715 

category, and the Y-axis is the number of exposures in the minimum exposure question set. The 716 

bar is colored by the proportion of questions that fit into each exposure category. (E) 717 

Comparison in ΔAUC between a covariate (age/sex) model and PGS, PXS, PSS, and their 718 

combinations. The X-axis is the disease, and the Y-axis is the ΔAUC over/under age+sex or sex 719 

alone on the test set. Each bar is colored by score or score combination. (F) The ΔMcFadden’s 720 

pseudo R² over age+sex or age alone by outcome on the entire validation set. The Y-axis is the 721 

Δpseudo R2, and the X-axis is the disease outcome.   722 
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Tables 752 

 753 

Table 1: PEGS Demographics  754 

Demographic Variable Health and Exposure 

Survey 

External Exposome 

Survey 

Internal Exposome 

Survey 

Number of participants 9426 3579 3034 

Sex, N (%)    

 Female 6317 (67) 2250 (70) 1927 (70) 

 Male 3103 (33) 986 (30) 843 (30) 

Income, N (%)    

 >$80,000/year 2747 (30)   

 <=$80,000/year 6348 (70)   

Race, N (%)    

 White 6711 (73) 2703 (84) 2334 (85) 

 Black 2055 (22) 338 (11) 272 (10) 

 Other 412 (5) 161 (5) 136 (5) 

Ethnicity, N (%)    

 Non-Hispanic/Non-

Latino 

8881 (98) 3435 (97) 2920 (93) 

 Hispanic/Latino 371 (2) 118 (3) 93 (7) 

Age (years), mean (SD) 50.17 (15.96) 50.23 (14.34) 50.28 (14.34) 

Body mass index (BMI), 

mean (SD) 

28.65 (6.82) 28.02 (6.70) 27.91 (6.67) 
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