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Abstract

Background: Electronic health records (EHRs) provide rich data on many domains not routinely 

available in other data, as such, they are a promising source to study changes in health outcomes 

using longitudinal study designs (eg, cohort studies, natural experiments, etc.). Yet, patient 

attrition rates in these data are unknown.

Objective: The objective of this study was to estimate overall and among adults with diabetes or 

hypertension: (1) patient attrition over a 3-year period at community health centers; and (2) the 

likelihood that patients with Medicaid permanently switched their source of primary care.

Research Design: A retrospective cohort study of 2012–2017 data from the Accelerating Data 

Value Across a National Community Health Center Network (ADVANCE) Clinical Data Research 

Network of community health centers were used to assess EHR data attrition. Oregon Medicaid 

enrollment and claims data were used to estimate the likelihood of changing the source of primary 

care.

Subjects: A total of 827,657 patients aged 19–64 with ≥ 1 ambulatory visit from 76 community 

health center systems across 20 states. In all, 232,891 Oregon Medicaid enrollees (aged 19–64) 

with a gap of ≥ 6 months following a claim for a visit billed to a primary care source.

Measures: Percentage of patients not returning within 3 years of their qualifying visit (attrition). 

The probability that a patient with Medicaid permanently changed their primary care source.

Results: Attrition over the 3 years averaged 33.5%; attrition rates were lower (< 25%) among 

patients with diabetes and/or hypertension. Among Medicaid enrollees, the percentage of provider 

change after a 6-month gap between visits was 12% for community health center patients 

compared with 39% for single-provider practice patients. Over 3 years, the likelihood of a patient 
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changing to a new provider increased with length of time since their last visit but remained lowest 

among community health center patients.

Conclusion: This study demonstrates the use of the EHR dataset is a reliable source of data to 

support longitudinal studies while highlighting variability in attrition by primary care source and 

chronic conditions.
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electronic health records; attrition; natural experiment; community health center; primary care; 
Medicaid

As the reach and connectivity of electronic health records (EHRs) have grown in the United 

States,1,2 large multi-state networks of clinics with linked EHRs have the potential to 

provide rich longitudinal data on many domains not routinely available in other data sources. 

For example, EHRs contain information on metabolic biomarkers (eg, blood pressure, 

glycosylated hemoglobin A1c, etc.), comprehensive diagnostic information, millions of 

encounter data points, and reliable information on insurance and uninsurance status from 

billing data at the time of the encounter.3,4 As such, EHRs are a promising data source to 

investigate changes in health outcomes using longitudinal study designs (eg, cohort studies, 

natural experiments, etc.). Although all longitudinal data sources can experience loss to 

follow-up, in many studies researchers have some control over the engagement and follow-

up activities that potentially impact participant attrition. However, when utilizing EHR data 

for longitudinal research, data capture is driven by clinical and administrative encounters 

that characterize the patient-provider environment rather than research needs. There are 

several reasons why patient attrition might occur within EHR data, including: (1) patients 

infrequently seek care at any clinic (nonutilizers); (2) patients seek care at a clinic or setting 

outside of the EHR; data network (provider change), or (3) death (not captured 

systematically by most EHR systems). Understanding rates of attrition in EHR data is 

important to inform longitudinal study design considerations, power/sample size estimation, 

and selection of appropriate statistical methods to address attrition. In addition, when 

planning longitudinal study designs for subpopulations, it is likely that attrition rates vary 

from the overall population and therefore should be accounted for. For example, patients 

with chronic conditions may seek care more frequently (lowering attrition) or be more likely 

to seek care elsewhere (increasing attrition). Thus, it is important to conduct stratified 

analyses to assess whether attrition rates differ among patients with common chronic 

conditions compared with rates among the overall population. To our knowledge, there are 

no studies assessing attrition using EHR data, overall or by disease. Therefore, the objective 

of this study was to provide several estimates of patient attrition from the EHR. We used the 

Affordable Care Act (ACA)5 natural experiment as a case study.6,7 Briefly, the ACA 

increased the availability of health insurance by developing a health insurance marketplace 

and expanding Medicaid eligibility to adults with income ≤138% of the federal poverty level 

in states that chose to expand. Since a large number of patients without insurance gained 

coverage following the ACA.8,9 it was expected that newly insured patients would seek care 

elsewhere, thus attrition rates may increase following the ACA. We leveraged EHR data 
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from community health centers because they serve a large proportion of patients without 

insurance or with Medicaid coverage.10

In addition to estimating overall patient attrition rates, we sought to estimate the proportion 

of patients who changed their source of primary care overall and among those with diabetes 

or hypertension. We did so by utilizing Medicaid enrollment and claims data to compare 

patient movement from community health centers to other primary care settings. The 

objective of this secondary analysis was to determine if patient attrition was mainly due to 

changing providers, rather than patients not seeking care. Thus, using these 2 data sources 

(EHR and Medicaid claims), this study aimed to estimate: (1) attrition rates in primary care 

community health center practices using EHR data; and (2) the likelihood that patients who 

did not return to a community health center changed primary care providers. We 

hypothesized that attrition rates would be even lower for adults with diabetes or 

hypertension, as they are likely to favor continuity of care to manage their condition. We 

also hypothesized that patients from community health centers would be less likely to switch 

providers than patients in other care settings.

METHODS

This study was approved by the Institutional Review Board.

Accelerating Data Value Across a National Community Health Center Network Electronic 
Health Record Data

In this retrospective cohort study spanning 2012–2017, we utilized EHR data from the 

Accelerating Data Value Across a National Community Health Center Network 

(ADVANCE) Clinical Data Research Network of community health centers, a network 

within PCORnet.11 Patients of ADVANCE that met our inclusion criteria (described below) 

were from 76 community health centers with 340 delivery sites across 20 states (Alaska, 

California, Florida, Hawaii, Indiana, Kansas, Massachusetts, Maryland, Minnesota, 

Missouri, Montana, North Carolina, New Mexico, Nevada, Ohio, Oregon, Rhode Island, 

Texas, Washington, Wisconsin). We utilized encounter data from facilities that did not close 

before 2018 (closure date was inferred from the last encounter preceding 4 mo of inactivity). 

Patients must have had ≥ 1 ambulatory visit to an ADVANCE community health center in 

any of 2012, 2013, and/or 2014. We chose patients aged 19–64, as this is the age range most 

affected by the ACA Medicaid expansion, which is the longitudinal natural experiment we 

used as a case example for this study.6,7 We also excluded patients who were ever pregnant 

during the study period, as pregnancy confers different care needs and higher visit rates, 

which could bias our attrition estimates. Patients were followed for 3 years after their 

qualifying ambulatory visit consistent with criteria for distinguishing an established patient 

from a new patient in Evaluation and Management procedure codes. In all, 827,657 patients 

from the ADVANCE EHR dataset were included in this study sample.

Oregon Medicaid Data

We obtained Oregon Medicaid enrollment data and outpatient administrative claims data 

(January 1, 2002, to December 31, 2017) from the Oregon Health Authority. We identified 
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billing primary care providers associated with office visits in claims data. We grouped these 

billing providers into primary care sources using their National Provider Identifier reported 

legal business names. Primary care sources were categorized into 4 billing provider 

categories based on National Provider Identifier taxonomy groups, supplemented by Oregon 

Health Authority provider types for greater specificity. The 4 categories were: (1) 

community health centers (Federally qualified health centers, rural health centers, or other 

community health centers); (2) primary care clinics (organizations with predominantly 

primary care performing providers); (3) multispecialty clinics (organizations billing for a 

mix of specialists and primary care providers); and (4) single-primary care practice (billing 

providers with National Provider Identifier taxonomy codes indicating a physician rather 

than a clinic or business).

Cohort Definitions

We followed 3 EHR patient cohorts over time based on the year a patient had a qualifying 

visit to a community health center (2012, 2013, or 2014). The purpose of these stratified 

analyses was to evaluate if attrition differed by year particularly for our case example, as 

2012–2013 were before the ACA Medicaid expansion and 2014 was after. For analyses that 

utilized ADVANCE EHR data, there were 827,657 patients with ≥ 1 ambulatory visit. For 

each cohort, we observed EHR data for 3 years and described attrition rates. For example, 

for the 2012 cohort, we estimated the percent of patients who never had a visit in 2013, 

2014, or 2015 (attrition). These measures were also estimated for the 2013 and 2014 cohorts. 

Given that diabetes and hypertension are 2 of the most common chronic conditions in this 

population, we subset each cohort-year into groups of patients with either diabetes or 

hypertension and estimated the attrition measure described below (patients with diabetes n = 

2012: 51,619; 2013: 59,769; 2014: 67,420; patients with hypertension n = 2012: 136,050; 

2013: 158,470; 2014: 174,633). Patients with diabetes and hypertension included both 

patients with a new diagnosis and those with existing diagnosis at the start of each cohort-

year.

Analyses that utilized Oregon Medicaid data consisted of 3 cohorts patients with ≥ 1 primary 

care visit in 2012–2014 billed by a community health center, primary care clinic, 

multispecialty clinic, or single-primary care practice that was followed by a visit gap of at 

least 6 months during which the patient was continuously enrolled in Medicaid (n = 

232,891). Visit gaps are defined below.

Chronic Condition Definitions

Patients with diabetes were identified using a modified version of the Surveillance, 

PREvention, and ManagEment of Diabetes Mellitus (SUPREME-DM) definition12 in the 

EHR data. The SUPREME-DM requires 2 of any of the following events within 2 years: 

diabetes-related medications prescribed (eg, insulin, sulfonylurea, etc.), hemoglobin A1c or 

glucose laboratory test result, and/or a diabetes diagnosis on the outpatient problem list. The 

original definition included in-patient diagnosis and dispensed medication, which are not 

available in our dataset. Patients with hypertension were identified using a definition from 

Selby et al,13 which requires any 2 of the following within a 2-year period: hypertension 

diagnosis, hypertension or blood pressure prescription, or consecutive high blood pressure 
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measures ( ≥ 140 mm Hg systolic and/or 90 mm Hg diastolic). As with the year cohorts, 

these disease-specific cohorts were not mutually exclusive. Our Medicaid data did not 

include laboratory results or vital signs, so patients with diabetes and hypertension in our 

Medicaid yearly cohorts were defined as patients with at least 2 diagnosis codes for the 

condition on or before the date of the visit starting the visit gap (defined below).

Primary Care Visit Gaps in Medicaid Data

The time between any visit billed to a primary care source and a subsequent visit billed to 

the same primary care source was defined as a visit gap. Visits with gaps of ≥6 months were 

linked to the patient enrollment data to determine whether the patient was continuously 

enrolled in Medicaid during the visit gap. If a patient was no longer enrolled during the gap, 

the length of the gap was censored at the last enrollment date. We chose a minimum period 

of 6 months because the majority of consecutive visits to a primary care provider were 

spaced ≥ 6 months apart and patients with chronic conditions require frequent visits. Patients 

could have multiple visits and visit gaps during the study period. The objective of this 

approach was to estimate the proportion of patients who had had no contact with a primary 

care provider for a specified length of time (non-utilizer) from those who had actually 

changed their primary care provider in that time interval (attrition).

Primary Care Provider Change

To estimate the likelihood of a patient with a visit gap sought care elsewhere, visit gaps from 

patients from Medicaid data were linked to patient dates of primary care visits from other 

primary care sources. This linkage was done to determine the date at which the patient 

changed their source of primary care (defined as the date of the first primary care visit billed 

by a different primary care source that was not followed by a return to the primary care 

source that billed the visit starting the visit gap). Patients who changed providers early in a 

gap (ie, in the first 6 mo after their last visit) were included in the proportion who changed in 

subsequent time intervals (12, 18, 24, 30, and 36 mo) if patient enrollment continued.

Statistical Analysis

We describe demographic characteristics of the entire study population and our diabetes or 

hypertension subpopulations for both the ADVANCE EHR and Medicaid data. We report 

counts and percentages for all groups with regard to attrition.

To determine the probability of a patient permanently changing primary care provider source 

as a function of time since the patient’s last visit, we used Medicaid data. We subdivided the 

gaps into periods of 6 months and assessed whether or not the patient switched to another 

provider before the end of each 6-month period in the gap. Once a patient changed primary 

care providers, this change was carried forward into any remaining periods in the gap (eg, a 

patient who changed providers 15 mo after the visit that started the gap would be recorded as 

not having changed at 6 mo and 12 mo but would be recorded as having changed at 18 mo 

and at all subsequent 6-mo intervals). The probability of provider change was modeled 

separately for each patient cohort and time interval (6, 12, 18, 24, 30, and 36 mo). As 

patients could have multiple gaps of 6 months or more between visits resulting in multiple 

observations per patient within each analysis, we used generalized estimating equation 
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(GEE) logistic regression to account for within-patient correlation using a robust sandwich 

variance estimator. GEE models included primary care provider type, cohort year, and the 

interaction term between those 2 terms. Odds ratios from GEE logistic models were 

transformed to estimate predicted probabilities of provider change. Analyses were conducted 

in Stata version 14.2 and SAS enterprise v.7.15.

RESULTS

Demographic Characteristics

Among the 827,657 patients in the study sample, the mean age was 39 (SD: 13 y), 58% were 

female, 41% non-Hispanic white, and 29% Hispanic/Latino. The vast majority (80%) of 

patients spoke English as their primary language. Over 70% had a household income ≤ 

138% of the federal poverty level (the ACA Medicaid expansion eligibility limit) at their last 

visit, and the majority resided in an urban area (Table 1). Almost half of all patients (48%) 

had public health insurance at some point during their observation period, while nearly 30% 

were always uninsured. Among the Medicaid enrollees, characteristics were similar to 

patients in the community health center EHR data, except for the racial/ethnicity distribution 

(Medicaid enrollees were more likely to be non-Hispanic whites). Demographic 

characteristics for patients with diabetes and hypertension were similar to that of the overall 

population and are reported in Appendix Table 1 (Supplemental Digital Content 1, http://

links.lww.com/MLR/B968).

Attrition Within Community Health Center Electronic Health Record Data

Overall, attrition over a 3-year period averaged 33.5%, implying that 66.5% of the patients 

had ≥ 1 subsequent visit in the next 3 years (Table 2). The attrition rates increased slightly 

between 2012 (31.8%) and 2014 cohorts (34.3%). More than half (57%) of the overall 

population returned in the year following their cohort start. For patients with diabetes or 

hypertension, the attrition rate averaged <25% (with an average 78% retention rate over 3 y). 

The attrition rate was slightly higher among those with diabetes compared with patients with 

hypertension; about 73% of patients with diabetes or hypertension had a visit in the 

subsequent year following their cohort start (Table 2).

Probability of Changing Source of Primary Care Using Medicaid Data

Overall, 64.6% of patients experienced a 6-month visit gap at some point in the 3-year time 

period. As seen in Figure 1, community health center patients were significantly less likely 

to change their source of primary care than patients in other settings. In 2012, 12% of 

community health center patients who had not been seen in their community health center 

for 6 months had permanently changed to a different primary care billing provider compared 

with 23% for noncommunity health center primary care clinics, 17% for multispecialty 

clinics, and 39% for single-primary care practice. Patients with a 36-month visit gap had a 

high probability of having changed providers, with the highest rates observed in single-

primary care practice (85%) and the lowest in community health centers (62%). Overall, the 

probability of changing providers was stable across the yearly cohorts (2012, 2013, and/or 

2014) for all care settings (Appendix Table 2, Supplemental Digital Content 2, http://

links.lww.com/MLR/B969).
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A smaller percentage of patients with diabetes (41.8%) or hypertension (41.0%) experienced 

a 6-month visit gap at some point in the 3-year period. Figure 2 displays the results for 

changing the source of primary care among patients with diabetes or hypertension for the 

2014 cohort (the results for the remaining cohorts are in Appendix Table 3, Supplemental 

Digital Content 3, http://links.lww.com/MLR/B970). Those seen in community health 

centers remained the least likely to change primary care providers. As noted above, patients 

with diabetes or hypertension were less likely to have a visit gap meeting the inclusion 

criteria. Patients with diabetes and hypertension who did have a visit gap of 6 months were 

more likely to have changed providers than patients overall. Among patients who did not 

have a visit 36 months after their last visit, 66% of community health center patients 

(diabetes or hypertension) had permanently changed compared with > 70% for 

noncommunity health center primary care clinics or for multispecialty clinics, and ≥ 80% for 

single-primary care practice.

DISCUSSION

The increasing use of EHRs in clinics and hospitals offer access to rich health and health 

care data that can be utilized for longitudinal studies. However, as EHRs were not originally 

developed for research, the extent to which these data are reliable for longitudinal studies 

was unknown. Here, we estimated attrition rates and the probability of changing primary 

care providers using the ACA natural experiment as a case study. Specifically, we assessed 

attrition rates using EHR data and the probability of patients permanently changing sources 

of care with Medicaid data. We found an attrition rate over a 3-year period in the community 

health centers’ EHR dataset of around 33%, which is similar to longitudinal studies using 

prospectively collected data.14–16 Overall, attrition was similar for each yearly cohort 

despite the introduction of the ACA, suggesting that attrition rates are likely to remain stable 

throughout a defined analysis period in the community health center setting. Contrary to 

expectation, our results did not support the assumption that patients who gained coverage 

following the ACA, sought care outside of community health centers as the attrition rates 

and the probability of changing providers remained constant over the ACA, implementation. 

In fact, the study findings suggest that low-income patients receiving care in community 

health centers are more likely to remain in these health centers than patients who sought care 

in other primary care sources initially. In addition, it is not likely that community health 

center patients without an observed follow-up visit re-established care elsewhere given 

results from Medicaid data analyses showing that community health center patients are less 

likely to permanently change their source of care compared with patients in other settings. In 

other words, it cannot be assumed that patients missing from subsequent years in a 

community health center EHR dataset changed providers; it is probable that these 

underserved patients are not seeking/receiving health care at all. This is probably because 

noncommunity health center settings are less likely to accept patients with Medicaid 

coverage or those who are uninsured than community health centers.

This study demonstrated that the health status of individual patients or cohorts should be 

considered in the study planning and analytic phase of EHR-based longitudinal studies as 

attrition varied by a patient’s chronic health needs. This study confirmed our hypothesis that 

attrition rates were low in community health centers and that patients with diabetes or 
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hypertension would have lower rates of attrition than the overall population, which is not 

surprising given that patients with chronic conditions require more frequent contact with 

health care professionals to manage and treat their conditions.17,18 As such, they are more 

likely to have regular ambulatory visits and maintain a usual source of primary care. Patients 

with diabetes or hypertension who had visit gaps, however, were more likely to have 

changed providers than patients without chronic conditions, suggesting that their visit gaps 

are less likely to be due to not accessing care for an extended period and more likely to be 

due to changing providers.

Overall, these findings support the use of EHR data in the longitudinal design such as those 

described in this case study. These findings also highlight that attrition in EHR-based studies 

is nontrivial and researchers should plan to address attrition bias in their analytic protocols 

using common statistical methods including, but not limited to descriptively comparing 

those who left to those who remained in the system, inverse probability weighting methods,
19 full-information maximum likelihood,20 and/or multiple imputations.21 Future research is 

needed to compare which of these methods would be most effective in reducing attrition bias 

in EHR data.

This study has some limitations. Our EHR data were derived from community health centers 

and thus the attrition rate may be different in other settings as suggested by the Medicaid 

data. Although our EHR-only analyses spanned 20 US states, our Medicaid data analyses are 

from 1 state and results may not generalizable to other states as Medicaid eligibility and the 

provider mix available to patients with Medicaid varies by state. In addition, mortality data 

were not available so we do not know the proportion of the attrition rate due to patient death. 

Future research is needed to confirm EHR attrition estimates in other primary care settings 

and with taking mortality into account. Extensions to this work could also examine attrition 

patterns across different age groups, disease cohorts, and insurance type.

CONCLUSIONS

This study demonstrates the use of the EHR dataset is a reliable source of data to support 

longitudinal studies while highlighting variability in attrition by primary care source and 

chronic conditions. Our EHR data analyses suggest that community health center patient 

attrition rates average 33% and about 67% of patients had ≥ 1 returning visit within a 3-year 

period. Although these attrition rates vary by clinic location and patient chronic health 

needs, they appear stable over time. Findings from our analyses utilizing Medicaid data 

suggest that only a minority of community health center patients without an observed 

follow-up visit changed primary care providers and that community health center attrition 

rates may be largely due to patients not seeking regular care, especially among patients 

without documented chronic health conditions.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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FIGURE 1. 
Percent of primary care (PC) patients who changed PC provider by time elapsed since their 

visit to their last provider, stratified by year cohort. The percent of patients who changed 

provider was modeled using generalized estimating equation (GEE) logistic regression. As 

patients could have multiple gaps at a specified length (multiple gaps of 6 mo or more 

between visits resulting in multiple observations per patient within each analysis), we used 

GEE models to account for within-patient correlation using a robust sandwich variance 

estimator. GEE models included PC provider type, cohort year, and the interaction term 

between those 2 terms. Odds ratios from GEE logistic models were transformed to estimate 

predicted probabilities of provider change has occurred. Models were stratified by the year 

in which the PC visit starting the time interval occurred.
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FIGURE 2. 
Percent of PC patients in the 2014 cohort changed their PC provider by time elapsed since 

their visit to their last provider, stratified by disease diagnosis (diabetes or hypertension). 

The percent of patients who changed provider was modeled using GEE logistic regression. 

As patients could have multiple gaps at a specified length (multiple gaps of 6 mo or more 

between visits resulting in multiple observations per patient within each analysis), we used 

GEE models to account for within-patient correlation using a robust sandwich variance 

estimator. GEE models included PC provider type, cohort year, and the interaction term 

between those 2 terms. Odds ratios from GEE logistic models were transformed to estimate 

predicted probabilities of provider change has occurred. Models were stratified by the year 

in which the PC visit starting the time interval occurred. Patients with both diabetes and 

hypertension were included in both cohorts. Results for time intervals starting in 2014 are 

presented; results for 2012 and 2013 are included in Appendix 3 (Supplemental Digital 

Content 3, http://links.lww.com/MLR/B970). DM indicates diabetes mellitus; GEE, 

generalized estimating equation; HTN, hypertension; PC, primary care.
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TABLE 1.

Study Characteristics by Data Source

Characteristics EHR Data* Oregon Medicaid Data
†

PC provider organizations (N)

 Community health centers 76 90

 PC clinics NA 400

 Multispecialty clinics NA 56

 Single-PC practice NA 543

US States
‡

20 1

Total patients (N) 827,657 232,891

Cohorts
§
 (N)

 2012 405,351 71,666

 2013 451,970 68,943

 2014 492,549 169,026

Female [n (%)] 479,964 (58.0) 126,369 (54.3)

Age, as of January 1, 2012 [mean (SD)] 39.4 (13.1) 39.3 (12.8)

Race-ethnicity [N (%)]

 Non-Hispanic white 336,776 (40.7) 162,164 (69.6)

 Non-Hispanic black 144,982 (17.5) 8185 (3.5)

 Non-Hispanic Other 29,896 (3.6) 15,093 (6.5)

 Hispanic 241,645 (29.2) 24,649 (10.6)

 No information 74,358 (9.0) 22,800 (9.8)

Primary language [n (%)]

 English 632,174 (76.4) 176,709 (75.9)

 Spanish 161,943 (19.6) 6547 (2.8)

 Other 22,797 (2.8) 4673 (2.0)

 No information 10,743 (1.3) 44,962 (19.3)

Insurance group [n (%)]

 Some private 134,322 (16.2) NA

 Some public 397,317 (48.0) 232,891 (100)

 Some private and public 63,357 (7.7) NA

 Uninsured always 232,661 (28.1) NA

Federal poverty level
∥
 [n (%)]

 ≤ 138% 586,039 (70.8) 232,891 (100)

 > 138% 138,042 (16.7) NA

 No information 103,576 (12.5) NA

Urban/rural group
¶
 [n (%)]

 Urban area 758,822 (91.7) 214,576 (92.1)

 Rural area 65,252 (7.9) 17,958 (7.8)

 No information 3583 (0.4) 357 (0.2)

All clinics in these samples delivered PC services.
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*
Characteristics of nonpregnant, adults (age 19–64), having had at least 1 ambulatory visit in 2012, 2013, or 2014, in any of 76 community health 

centers across 20 US states, 2012–2017.

†
Patients having at least 1 claim for an office visit with a PC provider followed by a visit gap of at least 6 months while continuously enrolled. 

Cohort does not include patients with PC visits without ≥ 6 months visit gap.

‡
Alaska, California, Florida, Hawaii, Indiana, Kansas, Massachusetts, Maryland, Minnesota, Missouri, Montana, North Carolina, New Mexico, 

Nevada, Ohio, Oregon, Rhode Island, Texas, Washington, Wisconsin.

§
Cohorts are not mutually exclusive and will not sum to 100% of total patients.

∥
Last recorded federal poverty level.

¶
EHR RUCA classification code based on 2010 census tract information and patient’s most recent zip code. Medicaid RUCA classification based 

on the patient’s most recent zip code.

EHR indicates electronic health record; NA, not available; PC, primary care; RUCA, rural-urban commuting area.
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