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Abstract

Missing data, inaccuracies in medication lists,
and recording delays in electronic health records
(EHR) are major limitations for target trial em-
ulation (TTE), which uses EHR data to retro-
spectively emulate a clinical trial. EHR-based
TTE relies on recorded data that proxy actual
drug exposures and outcomes. While prior work
has proposed various methods to improve EHR
data quality, here we investigate the under-
utilized consideration that encounters with a
primary care provider (PCP) may result in
more accurate data in the EHR. Patients with
a PCP within the EHR network being stud-
ied tend to have more encounters overall and
a greater proportion of the types of encoun-
ters that yield comprehensive and up-to-date
records. By contrasting data for patients with
and without a PCP in the considered EHR net-
work, we demonstrate how PCP status affects
EHR data quality. Through a case study, we
then empirically examine the impact on TTE
of including a PCP status feature either in the
propensity score and outcome models or as an
eligibility criterion for cohort selection, versus
ignoring it. Specifically, we compare the esti-
mated effects of two first-line antidiabetic drug
classes on the onset of Alzheimer’s Disease and
Related Dementias. We find that the estimated
treatment effect is sensitive to the considera-
tion of PCP status, particularly when used as
an eligibility criterion. Our work suggests that
further researching the role of PCP status may
improve the design of pragmatic trials.

© M. Sunog, C. Magdamo, M.-L. Charpignon & M. Albers.

Data and Code Availability The study
uses EHR data from the Research Patient
Data Registry (Nalichowski et al., 2007), so-
cial vulnerability index (SVI) data from the
Agency for Toxic Substances and Disease Registry
(https://www.atsdr.cdc.gov/placeandhealth /svi),
and Massachusetts death records from the Registry
of Vital Records and Statistics. Because the data
contain patient information, they cannot be made
available.

Institutional Review Board (IRB) This re-
search was performed under MGB IRB approval (pro-
tocol 2023P000604).

1. Introduction

The widespread adoption of electronic health records
(EHR) to collect healthcare information has gener-
ated large stores of structured data. Through the
target trial emulation (TTE) framework, these data
can be used to emulate otherwise infeasible studies
when traditional randomized controlled trials (RCT)
are prohibited due to ethical reasons, inability to re-
cruit participants, or the extensive duration required
for the trial. For example, RCTs examining the on-
set of Alzheimer’s Disease and Related Dementias
(ADRD) are infeasible because of the extended pre-
clinical phase of the disease, which can last fifteen
years or more (Bateman et al., 2012). However, EHR-
based TTE makes testing drug repurposing hypothe-
ses related to ADRD onset possible; one such study
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found a protective effect of initiating the antidiabetic
drug metformin vs. sulfonylureas on incident ADRD
(Charpignon et al., 2022).

In EHR-based TTE, patients are enrolled based on
records of treatment initiation. Further, their follow-
up and censoring times are derived from records of an
outcome or last visit. Because these are indirect ob-
servations, the estimated risk of disease (e.g., ADRD
onset) is that of an outcome being recorded (e.g., hav-
ing an ADRD diagnosis), given the recorded treat-
ment(s). Investigators often implicitly assume that
the estimated risk reflects the risk that relates the ac-
tual treatment assignment to the actual outcome; for
instance, the result that patients with an initial pre-
scription record of metformin (versus sulfonylureas)
have a lower risk of recorded ADRD onset suggests
that patients who actually initiate metformin versus
sulfonylureas similarly have a lower risk of developing
ADRD.

Under the premise that recorded data reflect ac-
tual treatments and outcomes, studies have addressed
some methodological limitations. For example, em-
ulated trials can reduce confounding through inverse
propensity of treatment weighting (IPTW), a process
in which a model is trained to estimate the probabil-
ity that a patient receives a certain treatment (Rosen-
baum and Rubin, 1983). Using this model, scores are
estimated for each patient’s propensity of receiving
their treatment, and they are assigned case weights
for outcome modeling based inversely related to those
scores. This method balances the treatment arms
for measured confounders, thereby removing their im-
pact on the estimated effect of the treatment itself.
Additionally, TTEs can account for competing risks
to the primary outcome (e.g., death before developing
ADRD). Without considering the competing risk of
death, patients who die are treated like patients who
are lost to follow-up even though those who die can-
not eventually develop the primary outcome, while
the latter can. In trials where treatment arms have
different mortality rates, treating death as a compet-
ing risk can reduce the bias of risk estimates for the
primary outcome (Andersen et al., 1993).

While valuable, these methods do not address the
strong assumption that EHR data accurately reflect
events that occur in nature. In fact, they often rely
heavily on the accuracy of recorded data; just as up-
to-date death records are necessary to account for
the competing risk of death, IPTW requires compre-
hensive records to appropriately define confounders.
Therefore, accurate and timely records are needed to

interpret EHR-based TTE findings, learn about the
real-world effectiveness of candidate treatment strate-
gies, and ultimately inform clinical decisions, such
as switching a patient’s treatment to metformin in
light of the drug’s estimated protective effect against
ADRD. Unfortunately, missed or unrecorded diag-
noses, inaccurate drug lists, and severe delays in di-
agnosis recording are common. As a result, EHR-
based phenotyping often lacks sensitivity: a meta-
review of algorithms used to detect dementia in EHR
data found that their sensitivity ranged from 8% to
79% when compared to expert clinical evaluation or
chart review (Walling et al., 2023). While generally
problematic, missingness in EHR data can even more
detrimentally affect patients in minority groups or
with lower socioeconomic status, as they are more
likely to have missing records (Getzen et al., 2023).

To address this limitation, other approaches must
be employed to improve EHR data quality. Principal
factors associated with higher quality EHR data are
1) many recorded encounters, 2) types of procedures
that inform thorough medical records (taking patient
history, running regular screens, etc.), and 3) inter-
actions with a provider who actively inputs records
into the EHR (Verheij et al., 2018). Given these con-
ditions, one under-utilized metric to identify patients
with high-quality data is whether they see a Primary
Care Physician (PCP) within the EHR’s healthcare
system. At annual wellness visits, PCPs are likely to
document a complete review and comprehensive his-
tory of their patients, and to update their EHR Sleath
et al. (1999), and patients often regularly visit their
PCP regardless of their health. These important vis-
its are only recorded in the EHR used by the PCP,
so in locations where patients have access to clinics
within several EHR networks, the effect on a patient’s
data quality in a specific EHR is dependent on their
PCP practicing in that network. Therefore, we pro-
pose the use of carefully selected indications that a
patient has an internal PCP encounter to improve
records by 1) increasing the likelihood that patients
in the cohort have enough visits to allow for a thor-
ough history and follow-up during the study period,
and 2) ensuring that these patients have the types
of visits that materialize accurate medical records in
the EHR. While prior work has utilized the total level
of healthcare utilization in EHR-based TTE (Gold-
stein et al., 2016), this study adds a complementary
method that crucially accounts for the types of en-
counters.
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In this study, we 1) developed a definition of hav-
ing an internal PCP by mining the EHR, 2) demon-
strated that the quality of data recording in the EHR
was higher among patients that have an internal PCP,
and 3) explored the effects on TTE results of using
internal PCP status as a feature in propensity score
and outcome modeling, or as an eligibility criterion.

2. Methods

2.1. Identifying patients with an internal
PCP

Service Line Procedure
10,592 (61.9%) 10,592 (23.5%)
548

6,375 (3.2%) 969
37.3% _— - 57%

944
(5.5%)

2,725
(15.9%)

1,557
(9.1%)

3,994
(23.3%)

Reason-for-Visit
7,892 (46.1%)

Figure 1: Venn diagram summarizing the number of patients
by type of PCP indication (i.e., procedure, service line, and
reason-for-visit) present in their EHR prior to their first an-
tidiabetic prescription. Percentages are calculated out of the
17,112 patients with any PCP indication prior to their first
antidiabetic prescription. Percentages of patients with each
specific indication out of those with any indication are pro-
vided under each label. The percentage of patients with each

specific combination of indications are provided in the circles.

We identified three useful types of PCP indications
present in our EHR system, the Research Patient
Data Registry (RPDR): 1) procedure codes associ-
ated with primary care visits (e.g., annual wellness
exams); 2) encounters under the ‘Primary Care’ ser-

vice line, a categorization for visits performed by a
PCP; and 3) encounters with ‘Annual Wellness Visit’
as the listed reason-for-visit (a code attached to en-
counters logged in Epic). Using these three types of,
we defined a composite metric: a patient was assigned
a positive PCP status if they had at least one such
indication before treatment initiation, and a negative
PCP status otherwise.

2.2. Evaluating the quality of baseline
covariate data by PCP status

In our cohort of patients with type 2 diabetes (T2D),
individuals who met the internal PCP definition had
higher healthcare utilization and recorded prevalence
rates of various diseases than those who did not (Ta-
ble 1). Although the large disparity between PCP
and no-PCP patients in the total number of visits
before baseline owes in part to their longer medical
history in the EHR network, the difference in the
number of visits in the year before baseline reveals
that PCP patients also have a higher rate of encoun-
ters.

When comparing the comorbidity distribution of
our cohort with that of adults diagnosed with T2D
in prior observational studies using well-phenotyped
medical histories, we found a better alignment be-
tween the prevalence rates in PCP group and those
reported in the literature; the no-PCP group had con-
sistently lower prevalence rates. For instance, while
Mamillapalli et al. (2019) found that 10%-20% of pa-
tients with T2D also suffered from chronic obstruc-
tive pulmonary disease (COPD), the PCP and no-
PCP groups had prevalence rates of 5.6% and 2.9%,
respectively. Similarly, 49.1% of T2D patients were
found to have obesity (Nguyen et al., 2010); our PCP
and no-PCP groups have obesity prevalence rates of
55.9% and 20.6%, respectively (Table 1). Although
the populations captured in prior studies do not ex-
actly match our cohort, the better alignment with the
PCP group suggests that patients with an internal
PCP have a more complete EHR than those without.
In our real-world data applications, these covariates
are used to balance treatment arms through IPTW,
so their accuracy is critical to estimate causal effects
with limited bias.

Although the lower diagnosis rates among patients
without a PCP may be caused by missing records,
they could also reflect actual population differences.
This possibility raises a challenge; patients who re-
ceive a given diagnosis but have no corresponding
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Table 1: Summary statistics, comparing patients with (PCP)
and without (No-PCP) a record indicative of an internal pri-
mary care provider prior to baseline. Covariates are measured
at baseline, the date of the patient’s first prescription of met-
formin or a sulfonylurea. Outcomes of ADRD and death are
prevalences after baseline. For age, social vulnerability scores
(SVS), and visit metrics, means are reported with standard
deviations. For sex, education (ed) levels, and covariate diag-

noses (Dx), percentage values are reported.

Feature No-PCP PCP
Number of Patients 37,526 17,112
ADRD outcome 5.7% 5.0%
Death outcome 21.1% 9.8%

Age at Baseline 66.6 (9.7)  64.5 (8.9)
Sex Female 49.9% 53.4%

Ed. Secondary 31.8% 36.6%

Ed. College 35.2% 39.1%

Ed. Graduate 7.5% 8.6%

Ed. Missing 25.5% 15.7%
Socioeconomic SVS  0.32 (.21)  0.36 (.24)
Home Life SVS 0.44 (20)  0.47 (.21)
Racial/Ethnic VS~ 0.41 (:21)  0.48 (.23)
Housing SVS 0.50 (.18)  0.54 (.18)
Hypertension Dx 56% 81%
Stroke Dx 4.1% 6.5%
Cancer Dx 29.8% 38.7%
COPD Dx 2.9% 5.6%
Overweight Dx 3.9% 22.1%
Obesity Dx 20.6% 55.9%
CVD Dx 17.0% 25.6%
HbAlc Missing 57.5% 8.1%
HbAlc Reference 3.6% 7.0%
HbAlc Prediabetes 11.8% 29.3%
HbAlc Diabetes 27.1% 55.7%

BP Missing 80.4% 32.9%

BP Reference 8.4% 31.8%

BP Hypertension 1 4.6% 17.8%

BP Hypertension 2 6.7% 17.5%
Total Visits 33.8 (50.3) 128.2 (123.0)
Visits 6.2 (11.1) 17.3 (17.1)
Outpatient Visits 27.8 (44.2) 1164 (115.3)
Outpatient Visits 5.3 (10.2)  16.6 (16.7)
Years in EHR 15.9 (7.4) 20,5 (7.7)

record in the EHR are often indistinguishable from
patients who did not receive that diagnosis. Fortu-
nately, measurements such as HbAlc and blood pres-
sure, as well as certain demographic characteristics

such as educational attainment, can be specifically
listed as missing (i.e. never captured in the EHR).
In these cases, we can investigate whether differen-
tial rates are most likely caused by missingness or by
population differences.

When restricting to patients without missing ed-
ucational attainment records, the percentages of pa-
tients within each level were similar in the No-PCP
vs. PCP group: 42.7% vs. 43.4% have secondary
education, 47.2% vs. 46.4% have college education,
and 10.1% vs. 10.2% have graduate education. Non-
missing HbAlc levels were less aligned, but similar:
8.5% vs. 7.6% had normal levels, 27.8% vs. 31.8%
had prediabetic levels, and 63.8% vs. 60.5% have di-
abetic levels. Notably, more than half of No-PCP
patients have no recorded HbAlc value prior to re-
ceiving an antidiabetic prescription, though HbAlc
tests are typically ordered for the diagnosis and man-
agement of diabetes. With blood pressure, the dif-
ferences were more apparent: 42.6% vs 47.4% had
normal blood pressure, 23.4% vs. 26.5% had stage
one hypertension, and 34.0% vs. 26.1% had stage
two hypertension.

These comparisons cannot confirm whether the
populations are actually aligned along these features,
as the patients with missing values may be skewed
differently (a particularly important consideration for
blood pressure because 80.4% of No-PCP patients
have no records). However, the much closer align-
ment between the PCP and No-PCP groups when
restricting to patients with non-missing values does
suggest that the disparities with respect to other fea-
tures may largely owe to missingness.

2.3. Evaluating the quality of outcome
ascertainment data

To investigate the disparity in mortality rate be-
tween PCP and no-PCP patients, we compared death
records in the EHR with those provided by the Mas-
sachusetts (MA) department of public health, an
accurate and complete source of information about
deaths that occurred in the state in 2014-2024. In
TTE applications, we use the state death registry to
offset missingness caused by reporting delays affect-
ing EHR data, which are common for deaths that oc-
cured within the last three years. Here, we restricted
our evaluation to death events that occurred between
2014-2021 to avoid the effect of these delays. Using 5
features (first name, last name, birth date, sex, and
zip code of residence), we matched patients in our co-
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hort who had an MA zip code to records in the state
death registry. Among the 632, 422 records present in
the death registry, there was only a single collision on
this combination of features. Thus, we considered any
complete match with the EHR, cohort highly likely to
be a valid match.

Among the 3,638 patients in our cohort with likely
valid matches, 42.9% of no-PCP patients and 25.6%
of PCP patients had no corresponding death record
in the EHR. Given the strong matching criteria and
comprehensiveness of the state death registry, these
discrepancies mostly likely result from missing EHR
death records. The pronounced dissimilarity between
the PCP and No-PCP groups reinforces our hypoth-
esis that PCP patients have fewer missing records in
general. While the elevated missingness among No-
PCP patients may have a variety of causes, our anal-
ysis suggests that PCP status is a strong proxy for
the probability of having accurate death records in
the EHR.

To evaluate PCP status against other healthcare
utilization metrics that could be used to improve the
quality of EHR data, we repeated the matching pro-
cess using cohorts restricted to patients in the top
quartile and decile of the number of visits they had
prior to antidiabetic prescription (baseline). We con-
sidered five types of visits: outpatient, inpatient, spe-
cialist, emergency, and all. We found that using all
visits generally led to the best data quality, so we
chose this metric as the main comparator (results for
other metrics are presented in Appendices G and H).
We constructed cohorts using the 75" (Visits7s) and
90" (Visitsgg) percentiles of this metric (calculated
on the original, unfiltered cohort) as cutofls, resulting
in cohort sizes of 29,160 for Visits7s and 12,891 for
Visitsgg.

In Visitsys and Visitsgg, 31.4% and 25.4% of pa-
tients with likely valid matches in the state registry
were missing a corresponding EHR death record,
respectively.  In this experiment, Visitsgg had
marginally less missingness than the PCP cohort, but
notably was 25% smaller. Owverall, using the total
number of visits as the primary healthcare utilization
metric appears to reduce data missingness similarly
to the application of the PCP criterion.

Despite having fewer missing death records, PCP
patients have less than half the mortality rate (as cal-
culated by the EHR records) of no-PCP patients. In
fact, when MA death records are incorporated, PCP
patients consistently have a much lower age-and-sex-
specific mortality rate than no-PCP patients. By
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Figure 2: Age-specific mortality rate per 1,000 person-years

among PCP vs. no-PCP patients, stratified by sex. Sex-
specific trend lines in black correspond to official US census

mortality rates in MA (Arias, 2022).

comparing these age-and-sex-specific mortality rates
to those in the publicly available U.S. Census life ta-
bles for the entire MA population (Arias, 2022), we
found that PCP patients aligned very closely with
the published data, while the no-PCP patients at
every age had roughly twice the death rate (Fig-
ure 2). To quantify the alignment, we compared the
mean squared error (MSE) of the recorded mortal-
ity rates, weighted by the number of person-years of
recorded time at that age among the population. The
PCP population mortality rates had an MSE of 1.3
deaths per 1,000 person-years vs. 8.1 deaths per 1,000
person-years for the No-PCP group.

The MA death records should not be affected by
PCP status or healthcare utilization, so the dispar-
ity is not a result of data quality difference. In-
stead, it demonstrates an actual elevated mortality
rate among patients with hospital records but no in-
ternal PCP, which is expected because patients re-
ceiving tertiary care are likely have more severe illness
relative to those receiving primary care. Therefore,
a potential advantage of selecting only patients with
an internal PCP is that their overall health is more
representative of the general population.

In Visitsys, the MSE was 4.9 deaths per 1,000
person-years, a significantly weaker alignment than in
the PCP cohort. Notably, in Visitsgy, the MSE was
6.2 deaths per 1,000 person-years, revealing worse
alignment with stricter filtering. The error in both
cohorts are from consistently elevated mortality rates,
which may be caused by the selection on patients who
frequently visit the hospital, and therefore are likely
to have more severe illness (Figure 3). This illustrates
a disadvantage of using number of visits as a health-
care metric, as it can potentially induce a selection
bias on particularly ill patients.
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Medicare claims data (Olfson et al., 2021).

In addition to all-cause mortality outcomes, we
compared the PCP and no-PCP patient groups with
respect to their ADRD outcomes. To that end, we
used as our reference a study reporting age-specific
incident ADRD diagnosis rate (as defined by the CMS
Chronic Condition Warehouse algorithm) per person-
year estimated from Medicare claims data for over 8
million patients across the US (Olfson et al., 2021).
Our cohort differs from the overall Medicare popu-
lation both because every patient in the cohort is
diabetic, and in demographics such as race, ethnic-
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person-years comparing patients with the top quartile vs. top
decile of visits prior to antidiabetic prescription. Black trend
line is constructed by interpolating data extracted from a fig-
ure reported in a study of over eight-million patients using
Medicare claims data (Olfson et al., 2021).

ity, and social vulnerability. Still, we expect that a
replication of their methodology using the same set
of diagnosis codes should result in similar incidence
rates, provided that detection, diagnosis, and record-
ing practices aligned.

For ages up to 75, both of the PCP and no-PCP
groups aligned well with the reference study. Above
75 — when ADRD incidence is most common and
alignment most critical — the PCP group had inci-
dence rates similar to the reference study, while the
no-PCP group consistently had roughly 40% lower in-
cidence rates than the reference (Figure 4), suggest-
ing that ADRD detection and diagnosis recording is
improved among PCP patients, and that no-PCP pa-
tients are more likely to have missing ADRD records.

The PCP cohort had a weighted MSE of 1.0 ADRD
diagnoses per 1,000 person-years, compared to 8.7
for the no-PCP cohort, 1.5 for Visitsys, and 1.4 for
Visitsgy. Although this alignment can be impacted
by population differences, ADRD diagnosis coding
has particularly high missingness in the EHR, so data
quality plays a large role. In this case, the alternative
healthcare utilization metrics provide nearly as much
alignment to the PCP criterion.

In an RCT with ADRD as the primary outcome,
outcomes are generally observed at regular screenings
and ascribed to the date of the screening. Although
patients may develop ADRD at any point between
screenings, the consistent screening schedule ensures
that the delay between the incidence of an outcome
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and its ascertainment is independent of the treatment
arm. Furthermore, by selecting a sufficient screening
frequency, the variance caused by the ascertainment
delay is minimized.

Because emulating a target trial relies on past
healthcare encounters as retrospective screening op-
portunities, there cannot be a pre-specified schedule
common to all patients. Still, by using metrics as-
sociated with healthcare utilization in the eligibility
criteria and/or propensity score and outcome mod-
els, an emulated target trial can induce a group of
patients with improved frequency and balance across
treatment arms of visits when their medical records
are accurately updated. To evaluate the effect of the
PCP criterion on the frequency of these informative
visits, we first compared the visit frequency of the
PCP vs. no-PCP patients, and then examined the
value of information added to their EHR at those
visits.

For each patient, we quantified the frequency of
their visits using the longest continuous time dur-
ing which the patient did not have a 4-month period
without any encounters (LCTy) (Figure 6). This met-
ric was chosen to reflect a patient’s longest period
of uninterrupted care: during this period, ADRD-
related outcomes have an opportunity to be recorded
within 4 months of symptom manifestation, so ascer-
tainment delays should be similar to those in a clinical
trial. We reasoned that 4 months was appropriate be-
cause all patients in the cohort have T2D, a chronic
disease that generally requires routine follow-up vis-
its every 3 months for prescription renewal. Addi-
tionally, sensitivity analyses using other time spans
ranging from 1 to 24 months yielded similar results.
On average, PCP patients had an LCTy of 5.4 years

@
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Figure 7: Percentages of the top twenty incident ADRD di-
agnoses categorized by five classes, grouped by PCP status
before baseline. The first two are considered mild, and may

suggest earlier recognition of ADRD.

(25%-75% IQR 2.4 - 7.2), while no-PCP patients
had an LCT} of only 2.4 years (25%-75% IQR .53
- 3.3). Of note, the average timespan between the
patient’s first EHR record and their most recent one
was greater in the PCP vs. no-PCP group (20.5 yrs
vs. 15.9 yrs), but the pronounced difference in LCTy
held true even after accounting for differences in EHR
entry dates by comparing patients whose first record
in the EHR is in the same year.

It is challenging to gauge the chance than an
ADRD outcome is assessed and recorded at a given
visit without a carefully validated dataset. To ad-
dress this limitation, we developed a proxy method
that relies on disease progression. Patients with mild
ADRD who subsequently develop moderate or severe
AD generally progress in 3-4 years (Vermunt et al.,
2019), so patients with a diagnosis of moderate or
severe ADRD (and visits during the previous year)
are likely to also have a diagnosis of mild ADRD,
as there were opportunities in prior visits for assess-
ments of their cognitive function. Therefore, if a
patient in our cohort has a dementia diagnosis and
healthcare encounters in the year beforehand, their
chance for outcome ascertainment through the visit
process can be roughly assessed by whether they have
a prior diagnosis of memory loss or mild cognitive im-
pairment (MCI) in their record. Among the 236,025
patients that meet these criteria in our unfiltered co-
hort, 30.3% of patients in the PCP group have a di-
agnosis of memory loss or MCI before receiving an
ADRD-related diagnosis; in contrast, only 17.8% of
patients in the no-PCP group have such a record.

Beyond the stark difference between the PCP and
no-PCP groups, the percentage of patients with
records of both disease stages remains low overall.
Because many patients receive only a single ADRD
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diagnosis, we use a broad set of codes to define the
outcome of ADRD (including both MCI and ad-
vanced dementias, which reflect different clinical dis-
ease stages). While this composite definition im-
proves the capture of ADRD outcomes, it may affect
the estimation of treatment effects if there is a dis-
parity between treatment arms in the stage of ADRD
at which the outcome is first recorded. Among pa-
tients with ADRD outcomes, far more PCP patients’
outcomes are recorded first with a memory loss or an
MCI diagnosis (Figure 7), revealing another disparity
that necessitates addressing PCP status.

2.4. Methods of utilizing the PCP indication

To investigate the sensitivity of TTE results to the
approach used to handle the PCP indication, we
replicated the prior metformin vs. sulfonylureas em-
ulation. In the original study, 13,191 participants
from the MGB EHR with incident antidiabetic pre-
scriptions between January 2007 and September 2018
were selected. From this cohort, patients were ex-
cluded if they were younger than 50 at baseline, ini-
tiated antidiabetic polytherapy, had no visits in the
18 months before baseline, had an ADRD indication
prior to baseline, or had chronic kidney disease (a
contraindication for metformin). The covariates used
in the propensity model are listed in appendix B.2.

In addition to a baseline strategy ignoring PCP
indications (B), we tested two sensitivity analyses
comparing methods of using the PCP indication to
increase data quality: a modeling strategy adding
a PCP covariate in the propensity model (M), and
an exclusion strategy requiring a PCP indication for
inclusion in the cohort (E). To compare these strate-
gies to another proposed healthcare utilization metric
(Goldstein et al., 2016), we also tested two strategies
where the number of visits a patient had prior to base-
line was added as a feature in the propensity score
and outcome models. In the Visits (V) strategy, there
was no usage of the PCP inclusion criterion, and in
the Visits-Exclusion (V-E) strategy, the visits model-
ing feature was used with the PCP inclusion criterion.
Aside from the use of these indications, our study
diverged from the original methodology by includ-
ing data through April 2024. (B), (M), and (V) had
a cohort of N=>54,638 (46,714 metformin, 7,924 sul-
fonylureas) and (E) and (V-E) had N=17,112 (15,904
metformin, 1,208 sulfonylureas). Although we didn’t
perform a power analysis, all of our cohorts were
larger than that of the original study.

The PCP strategy was evaluated across these five
methodologies by comparing the hazard ratio (HR)
obtained from a Cox proportional hazards model, and
cumulative incidence functions (CIF) that account for
the competing risk of death (Getzen et al., 2023).

3. Results

We found that the HR estimates for the effect of ini-
tiating metformin were similar in (B) and (M): .87
(95% CIL: .78 - .96, p=.006) and .85 (95% CI. .77 -
.95, p=.003), respectively (Figure 8). In (E), the HR
estimate was .76 (95% CI: .61 - .95, p=.016), with an
expected increase in confidence interval width, given
the much smaller cohort size after selecting on the
PCP indication. However, across 5,000 random sam-
plings of 15,910 metformin initiators and 1,208 sul-
fonylureas initiators from (B), only 19 had a CI width
as small as (E). Therefore, there is less of an increase
in confidence interval width in (E) than expected,
suggesting that the exclusion of no-PCP patients may
reduce some noise.

Although the goal of the PCP feature is to improve
the model’s reflection of a real-world effect and not
specifically to increase model performance, we note
that the concordance indices are highest in (E) for
both the ADRD (.73 vs. .72 in B and M) and ACM
(.78 vs. .76 in B and M) models. The stronger effect
in (E), which is outside the confidence intervals of ev-
ery experiment without the PCP exclusion criterion,
may be due to reducing confounding by eliminating
patients with less complete and accurate EHR data.
That being said, the confidence intervals across all 5
experiments do overlap with each other and are al-
ways below 1, robustly supporting the positive effect
of metformin vs. sulfonylurea treatment initiation.

Variant HR (95% CI)
Base (B) 87 (78-.96) n
Modeling (M) 85 (.77-.95) | |
Exclusion (E) .76 (.61-.95) ]
Visits (V) 86 (.77-.96) ]
Visits-Exclusion (V-E) | .77 (61-.97) u
015 0‘6 0.7 08 0}9 1 1.‘1

Figure 8: Hazard ratios and 95% confidence intervals for the
estimated effect of initiating metformin vs. sulfonylureas on

ADRD incidence, estimated from Cox models.
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Figure 9: Cumulative incidence of ADRD (left) and death-
without-dementia (right) comparing the sulfonylureas (blue)

and metformin (red) arms for each strategy.

For both (V) and (V-E), the visits feature appears
to have a minimal impact. The similarity between
(B), (V) and (M) — as well as between (E) and (V-
E) — suggest that the use of an exclusion criterion
influences the estimated treatment effect more than
one additional propensity score and outcome model
feature.

To quantify the treatment effect accounting for the
competing risk of death, the risk difference across
treatment arms at ten years after baseline (RDjg)
was examined. Plots for the risk difference from 0-15
years for both death-without-dementia (D@D) and
ADRD can be found in Appendix E. With the ad-
dition of the PCP status covariate to the propensity
model, the DOD curves for the two arms are slightly
closer in (M) than (B): the RD1o of D@D were -8.0%
(95% CIL: -9.1% - -7.2%) and -9.7% (95% CI: -10.1%
- -8.8%), respectively (Figure 9). Having an internal
PCP is more common among metformin patients, so
this suggests that decreasing the weight of metformin
patients with a PCP indication mildly attenuates the
mortality survival-time effect. For the ADRD curves,
the RDg are -.29% (95% CI: -.98% - .56%) in (B) and
-.52% (95% CI: -1.3% - .34%) in (M), so the elimina-
tion of residual confounding from disproportionality
in PCP status reveals a slightly more pronounced ef-
fect of metformin (Figure 9).

In (E), the ADRD curves for both treatments in-
crease (Figure 9), which is far more likely to be the
result of higher outcome ascertainment in the entire
cohort than of a higher rate of actual cognitive decline
among patients with a PCP indication. As observed
in the Cox model, the smaller sample size results
in much larger confidence intervals. In this experi-

ment, the RD1y of D@D is -8.0% (95% CI: -10.8% -
-4.3%), a similar result as in (M). Notably, the RD1q
of ADRD is -1.4% (95% CI: -3.0% - .22%), more than
four times that found in (B).

Interestingly, the visits feature had a more notice-
able effect on the risk differences than on the hazard
ratios. In (V), the RD1o of D@D was -9.2% (95% CI:
-10.2% - -8.5%) and the RDjo of ADRD was -.65%
(95% CIL: -.15% - .01%), revealing that the inclusion
of the visits feature in the propensity score model was
more impactful on the ADRD risk — but less impact-
ful on D@D risk — than the use of the PCP feature in
the same way. In (V-E), the RDj¢ of DOD was -7.8%
(95% CI: -10.6% - -4.2%), a similar result to (E). The
RD; of ADRD was -1.5% (95% CIL: -3.2% - .13%),
the strongest risk difference found in any strategy.

Although the most influential factor overall was
the use of the PCP status in the exclusion crite-
ria, using the visits feature in modeling showcases
the possibility of using multiple strategies to account
for healthcare utilization. PCP status — being a bi-
nary variable — cannot entirely capture disparities
between patients’ data quality, and the visits fea-
ture fails to account for different types of encounters
and their distinct effects on the EHR record. Using
both features can establish a better balance in co-
variate measurement and outcome ascertainment be-
tween the two treatment arms, and the addition of
further healthcare utilization metrics may continue
to alleviate residual confounding.

As with the hazard ratios, the confidence intervals
of the RD;y produced in each strategy overlap with
each other. This supports the positive impact of met-
formin initiation, and suggests that while the use of
healthcare utilization metrics is critical for produc-
ing accurate point estimates, it is unlikely to alter
the direction of an effect.

4. Discussion

4.1. Practical Implications

We found that the patients with an internal PCP
appeared to have far less missing data across death
records, diagnosis records, and lab results. This pop-
ulation also aligned well with the general population
in age-specific mortality and ADRD incidence rates,
unlike the population of patients with records in the
EHR but no internal PCP. Given the improved data
quality and alignment with the target population, the
PCP feature is an important consideration when ex-
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ecuting an EHR-based TTE, and its use significantly
impacted the results of the metformin vs. sulfony-
lurea trial, especially when used as an eligibility cri-
terion.

The best use for the PCP feature depends on the
particular trial. Including internal PCP status in the
propensity model can eliminate confounding effects
caused by an imbalance in PCP status across treat-
ment arms. However, all healthcare utilization met-
rics are potentially affected by treatments and out-
comes, and can often act as a collider (Weiskopf et al.,
2023). Fortunately, the PCP feature should result
comparatively minimal bias, as primary care encoun-
ters are less correlated to specific medical conditions
or events (Weiskopf et al., 2023). Also, if a large
portion of the population does not have an internal
PCP, then retaining them in the cohort weakens the
assumption that the EHR records correspond well to
actual events. This reduction in confidence is decep-
tive because it will not materialize in the results as
lower significance, which measures confidence in the
signal between records regardless of their correlation
to actual events.

Using the PCP feature as an eligibility criterion
addresses this issue by removing the lower quality
data. However, as with any eligibility criterion, it re-
duces the power of the trial by diminishing the cohort
size. This filtering also potentially introduces selec-
tion bias because the internal PCP population may
be skewed across various features; for instance, pa-
tients in the US with a PCP have higher educational
attainment and socioeconomic status overall (Getzen
et al., 2023).

In our metformin vs. sulfonylurea TTE, every pa-
tient is receiving an antidiabetic prescription in the
US and is therefore almost certain to have a PCP
somewhere. In this case, the primary distinction of
the PCP cohort is that their PCP is internal to the
EHR, minimizing the potential selection bias from re-
moving patients without a PCP anywhere, which is
corroborated by the alignment between our PCP co-
hort and the general population. Additionally, the
clinics in our EHR network have many patients that
come only for tertiary care, resulting in many pa-
tients that only have data related to those specific
visits. The EHR also has thirteen million patients,
providing a large starting cohort. Therefore, we be-
lieve that the exclusion strategy is most useful for
this emulation. For other TTEs, the best use of the
PCP criterion requires a thoughtful consideration of
the full eligible population and the clinics in the EHR
network.
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4.2. Related Work

There has been a lot of work characterizing many
data quality issues. The challenge is especially preva-
lent in the context of a TTE with ADRD as the
primary outcome, given that most dementia pheno-
typing algorithms have a PPV or NPV below 70%
(Walling et al., 2023). Prior work has also reviewed
missingness in key covariates among diabetic popu-
lations; for instance, a review from February 2025
of EHR data from Spain found that 19.9% of dia-
betic patients had missing blood pressure measure-
ments and 35.4% had missing BMI records, both of
which are important features in a propensity model
(Quesada and Orozco-Beltran, 2025). The problem
of data missingness — and the detrimental impact on
TTE and observational studies using EHR, data — is
well established, and there has been an effort in the
community to ensure that studies using the EHR ad-
dress data quality directly (Haneuse et al., 2021).

Given the strong potential for using EHR data,
many methods have been proposed for handling data
quality concerns. When possible, external data can
be used to supplement healthcare records Wells et al.
(2013), a strategy we use with MA death records.
The bias caused by missing data can be minimized
through careful patient censoring Wells et al. (2013);
for example, a patient’s last encounter date should be
determined by their final completed visit to ensure
that canceled visits or phone calls are not treated
as follow-ups. For ADRD outcomes among others,
there has been work to extract data from the unstruc-
tured physician notes using large language models,
with tools such as NAT (Noori et al., 2022).

As discussed, our PCP criterion is not the only
utilization-based method to improve data quality,
and it should preferably be used in conjunction with
other methods. Our visits feature was adapted from
Goldstein et al. (2016), who used simulated and EHR
data to demonstrate that outcome adjustment on a
patient’s number of encounters in the EHR meaning-
fully changes the odds ratio between the recordings of
depression and weight loss. In the novel context of a
TTE with ADRD as the primary outcome, the visits
prior to baseline noticeably impacted risk differences
when accounting for the competing risk of death, al-
though it did not significantly affect the hazard ratio
in (V) and (V-E). In future work, we plan to investi-
gate other harmonious utilization metrics.
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4.3. Limitations

In this study, we treated the PCP feature as a binary
label. This simple representation does compress more
detailed information about the patient’s primary care
relationship; for instance, patients can have varying
levels of loyalty to their PCP, or have a specialist that
they see regularly who acts in some ways like their
PCP. In the future we would like to explore these
intricacies.

Despite the potential variation between types of
PCP relationships, having a binary representation al-
lows the PCP criterion to naturally act as an inclu-
sion criterion. While we did test features based on
a patient’s number of various types of visits, there
was no clear motivation to select a specific cutoff for
excluding patients. In our tests, we investigated cut-
offs at the quartiles in order to get a general sense of
the possible effects of each alternative healthcare uti-
lization criterion, but in any given TTE, it would be
difficult to rationalize a particular choice. Our TTE
results were highly sensitive to the cutoff: selecting
patients in the top three quartiles of visits prior to
baseline resulted in a hazard ratio of .87, but select-
ing only those in the top quartile resulted in a hazard
ratio of .77. Filtering on the number of visits prior to
baseline does improve data quality, but it necessitates
pre-specifying a reasoned cutoff parameter, unlike the
PCP criterion.

Because this study used a single EHR and cohort,
it is important to investigate the generalizability of
the results in order to more broadly evaluate the util-
ity of the PCP feature. With different populations,
the effect of PCP status may differ, so we are repli-
cating this work in a hypertensive cohort from the
same EHR. Additionally, we are exploring the use
of a similar feature in a geographically distant EHR,
where differences in demographics, clinical practices,
and EHR platforms may impact both the implemen-
tation and benefits of a PCP feature.

Countries with different healthcare systems may
not have analogs to an internal PCP, the PCP cri-
terion can still benefit collaborations between groups
working with EHRs in these countries and groups
working with EHRs in the USA. Countries with a
national healthcare system often have a closed EHR
network and patients with more regular healthcare
encounters, so selecting a cohort of patients in the
USA with the internal PCP eligibility criterion may
provide similar qualities and improve harmonization
between sites.
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While EHR data are a valuable source of informa-
tion, EHR studies are inherently unrepresentative of
the general population. A key step in working to-
wards generalizability is reporting demographic data
more comprehensively (Boyd et al., 2023), which can
be more effective when using the PCP feature. Be-
cause EHR data are disproportionately missing for
less privileged groups, the demographics of patients
with any records in the EHR differs from the demo-
graphics of patients with thorough records, so ignor-
ing the PCP criterion may obscure the latent bias.
Future work to improve data quality should further
refine the PCP criterion, such as by incorporating un-
structured provider notes in the EHR. To mitigate bi-
ases in the EHR and fully benefit from the PCP crite-
rion, studies should expand generalizability through
replications in other EHRs, and more broadly with
public efforts to promote healthcare accessibility for
marginalized groups.

4.4. Future Steps

To formulate our definition of internal PCP en-
counter, we chose indications based on a manual re-
view of the codes present in RPDR. In the future,
we would like to refine our PCP label assignment by
using a dataset of validated PCP labels to tune our
use of the available indications. We also will to inves-
tigate the unstructured physician notes, which may
be identify more patients with internal PCPs, and
thereby reduce the loss in power caused by the co-
hort reduction.

Other information within the physician notes may
decrease data missingness and improve accuracy for
all patients, and possibly change the effect of using
the PCP criterion. We hypothesize that patients with
an internal PCP would benefit most from the ad-
ditional data because their PCP’s notes specifically
are likely to contain thorough medical histories. We
plan to evaluate this idea by introducing data both
through chart reviews performed by expert clinicians
and potentially using large language models to phe-
notype text from unstructured physician notes.
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