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Abstract

Despite well-documented healthcare access disparities, their impact on electronic health record 

(EHR) reliability and resulting clinical prediction models remains poorly understood. Analyzing 

205,186 participants from the All of Us Research Program, we found that participants with cost-

constrained or delayed care had worse EHR reliability for 73% of examined medical conditions 

as measured by participant self-reported conditions, driven in part by lower visit rates. In a type 

2 diabetes prediction task, including participant self-reported conditions significantly improved 

the predictive performance for participants with lower access to care and improved targeting of 

low access patients who would go on to develop type 2 diabetes. This study demonstrates that 

healthcare access systematically affects both data quality and clinical prediction performance, 

suggesting that improving health equity requires addressing both data collection biases and 

algorithmic limitations. Our findings provide an empirical foundation for developing clinical 

prediction systems that work effectively for all patients regardless of barriers to access.

Introduction

The ability to access healthcare fundamentally shapes health outcomes, yet persistent social 

and economic barriers keep essential care out of reach for many patients. Disparities in 

access to care have been documented for many patient groups across the world, including 

patients from lower income populations, those with lower educational attainment, and 

patients that identify as Black and Hispanic or Latino patients, among others,1–4 As 

healthcare systems increasingly leverage predictive models built on large administrative 

claims and electronic health record datasets to guide clinical decisions5–8, this access 

disparity creates a concerning paradox: the patients most affected by access barriers may 

be systematically misrepresented in the data used to identify those in need of care.
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Despite extensive documentation of healthcare access disparities, their effects on EHR 

data and resulting clinical predictions remain largely unknown. This knowledge gap 

is particularly concerning as healthcare systems increasingly base clinical decisions on 

machine learning models trained using electronic health record data. Data quality issues 

in the EHR are a well-explored topic9, with many studies documenting the effect of EHR 

quality on research results10,11, but no studies to our knowledge document the impact of 

access on EHR data. Similarly, previous research has suggested that limited access reduces 

model performance but rely on indirect proxies like race or insurance status rather than 

direct measures of access.12–16 Understanding how access shapes both data collection and 

algorithmic performance requires datasets that directly measure healthcare access and link it 

to clinical records.

Our study uses linked survey and electronic health data from the All of Us Research 

Program to quantify the relationship between health care access, EHR reliability, and 

clinical risk prediction (Figure 1a).17 Developed by the National Institute of Health, the 

All of Us Research Program is one of the largest biomedical data resources in the United 

States. It recruits participants across the U.S., who provide data via survey but may also opt 

to link their EHR data from participating sites. It’s linkage of self-reported access to care 

with EHR data provides a unique opportunity to study the implications of access to care on 

EHR reliability and EHR-based clinical risk prediction.

To study EHR reliability, we quantify the relationship between access to care and missing 

health condition data in the EHR record using self-reported health information collected 

upon enrollment in the All of Us Research Program. We assume that a participant’s report of 

a health condition reflects either the true presence of the condition or a belief that they have 

the condition. In either case, the condition should plausibly appear in the EHR as a diagnosis 

or as documentation of diagnostic evaluation. We compare rates of EHR reliability across 

37 self-reported health condition, stratified by access to care groups, to assess whether 

reliability differs for participants with lower access to care. We further explore frequency of 

visits to the health care system as a potential mechanism for differences in EHR reliability 

rates.

To evaluate the extent to which clinical machine learning methods may create biased 

predictions for participants with lower access to care, we focus on one clinical task: the 

prediction of (T2D) diabetes incidence over a two-year time horizon. Disease incidence 

is widely recognized as an area in which machine learning and predictive analytics have 

the potential to improve clinical targeting.18–21 T2D is an especially valuable case study, 

given its clinical importance and potential for machine learning: while early intervention can 

greatly improve health outcomes, it remains a leading causes of death worldwide and the 

prevalence of T2D has been increasing in recent years.22,23

Results

We start with data from 633,540 All of Us participants that have enrolled and completed 

the initial steps of the program, which entails a preliminary survey on patient demographic 

information. After restricting the sample to participants that responded to the “Health Access 
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& Utilization” survey (N=305,857) in order to define access groups, our analytic sample 

includes 205,186 All of Us participants for which we had self-reported data on healthcare 

access and linked EHR data (Figure 1b). In Extended Data Table 1, we compare sample 

characteristics of the All of Us analytic sample, All of Us sample more broadly, and the 

larger U.S. (based on estimates from the 2023 American Community Survey). All of Us 

participants are more likely to be older, female, low-income, and covered by Medicare 

and/or Medicaid compared to the general U.S. population. Restricting to the All of Us 

analytic sample, increases the share of sample participants that are female, white, higher-

income, and have insurance through their employer.

More than half of the 205,186 participants indicated that they had trouble accessing care, 

either due to cost-constrained or delayed care in the previous year: 87,921 participants 

(42.8%) indicated trouble affording care in the past year, 73,445 participants (35.8%) 

indicated delaying care, and 50,490 participants (24.6%) indicated both. We defined 

participants as having cost-constrained care and/or delayed care based on survey responses 

to the “Health Access & Utilization” survey, which asked participants whether they 

had trouble affording care or had delayed care in the past 12 months. Those with cost-

constrained care indicated problems paying for prescriptions, dental care, and specialty care, 

among other things. Common reasons for delaying care included nervousness or having to 

pay out of pocket (Extended Data Figure 1). Participants that did not fall into either the cost 

constrained and/or delayed care group were classified as having standard care. We further 

defined levels of access to care based on the number of questions in which participants 

indicated they had trouble affording care or had delayed care (see Materials & Methods for 

more information on defining access groups).

Table 1 compares participants included in the analytic sample by access groups. Participants 

with cost-constrained and/or delayed care were more likely to have Medicaid insurance, 

be uninsured, and have lower annual household incomes. They were also more likely 

to be younger, female, Black, and Hispanic (Table 1). Participants with cost-constrained 

and/or delayed care reported higher rates for each of the ten most common self-reported 

conditions compared to those with standard care (Extended Data Table 2). Prevalence rates 

were age-adjusted to account for differences in age between the two groups. For example, 

participants with cost-constrained and/or delayed care had higher age-adjusted rates of 

depression (46.0 versus 30.2) and asthma (27.4 versus 19.8). We used a logistic regression 

to assess the statistical significance of the relationship between access and self-reported 

condition, adjusting for age. P-values from the coefficient on access variable for each 

regression were adjusted for multiple comparisons based on Benjamini-Hochberg procedure. 

All differences were statistically significant.

Access to Care and EHR reliability

To understand how access to care impacts EHR reliability, we compare self-reported versus 

EHR-reported data on 37 health conditions. Self-reported health conditions are constructed 

based on participant survey response to whether a participant has or has every had a specific 

condition. EHR health conditions are constructed using condition concepts. Supplementary 

Table 1 includes information on how each of the 37 conditions were defined in both the 
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EHR and survey. There are two margins of discordance between these values. First, a 

participant might say they have had a condition, but no record exists in the EHR. Second, 

a participant might say they have never had a condition, but there is a record of it in the 

EHR. The former discrepancy may indicate gaps in medical documentation, care access, or 

errors in self-reporting, while the latter discrepancy may reflect clinical assessments that 

differ from participant self-perception. We assume that a condition reported in the EHR 

and by self-report is the true condition status; however, a condition that is not reported 

in the EHR or by self-report may not reflect the true condition status if the participant 

has an undiagnosed condition. We are therefore only able to evaluate EHR data quality 

with respect to diagnosed conditions. Assuming no difference in self-reporting error across 

groups, this approach measures potential care gaps and documentation failures that may 

disproportionately affect those with access barriers, providing a clearer measurement of 

systematic EHR reliability differences.

To assess whether EHR data may be differentially missing health information for those 

with lower access to care, we focus our analysis on conditions that the participant says 

they have or have had. We calculate the EHR reliability rate as the percent of participants 

that report having a condition that also have that condition documented in the EHR records 

for each access group (standard care, delayed care, and cost-constrained care). When we 

compare the EHR reliability of 37 conditions for each access group using a two sample 

proportions z-test, we find that participants with cost-constrained or delayed care had 

statistically significant lower rates of EHR reliability for 27 out of 37 conditions compared 

to the standard care group (Figure 2), using the Benjamini-Hochberg procedure to control 

for multiple comparisons. For example, the EHR reliability rate for hypertension was 82.2% 

for those with standard care versus 78.2% and 76.9% for cost-constrained care and delayed 

care, respectively. In other words, among participants that report having hypertension, we 

find a corresponding record of hypertension in the EHR data for 82.2% of participants with 

standard care versus 76.9% of participants with delayed care.

If the assumption of no difference in misreporting rates by access group does not hold, it is 

possible that the lower EHR reliability rates we observe are in part due to higher misreport 

by patients with lower access to care; false reports of a condition will artificially inflate 

the denominator in the calculation of the EHR reliability rate. To test this assumption, we 

consider the second margin of error: instances where the participant does not self-report 

a condition, but the EHR records the condition (as of the point in time when the survey 

was answered). We calculate the percent of participants that have a condition reported in 

the EHR that also self-report that condition, for each access group. This measure is similar 

to the EHR reliability measure, but we take the EHR as the validating source rather than 

the self-report data. If those with lower access to care have higher rate of self-reporting 

error, we might expect that they would have lower rates of self-report reliability. However, 

we find that the self-report reliability measure is higher for participants with lower access 

to care on 32 of the 37 conditions (24 of which are statistically significant based on 

a two sample proportions z-test, controlling for multiple comparisons with the Benjamini-

Hochberg procedure). While these findings cannot definitively rule out misreporting error as 

a confounder in the differences in EHR reliability, they suggest that those with low access to 
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care may have lower rates of misreport than those with high access which would suggest that 

the gaps in EHR reliability we observe may be more conservatively estimated.

Access to care likely influences the visit frequency of healthcare visits. Figure 3 shows 

the cumulative rates of time to first visit by access group over a two-year observation 

window, starting at the participant’s All of Us enrollment date. We find that incidence 

of time to first-visit is significantly higher for participants in the standard care group 

compared to those in the cost-constrained and/or delayed care group at every month over 

the two-year time horizon. The gap between the two groups remains consistent at about 

5%, indicating that at least some of the lower reliability in the EHR may be partially 

explained by visit frequency. To assess this mechanism, we compare nested linear regression 

models with and without adjustment for visit frequency. Among participants that self-report 

a condition, the probability that the condition will be recorded in the EHR increases by 2.9 

percentage points (P Value <0.001) for someone with standard care compared to someone 

without standard care, controlling for condition type (i.e., an indicator for whether the 

participant self-reported a condition for each of the 37 health conditions examined). When 

we additionally control for visit intensity, measured as the number of health system visits 

recorded for each participant, we find that that this probability decreases from 2.9% to 1.1%, 

suggesting that differential rates of health system visits mediates part of the relationship 

between EHR reliability and access to care. The full regression specification can be found in 

the Materials and Methods section.

Implications for Clinical Prediction Models

When EHR data are used for predictive algorithms, differences in medical condition 

reliability indicate that participants with lower access to care may have worse quality feature 

data or outcome labels. To illustrate this, we develop and evaluate a prediction task of 

T2D incidence. T2D had the highest EHR reliability among the set of health conditions 

considered in our EHR reliability analysis (Figure 2), ensuring a more reliable outcome label 

for prediction. However, many of the features used for analysis may suffer from lower EHR 

reliability.

We test for this by developing a T2D prediction model and comparing the predictive 

performance of the model across access groups. We designed the prediction model to align 

with other EHR-based prediction models for T2D.26,27 The training sample included 93,593 

participants without a record of T2D in the EHR at the time they completed their All of 

Us baseline survey. T2D was identified using OMOP condition concepts and lab data on 

HbA1c and glucose levels. We considered someone diagnosed with T2D if they had a T2D 

condition code, HbA1c >= 6.5%, fasting glucose >= 126, or random glucose >= 200.

We evaluated four specifications for building the T2D prediction model: (1) a baseline 

model that is set up from the perspective of the health system and uses only data available 

in the EHR, (2) a baseline + access model that incorporates indicators for cost-constrained 

and delayed care as features in the clinical prediction model, (3) a baseline + SES model that 

incorporates feature data correlated with healthcare access including insurance coverage, 

socioeconomic data, and prior visit information, and (4) a baseline+self-report model that 

adds self-reported condition data as features in the model.
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Incorporating access features – either directly or through proxy variables such as insurance 

and SES – could improve the predictive performance for those with cost-constrained or 

delayed care if there was differential risk of T2D incidence for those with low access to 

care which was not captured by the existing features in the model.30 In the baseline+access 

model we include access features directly; however health systems do not typically have a 

way to measure access directly. Therefore, in the baseline+SES model we incorporate data 

that is correlated with health care access, such as insurance, income, and prior visit history, 

and measured by health systems. Our final approach, the baseline+self-report model aims 

to improve the quality of the feature data used in the prediction model. In this example, 

including self-reported conditions as features could improve predictive performance by 

providing information to the model that was not available in the EHR features.

The outcome was 2-year T2D incidence. Baseline features included common risk factors 

for T2D such as obesity, high blood pressure, high triglycerides, demographic information 

recorded at the time of the index date (age, gender, race, and ethnicity), and additional 

clinical information from the EHR including recorded health conditions, lab results, clinical 

observations like blood pressure, and medication history.18,24,28 All features except for age 

were constructed as indicator variables, with a value of 1 indicating the presence of a 

condition, record of medication, or membership in a group, and a value of 0 representing the 

lack of condition, record, or membership. We used a 2-year lookback window to construct 

the feature data. Following the literature on other prediction models using EHR and claims 

data, missing data were set to zero. There was no missing data on age. There were 494 

features in total. The inclusion of both clinically validated risk factors and additional 

clinical features is common practice when developing a machine learning model. For more 

information on the feature data included in each model, feature construction, and model 

training can be found in the Materials and Methods section.

Among the 93,593 participants without a record of type 2 diabetes in the EHR at the 

time they completed their All of Us baseline survey, 2.9% of participants in the sample 

received a T2D diagnosis in the 2-year observation window. We note the same pattern of 

demographic differences between standard care, cost-constrained care, and delayed care 

access groups that we saw in the main analytic sample; namely, that participants with 

cost-constrained and delayed care were more likely to be younger, female, Black, and 

Hispanic compared to participants with standard care, and they were more likely to be 

covered by Medicaid, uninsured, and report lower annual household incomes (Extended 

Data Table 3). We recalculate EHR reliability rates among the diabetes sample across all 

conditions. We find higher EHR reliability rate for those with standard care than those with 

cost-constrained or delayed care (50.3% versus 47.7%, P Value < 0.001 based on a two 

sample proportions z-test), corresponding to a relative increase of 5.5% in EHR reliability 

for those with standard care. This difference includes variation in reliability within and 

across condition types.

The logistic regression model with L1 regularization or LASSO algorithm was used for 

model comparisons, as it outperformed the Ridge and random forests algorithms on the 

baseline model. The baseline model AUC was 0.76 (95% CI: 0.753 to 0.771). The AUC 

value for the standard care group was 0.76 (95% CI: 0.749 to 0.776), compared to 0.75 (95% 
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CI: 0.740 to 0.767) for the cost-constrained group and 0.77 (95% CI: 0.753 to 0.783) for 

the delayed care group. The difference in AUC between the standard care group and delayed 

care and cost-constrained care group were not statistically significant based on a P Value = 

0.05, measured using DeLong’s Method (Extended Data Table 4).29

The model correctly identified 64.2% (95% CI: 63.7 to 64.7) of new diabetes cases for the 

delayed care group and 66.9% (95% CI: 66.4 to 67.4) for the cost-constrained group, relative 

to 68.8% (95% CI: 68.4 to 69.3) for the standard care group. For participants with severe 

delayed care the sensitivity dropped even further to 63.4% (95% CI: 62.5 to 64.4). The 

specificity for the cost-constrained care and standard care group was similar at 70.6% (95% 

CI: 70.2 to 71.1) and 70.3% (95% CI: 69.9 to 70.7) whereas the delayed care group had a 

higher specificity of 74.7% (95% CI:74.2 to 75.1).

In Table 2, we compare AUC values for each group across the four specifications. AUC 

comparisons are calculated using DeLong’s method and P-values are adjusted for multiple 

comparisons using the Benjamini-Hochberg procedure. The baseline+access model showed 

no improvements in AUC for any of the access groups. However, the baseline+SES and 

baseline+self-report models showed statistically significant increases in AUC values for 

all access groups. In Figure 4, we plot performance metrics for each method by access 

group. When adding SES-related variables there is an increase in sensitivity for both the 

delayed and cost-constrained group and only a small decrease in specificity. When adding 

patient self-reported conditions, the increase in sensitivity was even more marked, and there 

was a slightly larger decrease in specificity. Balanced accuracy greatly improved for the 

cost-constrained and delayed care groups when patient self-report data was added.

Higher sensitivity may lead to more targeted clinical interventions for cost-constrained 

and delayed care groups who ultimately develop diabetes. In this task, including self-

reported data as features in the prediction model identified an additional 100 low-access 

participations who went on to develop T2D, a relative increase of 6.3%. However, this 

improvement came at the cost of 1,141 (or 2.3%) additional false positives (2.3% of low-

access participants who did not develop T2D as recorded in our data). In contrast, among 

participants with standard care, adding self-reported data identified 28 additional true cases 

(or 2.4% increase) and 52 additional false positives (0.1%).

Race and access to care

Lower algorithmic performance for Black patients has been documented across numerous 

clinical settings.13 Reduced performance could, at least partially, be explained by differences 

in access to care for Black patients.16 We test this theory on our T2D sample. Black 

participants in the T2D sample report statistically significantly higher rates of delayed and 

cost-constrained care compared to White participants: 62.0% of Black participants say that 

they have delayed or cost-constrained care, compared to 50.5% of white participants. Black 

participants had statistically significant lower AUCs for the T2D task compared to White 

participants: the AUC value for Black participants was 0.71 (95% CI: 0.798 to 0.718) versus 

0.76 (95% CI: 0.762 to 0.768) for White participants. When we stratify participants by 

access, the race gap in AUC largely remains. Among Black participants with standard care 

the AUC is 0.69 (95% CI: 0.675 to 0.709) versus 0.76 (95% CI: 0.759 to 0.768) for white 
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participants, and among Black participants without standard care the AUC is 0.70 (95% CI: 

0.681 to 0.717) versus 0.77 (95% CI: 0.759 to 0.773) for white participants.

Discussion

The relationship between access to healthcare and clinical prediction has been relatively 

understudied to-date, despite the prevalence of access issues globally and an increasing 

reliance on prediction models to aid in clinical decision-making.6 Using novel data from 

the All of Us Research Program, we find consistently lower EHR reliability rates across 

nearly thirty self-reported health conditions for those with cost-constrained or delayed care 

compared to those with standard care, confirming concerns related to the quality of EHR 

data for those with lower access to healthcare services. One reason we might observe lower 

rates of EHR reliability for those with lower access to care would be if participants with 

lower access to care were less likely to visit the doctor.32 If participants with lower access to 

care do not visit the doctor or visit the doctor less frequently than those with standard care, 

information on their health status is less reliably collected in the EHR, resulting in higher 

rates of missing data for participants with lower access to care. Further analysis suggests that 

lower EHR reliability for those with lower access to care is at least partially explained by 

their lower visit rates to the health care system.

In a clinical prediction task of T2D incidence, we observed no difference in predictive 

performance for participants with low access compared to participants with standard care. 

However, when we incorporated SES and self-reported condition data into the T2D model, 

we significantly improved model performance for all participants but particularly for those 

with cost-constrained or delayed care. These improvements, most notably the inclusion 

of self-reported condition data, increased the sensitivity of the model, allowing for better 

identification of low access participants who would ultimately develop T2D, with only a 

relatively smaller drop in specificity.

Our findings reveal a critical blind spot in AI-driven healthcare: patients most in need of 

clinical intervention are systematically least visible to the algorithms design to help them. 

This ‘access-to-algorithm’ gap creates a dangerous feedback loop where limited healthcare 

access leads to sparse data, which produces less accurate predictions, potentially resulting 

in delayed care and worse outcomes for already vulnerable populations. This is concerning 

on two fronts. First, clinical risk prediction models are being adopted by an increasing 

number of health systems each year.33 Second, structural barriers to care—such as insurance 

coverage gaps and rising healthcare costs—may be worsening, as recent reports highlight 

growing uninsurance rates and mounting affordability concerns.34,35

Addressing this issue will require both long-term policy change and immediate 

methodological interventions. Policy-based solutions—such as expanding insurance 

coverage or reducing out-of-pocket costs—represent the most direct path to improving 

access and, in turn, EHR data quality. Other policy solutions could focus on interoperability 

solutions that improve the sharing of data across systems. These solutions might be more 

feasible in settings with universal health care like the National Health Service. However, 

these changes take time to implement. In the interim, our findings suggest that integrating 
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alternative data sources, such as patient-reported health or alternative data collection 

methods like wearables, may help mitigate the limitations of EHR data for individuals with 

lower access to care. There is already growing momentum around incorporating patient-

reported outcomes into predictive modeling.36–38 In addition, methodological approaches 

such as imputing missing data, using proxy indicators of access (e.g., SDOH variables or 

clinical notes), and explicitly modeling visit frequency may improve model performance 

for underserved populations.39,40 Finally, alongside technical solutions, governance and 

monitoring frameworks are essential to track and mitigate the clinical impact of reduced 

model performance for those with limited access to care.41,42

Our study extends prior research showing high rates of discordance between survey data and 

EHR data to focus on differential rates of discordance by access to care.43,44 We further 

consider how differential rates of reliability impact downstream prediction tasks, which 

contributes to a growing body of work on the measurement and mitigation of potential 

sources of algorithmic bias in clinical prediction models.45 While previous work has focused 

on bias with respect to protected classes such as those defined by race, ethnicity, or gender, 

here we focus on access as a potential mechanisms for reduced performance across groups. 

To date there has been a lack of empirical research quantifying the relationship between 

healthcare access and clinical prediction, in part due to data limitations in EHR and health 

claims data which do not record measures of healthcare access. Our findings provide 

quantitative evidence to support concerns around reduced prediction performance for those 

with lower access to care. However, we do not find that access explains performance gaps by 

race.

This work had several limitations. We relied on self-reported data to validate the reliability 

of EHR data. Self-reported data have inherent limitations and may not always be accurate.46 

Patients may underreport certain conditions if they are unfamiliar with the medical term 

or uncomfortable sharing certain medical information due to social stigma.24,25 However, 

we argue that even if someone doesn’t have the diagnosis, the act of reporting a condition 

still signals illness. In such case, the EHR’s failure to capture this information means it 

inaccurately reflects participant’s overall health status, which has downstream implications 

for prediction. Moreover, the focus of our analysis was on measuring group differences 

rather than group levels. To test whether observed differences in EHR reliability were 

potentially confounded by differences in reporting by access group, we validated self-report 

data using confirmed conditions in the EHR. We did not find higher rates of misreport 

among those with lower access to care, supporting our conclusion that the observed 

differences were related to EHR reliability rather than reporting. We were also unable to 

validate the accuracy of the outcome label used in the prediction task. As noted earlier, we 

selected T2D because it had the highest EHR reliability among the conditions considered; 

however, this label may still introduce noise, particularly if it is less precisely measured 

among participants with lower access to care, which may lead to an underestimation of 

differences in predictive performance among participants with lower access to care. EHR 

data were limited to clinical sites participating in the All of Us Research Program. Although 

this restricts observability of patient data across other healthcare settings, it mirrors the type 

of data typically available to health systems when developing clinical models, making it 

more representative of real-world prediction scenarios. The All of Us Research Program is 
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a convenient sample and not a representative sample of patients in the United States more 

broadly. While All of Us participants appeared to be from more diverse, lower income 

backgrounds compared to the ACS sample, restricting to participants that responded to the 

health access survey increased the percent participants that were white, had insurance, and 

higher income. This restriction may exclude some of the participants most at risk of being 

underrepresented in clinical prediction.

In this paper, we highlight the potential limitations of relying on EHR data for clinical risk 

prediction: patients with lower access to care have higher rates of missing data and are at 

risk of lower model performance. By quantifying this phenomenon at scale, we provide the 

first empirical evidence that healthcare access disparities directly undermine the promise of 

AI-driven precision medicine – highlighting that algorithmic fairness cannot be achieved 

without addressing fundamental access inequities.

Methods

This study was approved by the Tufts IRB and deemed Not Human Subjects research.

Data & Sample

Our data come from the All of Us Research Program.12 The All of Us Research Program 

is a convenient sample of over a million people across 50 states. Data include survey data 

and (contingent on participant agreement) linked EHR data from participating provider 

organizations in the All of Us Research Program. Several surveys are administered to 

participants upon their enrollment in All of Us. Surveys include questions on participant 

demographics (“The Basics” survey), health history (“Personal and Family Health History” 

survey), and health care access (“Health Care Access & Utilization” survey). EHR data 

are standardized using the Observational Medical Outcomes Partnership (OMOP) Common 

Data Model infrastructure and are current through October 1, 2023. Our analysis sample 

includes all participants with linked EHR data that answered the “Health Access & 

Utilization” survey.

Participant responses from the “Health Access & Utilization” survey are used to define 

access groups. Participants responded to 9 questions related to delayed care and 15 questions 

related to affordability of care. We define participants as having delayed care if they 

responded that they had delayed care for any of the 9 reasons listed. We define participants 

as having cost-constrained care if they responded affordability concerns for any of the 15 

areas. Participants that indicated they were unable to afford care on three or more questions 

were defined as having “severe cost-constrained care”. Similarly, patients that indicated they 

had delayed care on three or more questions were defined as having “severe delayed care”. 

We define participant age, gender, race, and ethnicity using data collected from “The Basics” 

survey. Participant age was calculated using the date of birth reported by the participant. 

Participant gender was measured based on the participants’ description of their gender 

identity. We defined a participant as Black if they responded “Black, African American, 

or African” to the question “Which categories describe you?”. We defined a participant as 

Hispanic if they responded “Hispanic, Latino, or Spanish” to the same question. Participants 

could indicate multiple categories.
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Self-reported condition data was reported in the All of Us “Personal and Family Health 

History” survey. For each condition, the participant was asked the following question: 

“Including yourself, who in your family has had [condition name]”, where the name of 

the condition was provided within the brackets? Respondents had the choice to answer 

Self, Mother, Father, Sibling, Daughter, Son, Grandparent, or skip the question. We defined 

a participant as having a condition if they responded “Self” to the question. In total, we 

measured responses to 37 self-reported conditions (listed in Supplementary Table 1). Age-

adjusted prevalence rates of conditions were constructed using 10-year age buckets.

Comparison to the American Community Survey

To understand how the All of Us participants and more specifically our analytic sample 

differed from the U.S. population more broadly, we compared sample characteristics to 

1-year 2023 estimates reported by the U.S. American Community Survey (ACS). In order 

to make an accurate comparison, we used the same definition as the ACS for defining 

age categories (18–24, 25–44, 45–64, 65+), gender (male, female), race and ethnicity 

(AI/AN, Asian, Black, Hispanic or Latino, Other, White), health insurance (employee, 

Medicaid only, Medicare, Other insurance including purchased insurance plans, Tricare, 

or Veterans Affairs), and annual household income (<$10K, $10,000-$49,999, $50,000-

$99,999, $100,000-$199,999, >=$200,000). All of Us participants with unknown responses 

within each category were removed for the purposes of comparison.

Comparing Self-Reported versus EHR-Reported Conditions

To test rates of concordance by access to care, we compared self-reported conditions to 

health conditions documented in the EHR. We identified EHR conditions by searching for 

all condition concepts (defined using the OMOP format) that matched the given condition 

reported in the survey. In Supplementary Table 1, we provide a list of concept codes used 

to identify conditions in the EHR data and the relevant survey question used to identify 

conditions in the survey data. We quantified the percent of participants with a self-reported 

condition that had no record of the same condition in the EHR (or “missing EHR diagnosis 

rate") for 37 self-reported conditions (Supplementary Table 1). The EHR reliability rate 

is the complement of this, or one minus the missing EHR diagnosis rate. Reliability rates 

for the standard care group were compared to reliability rates for the cost-constrained and 

delayed care group, respectively, using two-proportions z-test comparisons. We additional 

quantified the percent of participants with an EHR-reported condition (as of the time the 

self-reported condition data was collected) that did not self-report the health condition, 

among those with standard care versus non-standard care. Comparisons between the two 

groups were compared using a two-proportions z-test. P Values for comparisons were 

adjusted using the Benjamini-Hochberg procedure and statistical significance defined at the 

adjusted P Value level of 0.05.

To assess how standard care modifies the relationship between self-reported conditions and 

EHR-reported conditions, we fit an ordinary least squares regression model predicting the 

presence of a condition in the EHR among participants that self-reported any of the 37 

conditions. For each participant i, we included a vector of 37 indicator variables
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Di = di1, di2, …, di37 ,

Where dij = 1 if the participant reported condition j and dij = 0 otherwise. These indicators 

are included to account for variation in reliability among different types of condition. We 

also included an indicator for having standard care, Si = 1 if participant i is in the standard 

care group and Si = 0 if they are not. The final model specification is:

Yi = α0 + αSSi + αTDi + ϵ,

where Y I = 1 indicates that the condition appeared in the EHR and Y I = 0 indicates that 

it did not. The coefficient of interest is the coefficient on the indicator for standard care 

αS, which represents the percentage change in the probability that a condition appears in 

the EHR for someone with standard care compared to someone without standard care, 

controlling for condition type.

In a second specification, we included the number of visits a participant had recorded in the 

EHR data V i, to control for visit intensity:

Yi = α′0 + α′SSi + α′TDi + γV i ϵ,

and compared αS to α′S to assess how visit intensity modified the relationship between 

access to care and EHR reliability.

Implications for Clinical Prediction Models

The diabetes sample included any participant with no EHR-record of T2D as of the time in 

which the participant completed the “Personal and Family Health History” survey. We refer 

to this date as the index date. Using HbA1c lab values, fasting glucose lab values, random 

glucose lab values, and condition codes, we determined whether someone had diabetes. Lab 

values could take on a measure of 1 if met clinical criteria for diabetes, 0 if did not meet 

clinical criteria for diabetes, or NA if a lab record existed but the result was not recorded.

The outcome is an indicator for whether someone had a record of T2D in the two years 

following the index date (1 = Yes, 0 = No). A participant was considered to have T2D if they 

met any of the following criteria: at least two random glucose levels equal to or greater than 

200 mg/dL, fasting glucose level equal to or greater than 126 mg/dL, HbA1c level greater 

than or equal to 6.5%, or a type 2 diabetes concept ID of 201826 (based on the OMOP data 

model).

Features are constructed using a two-year lookback window from the index date. Baseline 

features included indicators for clinical conditions in the EHR data with prevalence rates of 

at least 1% in the lookback window, indicators for ATC-2 medications in the EHR data with 

prevalence rates of at least 1% in the lookback window, clinical measures in the EHR 

Zink et al. Page 12

Nat Health. Author manuscript; available in PMC 2026 August 03.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



(obesity, diabetes, fever, hypocalcemia, hypercalcemia, hypochloremia, hyperchloremia, 

creatine, high blood pressure, high triglyceride, tachycardia, anemia, high hemoglobin, 

hyperkalemia, hypokalemia, tachypneic, bradypnea, hypernatremia, hyponatremia, low urea, 

and high urea, see Supplementary Table 2 for lab values and ranges for each measure), and 

demographics (normalized age, female, male, white, black, Hispanic). All features except 

for age were constructed as indicator (Yes = 1, No = 0) variables. Missing data for indicator 

variables were set to zero. There was no missing data on age.

The baseline+access model included the same set of features as the baseline model plus 

two access variables: an indicator of a participant reported cost-constrained care and 

an indicator if a participant reported delayed care. The baseline+SES model included 

indicators for health insurance categories (employee, Medicaid only, Medicare, Other 

insurance including purchased insurance plans, Tricare, or Veterans Affairs), household 

income (<$10K, $10,000-$49,999, $50,000-$99,999, $100,000-$199,999, >=$200,000), zip-

level socioeconomic status data from the 2017 ACS (the fraction of population with income 

in the past 12 months below the poverty level, the fraction of houses that are vacant, the 

fraction of the population 25 and older with an education attainment of at least high school 

graduation, and the deprivation index), and a flag if the patient hadn’t visit in the prior two 

years (during the window in which the predictor variables were constructed). Missing data 

on zip-level features was replaced using mean imputation. All continuous variables (age and 

zip-level features) were scaled and normalized. Missing data for indicator features was set to 

0.

For the baseline prediction task, logistic regression and random forests were trained with 

5-fold cross validation. Logistic regression models were developed using a regularization 

parameter search performed by the cv.glmnet package in R. Random forest models were 

developed with a regularization parameter search over 5, 50, 500, and 1000 decision 

trees, and the minimum node parameter set to 10. We use the model with the best AUC 

value for the final predictive task and all subsequent models. Model performance (AUC, 

balanced accuracy, sensitivity, and specificity) was assessed overall and by access levels. 

For classification, we selected the cutoff point that maximized Youden's J statistic. For 

uncertainty quantification of the classification metrics, we compute the numerical 95% 

confidence intervals as derived from the Central Limit Theorem. We use DeLong’s method 

to compare AUC values.29
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Extended Data

Extended Data Figure 1. Share of Participants who Responded Yes to Access-Specific Questions
Responses from 305,857 participants that responded to the Health Access & Utilization 

survey. We define participants as having low access if they indicated they had cost-

constrained or delayed care for any of the listed reasons.

Extended Data Table 1.
Sample Characteristics Compared to the U.S. Population

Analytic Sample All of Us Participants U.S. ACS (1-year 2023 estimate)

Age (%)

 18–24 3.1 4.6 11.6

 25–44 26.2 31.3 34.4

 45–64 33.1 34.5 31.4

 65+ 37.6 29.6 22.6

Gender(%)
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Analytic Sample All of Us Participants U.S. ACS (1-year 2023 estimate)

 Male 35.1 37.0 49.5

 Female 64.9 63.0 50.5

Race and Ethnicity (%)

 AI/AN 0.5 1.1 0.5

 Asian 3.0 3.5 5.9

 Black 9.9 15.7 11.8

 Hispanic or Latino 13.5 18.1 19.4

 Other 5.2 5.9 5.2

 White 67.9 55.7 57.1

Health Insurance

 Employee 41,2 36.6 46.8

 Medicaid Only 13.4 19.8 9.7

 Medicare (Duals, supp.) 32.4 26.1 19.6

 Other (Purchased, Tricare, VA) 8.9 9.9 15.2

 Uninsured (inc. IHS) 4.1 7.6 8.7

Annual Household Income

<$10K 7.7 14.4 5.3

$10,000–$49,999 28.9 32.9 23.7

$50,000–$99,999 28.4 24.8 32.1

$100,000–$199,999 24.4 19.6 26.5

>=$200,000 10.6 8.3 12.4

All of Us sample characteristic information is based on self-reported information found in the All of Us baseline survey. 
The Other Race category includes people who answered, ‘More than one population’,’None of these’,’Middle Eastern or 
North African’,’Native Hawaiian or Other Pacific Islander’. Unknown race and ethnicity categories include participants 
who skipped or selected that they preferred not to answer. AI/AN = American Indian or Alaska Native. Medicare insurance 
includes participants that are dually enrolled in Medicaid and those with supplemental insurance. Other insurance includes 
participants with directly purchased health insurance, TRICARE, Veterans Affairs (VA), and other military insurance. 
Those with Indian Health Service (IHS) were included in the uninsured category following the categorization used by 
the American Community Survey (ACS). All of Us participants with unknown responses within each category have been 
removed for purposes of comparing to the ACS.

Extended Data Table 2.
Age-Adjusted Self-Reported Condition Prevalence Rate

Self-Reported Condition Standard Care (N=94,310) Cost-Constrained or Delayed Care (N=87,921)

Acid Reflux 35.6 45.0

Astigmatism 36.8 40.0

Hypercholesterolemia 34.9 37.4

Hypertension 34.0 39.3

Depression 30.2 46.0

Anxiety and/or Panic Disorder 21.5 33.9

Cataracts 22.6 24.9

Osteoarthritis 20.9 26.1

Asthma 19.8 27.4

Anemia 18.9 27.1
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We report age-adjusted prevalence rates for the top ten most common self-reported conditions. For age adjustment, we find 
the prevalence rate of each self-reported condition within 10-year age intervals (20, 30, 40, 50, 60, 70, 80, 90, 100+). We 
calculate the weights for each age group based on the sample age distribution. The final age-adjusted prevalence is the sum 
of each age interval multiplied by its relevant weight. We used a logistic regression to assess the statistical significance 
of the relationship between access and self-reported condition, adjusting for age. P-values were adjusted for multiple 
comparisons based on Benjamini-Hochberg procedure.

Extended Data Table 3.
Diabetes Sample Characteristics

Overall 
(N=93,593)

Standard Care 
(N=42,993)

Cost-Constrained 
Care (N=40,418)

Delayed Care 
(N=33,495)

Access Measures (%)

 Cost-Constrained Care 43.2 0.0 100.0 69.6

 Delayed Care 35.8 0.0 57.7 100.0

(Average) Age (Years) 55.5 60.4 51.8 47.8

Gender (%)

 Male 31.9 38.1 26.3 24.2

 Female 66.7 60.9 71.9 73.6

 Other 1.4 1.0 1.9 2.3

Race (%)

 AI/AN 0.5 0.3 0.6 0.8

 Asian 3.4 3.2 3.3 3.7

 Black 8.2 6.8 9.7 9.9

 White 72.8 78.4 67.1 66.4

 Other 5.3 3.9 6.7 7.3

 Unknown 8.7 5.9 11.7 11.2

Ethnicity (%)

 Hispanic or Latino 11.0 7.5 14.7 14.7

 Not Hispanic or Latino 86.7 90.1 83.0 83.3

 Unknown 2.3 2.3 2.3 2.1

Health Insurance

 Employee 47.1 49.9 42.0 47.9

 Medicaid Only 11.3 6.6 16.3 16.6

 Medicare (Duals, supp.) 25.5 33.2 20.1 12.9

 Other (Purchased, Tricare, 
VA)

15.0 16.5 14.2 12.3

 Uninsured (inc. IHS) 3.2 1.3 5.6 5.5

 Unknown 0.5 0.4 0.5 0.5

Annual Household Income

 <$10K 5.8 3.2 8.6 9.0

 $10,000–$49,999 24.0 16.4 33.0 31.6

 $50,000–$99,999 25.9 26.6 25.5 25.0

 $100,000–$199,999 23.1 28.2 16.9 18.0

 >=$200,000 10.5 10.6 11.0 10.1

 Unknown 2.9 2.7 3.3 2.9

Outcome (%)

 2-Year Diabetes Incidence 2.9 2.7 3.3 3.0
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Sample includes All of Us participants that answered the Healthcare and Access survey and had linked EHR data. Survey 
responses were used to classify participants into three access groups: participants with cost-constrained and/or delayed care 
indicated they had trouble affording care and/or had delayed care in the past 12 months (participants can be represented 
in both the cost-constrained and delayed care groups), and participants that indicated neither were classified as having 
standard care. All sample characteristic information is based on self-reported information found in the All of Us baseline 
survey. The Other Race category includes people who answered, ‘More than one population’,’None of these’,’Middle 
Eastern or North African’,’Native Hawaiian or Other Pacific Islander’. Unknown race and ethnicity categories include 
participants who skipped or selected that they preferred not to answer. AI/AN = American Indian or Alaska Native. 
Medicare insurance includes participants that are dually enrolled in Medicaid and those with supplemental insurance. 
Other insurance includes participants with directly purchased health insurance, TRICARE, Veterans Affairs (VA), and 
other military insurance. Those with Indian Health Service (IHS) were included in the uninsured category following the 
categorization used by the American Community Survey.

Extended Data Table 4.
Comparing AUC Values for Standard Care versus Other Access Groups

Access Groups AUC P-Value for Difference

Standard Care 0.763 -

Cost-Constrained Care 0.754 0.354

Delayed Care 0.768 0.596

Severe Cost-Constrained Care 0.752 0.603

Severe Delayed Care 0.770 0.393

This table reports AUC values from the baseline model. We tested for statistically significant differences in the AUC value 
in the standard care group versus the other access groups using DeLong’s method in the pROC package in R.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1: 
Study overview and data cohort

Overview of paper approach to determine EHR reliability and clinical model performance 

bias due to differences in access to healthcare. (a) Using the All of Us dataset, we 

quantify EHR reliability by comparing patient self-reported medical history with electronic 

health record (EHR) medical conditions. We then assess the impact of differences in EHR 

reliability by evaluating trained clinical prediction models across access to care patient 

groups. Lastly, we develop mitigation strategies for these biases due to access to care 

using both EHR data and patient self-reported medical history. (b) Patient cohort creation 

flowchart beginning with the full All of Us patient dataset and excluding patients according 

to access to care survey completion and EHR data availability. (c) Distribution of self-

reported diagnoses and EHR conditions per individual across access to care patient groups in 

our patient cohort. (d-f) Number of patients in each (d) age category, (e) race category, and 

(f) ethnicity category. (g) Number of EHR records in each visit type category.
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Figure 2: 
EHR Reliability Rate for Conditions

Analysis of 205,186 participants (94,310 participants with standard care, 87,921 participants 

with cost-constrained care, and 73,445 participants with delayed care). EHR reliability was 

quantified by comparing patient self-reported medical history with electronic health record 

(EHR) medical conditions. We define the EHR reliability rate as the share of participants 

with a self-reported condition who had the condition documented in the EHR. In the 

figure we show all conditions with a statistically significant difference in missing EHR 

diagnosis rates between the standard care group and the cost-constrained or delayed care 

group. Statistical significance was calculated with a two-sided two-proportions z-test, with 

Benjamini-Hochberg adjusted P-values to account for comparisons for each condition within 

access group.
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Figure 3: 
Cumulative Incidence of Time to First Visit

Each point represents the cumulative percentage of participants within the specified access 

group who had a first visit documented in the EHR as of that point in time. Time 

was indexed such that time = 0 corresponds to the data in which sample participants 

answered the access survey. Standard errors for the cumulative percentages are calculated 

using Greenwood’s formula and are shown as +/-1 standard error. The High Access group 

includes those with standard care (N=94,310). The Low Access group includes those with 

cost-constrained and/or delayed care (N=110,876).

Zink et al. Page 23

Nat Health. Author manuscript; available in PMC 2026 August 03.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 4: 
Diabetes Task Model Performance

Analysis of 93,593 participants in the diabetes sample (42,993 participants with standard 

care, 40,418 participants with cost-constrained care, and 33,495 participants with delayed 

care). Each point represents a model performance measure. Error bars represent 95% 

confidence intervals. For AUC estimates, confidence intervals were derived using DeLong’s 

methods.29 For Balanced Accuracy, Sensitivity, and Specificity, confidence intervals were 

derived using normal approximation based on the Central Limit Theorem.
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Table 1.
Study Sample Characteristics

Overall (N=205,186) Standard Care 
(N=94,310)

Cost-Constrained Care 
(N=87,921)

Delayed Care 
(N=73,445)

Access Measures (%)

 Cost-Constrained Care 42.8 0 100.0 69.1

 Delayed Care 35.8 0 55.8 100.0

(Average) Age (Years) 55.7 60.4 52.1 47.8

Gender (%)

 Male 34.5 40.9 28.5 26.7

 Female 63.8 58.0 69.1 70.6

 Other 1.8 1.1 2.4 2.8

Race (%)

 AI/AN 0.8 0.6 1.0 1.2

 Asian 3.0 3.0 2.9 3.3

 Black 9.0 8.6 11.4 11.5

 White 68.6 74.3 62.8 62.6

 Other 5.8 4.3 7.3 7.8

 Unknown 10.7 7.8 13.8 12.9

Ethnicity (%)

 Hispanic or Latino 13.3 9.5 17.1 16.7

 Not Hispanic or Latino 84.3 88.0 80.4 81.1

 Unknown 2.4 2.5 2.5 2.2

Health Insurance

 Employee 44.3 47.3 39.0 44.8

 Medicaid Only 15.1 9.5 20.6 21.4

 Medicare (Duals, supp.) 29.5 37.3 23.7 16.9

 Other (Purchased, Tricare, VA) 17.3 19.6 15.3 14.0

 Uninsured (inc. IHS) 3.7 1.7 6.2 5.9

 Unknown 0.6 0.6 0.6 0.6

Annual Household Income

 <$10K 6.7 3.9 9.4 9.9

 $10,000–$49,999 25.1 17.8 33.7 32.0

 $50,000–$99,999 24.7 25.6 24.0 23.5

 $100,000–$199,999 21.2 26.4 15.0 16.4

 >=$200,000 9.2 13.3 4.3 5.7

 Unknown 13.2 13.0 13.6 12.6

Sample includes All of Us participants that answered the Healthcare and Access survey and had linked EHR data. Survey responses were used 
to classify participants into three access groups: participants with cost-constrained and/or delayed care indicated they had trouble affording 
care and/or had delayed care in the past 12 months (participants can be represented in both the cost-constrained and delayed care groups), 
and participants that indicated neither were classified as having standard care. All sample characteristic information is based on self-reported 
information found in the All of Us baseline survey. The Other Race category includes people who answered, ‘More than one population’,’None of 
these’,’Middle Eastern or North African’,’Native Hawaiian or Other Pacific Islander’. Unknown race and ethnicity categories include participants 
who skipped or selected that they preferred not to answer. AI/AN = American Indian or Alaska Native. Medicare insurance includes participants 
that are dually enrolled in Medicaid and those with supplemental insurance. Other insurance includes participants with directly purchased health 
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insurance, TRICARE, Veterans Affairs (VA), and other military insurance. Those with Indian Health Service (IHS) were included in the uninsured 
category following the categorization used by the American Community Survey.
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Table 2.
Comparing AUC Values for Baseline vs Alternative Methods

Baseline Adding Access Features Adding SES Features Adding Self-Report Features

All 0.762 0.763* 0.770*** 0.780***

Standard Care 0.763 0.763 0.769*** 0.774***

Cost-Constrained Care 0.754 0.753* 0.761*** 0.774***

Delayed Care 0.768 0.768 0.777*** 0.792***

Analysis of 93,593 participants in the diabetes sample (42,993 participants with standard care, 40,418 participants with cost-constrained care, and 
33,495 participants with delayed care). AUC comparisons between methods were calculated using two-sided DeLong’s test for paired ROC curves 
in the pROC package in R. P Values were adjusted using a Benjamini-Hochberg procedures.

***
P value <0.001

**
P value <0.01

*
P Value< 0.05; . P Value< 0.10.
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