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Abstract

Purpose—-Bias due to missing data is a major concern in electronic health record (EHR)-based
research. As part of an ongoing EHR-based study of weight change among patients treated for
depression, we conducted a survey to investigate determinants of missingness in the available
weight information and to evaluate the missing-at-random assumption.

Methods—We identified 8,345 individuals enrolled in a large EHR-based health care system
who had monotherapy treatment for depression from 04/2008-03/2010. A stratified sample of
1,153 individuals completed a detailed survey. Logistic regression was used to investigate
determinants of whether or not a patient (i) had an opportunity to be weighed at treatment
initiation (baseline) and (ii) had a weight measurement recorded. Parallel analyses were conducted
to investigate missingness during follow-up. Throughout, inverse-probability weighting was used
to adjust for the design and survey non-response. Analyses were also conducted to investigate
potential recall bias.

Results—Missingness at baseline and during follow-up was significantly associated with
numerous factors not routinely collected in the EHR including whether or not the patient had ever
chosen not to be weighed, external weight control activities, and self-reported baseline weight.
Patient attitudes about their weight and perceptions regarding the potential impact of their
depression treatment on weight were not related to missingness.

Discussion—Adopting a comprehensive strategy to investigate missingness early in the research
process gives researchers information necessary to evaluate key assumptions. While the survey
presented focuses on outcome data, the overarching strategy can be applied to any and all data
elements subject to missingness.

Introduction

Electronic health record (EHR) databases offer numerous appealing opportunities for public
health researchl-3. Relative to data obtained from a typical prospective study, EHR-based
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data contain information on a broad range of factors for large patient populations over long
timeframes in real-world settings and are relatively inexpensive to obtain*’. Nevertheless,
since EHRs are designed to support clinical and/or billing systems, their use for research
purposes requires considerable care. Among the many challenges that researchers face is the
extent to which information in the EHR is complete and accurate, and whether or not
sufficient information is available to control confounding bias®8-12,

We currently face these issues in an ongoing EHR-based comparative effectiveness study of
treatment for depression and weight change at 2 years post-treatment initiation. The setting
for the study is Group Health, a large integrated health insurance and health care delivery
system which maintains an EHR (Epic Systems Corporation of Madison, WI). Consistent
with prior studies, feasibility assessments during the planning phase indicated wide variation
in the number and timing of weight measurements in the EHR, suggesting that a substantial
number of patients would have incomplete outcome data314, In the presence of incomplete
or missing data, a naive analysis strategy is to restrict to patients with complete data. The
corresponding exclusions, however, may result in a form of bias analogous to collider or
selection bias that arises in traditional (i.e. non-EHR based) studies that actively recruit
patients1®16, To control this form of selection bias, statistical methods for missing data such
as multiple imputation” and inverse-probability weighting® can be used. The validity of
these methods, however, relies on the so-called missing at random (MAR) assumption.
Intuitively, MAR requires that all factors relevant to whether or not a patient has complete
data are observed in the EHR. In many EHR-based settings, however, researchers may have
good reason to believe that the MAR assumption does not hold. In our study, for example, a
clear violation of MAR would be if a patient's weight or recent weight change was a driving
force behind whether or not they had a primary care visit at which they could have been
weighed, or whether or not a measurement was recorded in the EHR during a visit.

When the MAR assumption does not hold, the data are said to be missing not at random
(MNAR), and statistical adjustments will fail to completely resolve selection bias.
Unfortunately, whether or not the data are MAR or MNAR is not empirically verifiable
given the EHR data alone. In practice, researchers can perform sensitivity analyses to
investigate the potential impact of the unobserved factors, although if the results are
sensitive the study may be rendered inconclusive. Arguably, the only reliable strategy for
evaluating the MAR assumption and establishing the validity of statistical adjustments for
selection bias is to perform additional primary data collection. Such data collection may
target data elements that are missing (e.g. weight in our comparative study of treatments for
depression) and/or target factors hypothesized to be related to missingness (e.g. attitudes
towards weight measurement in clinical contexts). With this philosophy in mind we
conducted a one-time telephone survey to collect additional detailed information on the
missing weight values (i.e. the response in the parent study) and reasons for incomplete data.
Here we describe the design and sampling strategy used for the survey, and also report on
results from an analysis of the survey data.
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Methods

Study Setting

Group Health (GH) provides comprehensive health care on a pre-paid basis to
approximately 600,000 individuals in Washington State and Idaho. Information on health
plan enrollment, health care use including diagnoses, procedures, pharmacy dispensings, and
laboratory values is routinely recorded in GH's electronic databases. In addition, a fully-
integrated EHR system documents all outpatient care at GH clinics since 2005.

Study Population

We identified all adults aged 18-65 years with a diagnosis of depressive disorder (ICD-9 =
296.2x, 296.3%, 311, or 300.4) who had at least one new monotherapy treatment episode
involving an antidepressant medication (defined as a dispensing for antidepressant
medication without any other antidepressant medications or psychotherapy visits) or at least
one monotherapy episode of psychotherapy (defined as occurrence of one or more
psychotherapy visits without receipt of antidepressant medications) between 04/2008 and
03/2010. Treatment episodes were considered “new” if there was no evidence of treatment
in the prior 90 days in the EHR, hence mitigating the inclusion of prevalent users.
Additional details are given in the Supplementary Materials document. For the purposes of
this study, we restricted attention to one monotherapy treatment episode for each patient.
Furthermore, polytherapy treatment episodes (i.e. = 1 antidepressant drug simultaneously or
a combination of drug and psychotherapy) were excluded because we believed that it would
be more challenging for subjects to recall specific information about treatment episodes that
involved multiple treatments.

Only subjects who were continuously enrolled in the GH system since their depression
diagnosis were included. We excluded subjects with conditions or treatments known to be
associated with significant weight fluctuations including: diagnosis of cancer, psychotic
disorders, cognitive impairment, cirrhosis, pregnancy, kidney disease requiring dialysis, and
those who had been prescribed an obesity drug treatment or undergone bariatric surgery.
Following application of these criteria, a total of N= 8,345 patients were identified and
formed the parent study sample.

Electronic Health Record Data

Demographic and enrollment information, prescription medication use, health care
encounters, and medical conditions for all eligible subjects were extracted from GH
electronic databases and the EHR. All such information between the date of treatment
initiation (referred to as “baseline” throughout) and the end of follow-up was extracted.
Height, weight, and smoking status were determined from EHR-entered data fields.

Survey — Rationale, Design and Recruitment Process

During the planning phase of the parent study, as we considered the extent of missing data in
the EHR, we defined a patient as having “complete” data if they had at least one baseline
weight measurement (taken to be any measurement in the 180 days prior to treatment
initiation) and at least one follow-up measurement (taken to be any measurement between
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treatment initiation and the end of follow-up). Among the N=8,345 patients in the study
sample, 5,630 (67.5%) patients had complete data; 2,715 patients (32.5%) had incomplete
data and, in principle, could not be directly included in primary analyses for the parent
study.

To investigate the potential for the EHR-based weight data to be MNAR, we conducted a
one-time telephone survey. The goal was to collect additional detailed information, beyond
that readily available in the EHR, on current weight and reasons for incomplete data. We
began by stratifying the N=8,345 patients into one of five weight information groups
depending on whether or not there was an opportunity to be weighed, at baseline and during
follow-up, as well as on whether or not a weight measurement was observed (see Table 1).
Each group was further stratified by treatment type, consisting of four strata: psychotherapy,
drugs a priori hypothesized to be associated with weight gain (mirtazipine and paroxetine),
drugs a priori hypothesized to be associated with weight loss (bupropion and fluoxetine),
and other antidepressant drugs.

When designing the survey, we planned to recruit 200 subjects in each of the five main
groups (1,000 total). Invitation letters were sent out in batches of 100 per week. To ensure
that certain key sub-populations were well represented in the survey, we initially targeted
patients who belonged to strata with fewer members (e.g. those prescribed either mirtazipine
or paroxetine). Since this feature of the sampling scheme was by design we were able to
adjust for it using appropriate inverse-probability weighting (see below). At the conclusion
of the survey, a total of n*=2,109 patients had been invited; n=1,153 patients responded and
completed the survey.

Survey — Data Collection

Individuals received an invitation letter with a $5 bill inviting them to participate in a brief
telephone survey and directing them how to opt out of additional contact. Those who did not
opt out were contacted by study staff, screened for eligibility, and invited to participate in
the survey. A copy of the complete instrument is provided in the Supplementary Materials.
Briefly, the survey asked all respondents to assess their current weight as well as their
recalled weight at the time of treatment initiation. The survey also asked a series of
questions regarding factors hypothesized to be relevant to observance of complete weight
data but were not measured in the EHR. These included reasons for not having had a weight
assessed in the clinical setting, changes in weight prior to and during depression treatment,
the perceived effect of treatment on weight, current depressive symptoms, weight control
practices, attitudes toward weight, use of other medications or other health conditions that
might have impacted weight, reasons for discontinuing depression treatment, and
sociodemographic characteristics.

Statistical Analysis

For characteristics observable in the EHR, we calculated frequency distributions for all
N=8,345 patients. We also calculated unadjusted and weighted distributions for all
characteristics (i.e. those in the EHR and solely available from the survey) among the
n=1,153 survey respondents. The weights, which account for the fact that the n=1,153
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survey respondents are not a random sample of the N=8,345 patients in the study sample,
consisted of two components. The first was obtained from a model for the probability of
being invited to participate in the survey, which included an indicator of which of the five
weight information groups the patient belonged to as well as treatment type, and their
interaction. Parameter estimates were obtained by fitting this model to the N=8,345 patients
in the study sample. The second component was obtained from a model for the probability
of survey response, given that the patient was invited. This model included indicators of
gender, age, smoking status over the last 9 months, depression diagnosis associated with the
treatment episode and whether the patient had a concurrent diagnosis of anxiety or a sleep
disorder. Parameter estimates were obtained by fitting this model to the n*=2,109 patients
who were invited by the survey team to participate in the survey. Given estimates from these
models, fitted values were obtained for the n=1,153 respondents; the two sets of fitted values
were multiplied and inverted to form the final weights.

To investigate completeness of weight information in the EHR, we considered four events:
(i) a primary care visit must have occurred at baseline or within the prior 180 days, (ii) if a
baseline visit occurred, a weight measurement must have been recorded, (iii) a primary care
visit must have occurred during follow-up, and (iv) if a follow-up visit occurred, a weight
measurement must have been recorded. For each of these we defined a corresponding binary
outcome of whether or not the event occurred.

For each of the four outcomes, we compared the estimated distribution of recalled BMI
among patients who experienced the event to the corresponding distribution among patients
who did not. These estimates were based on the n=1,153 survey respondents with the counts
weighted by the inverse probability of survey invitation/completion to ensure
generalizability to the full parent study sample. In addition we fit a series of logistic
regression models to investigate determinants of completeness, one for each of the four
binary outcomes. Each was fit using the n=1,153 survey respondents with estimates obtained
via inverse-probability weightingl8, again using the survey invitation/response weights.

Finally, since the survey was retrospective there was the potential for recall bias. To
investigate this we compared the observed EHR-based baseline weight with recalled
baseline weight among the 478 survey respondents with a measured baseline weight (see
Table 1). We calculated bias, defined as the absolute difference between the two measures,
as well as percent bias. Comparisons were made graphically as well as via linear regression
analyses with bias and percent bias as outcomes. For the latter, we considered all factors
available in the EHR and the survey.

Throughout, all analyses were performed in R version 3.1.1, specifically the survey package
for the weighted analyses1920, All p-values and confidence intervals were two-sided.

Among the N=8,345 patients identified in the parent study, 6,860 (82%) had had an
antidepressant drug treatment episode and 1,485 (18%) a psychotherapy episode (Table 1).
Seventy percent were female, and while 55-65 year olds were the largest age group (34%), a
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substantial portion (19%) was less than 35 years old at treatment initiation. Most diagnoses
were for a major depressive episode (52%); 8% for dysthymia and 40% for non-specific
depression. Response rates for the survey were slightly higher among those who had
complete weight data in the EHR (58%) versus those who had missing data (range,
53-55%). In models investigating survey response, responders and non-responders differed
with respect to age, sex, smoking status in the last 9 months and whether or not the patient
had a concurrent diagnosis of an anxiety disorder. Factors not strongly related to survey
response were depression diagnosis, treatment type, and availability of weight measures.

Table 2 summarizes the (weighted) distributions of factors a priori hypothesized to be
related to missingness but not available in the EHR. We see that the majority of survey
respondents were white (83%), married (62%), had at least some college education (51%),
and were employed full or part time (72%). Fifteen percent reported engagement in a
commercial weight loss program in the last 2 years; 30% reported use of meal replacement
products, and 25% the use of prescription weight-loss medications. Seventeen percent of
survey respondents reported having chosen not to be weighed during a prior clinic visit. At
the time of treatment initiation, most patients (55%) were trying to lose weight. While 18%
of respondents indicated that they believed their treatment would cause weight gain, most
(65%) indicated they believed that their treatment would cause no change in weight.

The final column of Table 2 provides estimated distributions of for all N=8,345 patients in
the study sample. That is, it provides a weighted estimate of the distribution that would have
been observed had all N=8,345 patients been invited and responded to the survey. While
many of the estimated distributions differ somewhat from those observed among the
n=1,153 survey respondents, none of the differences are dramatic.

Table 3 provides estimated unadjusted distributions of recalled baseline BMI, by each of the
four outcomes. From the first two columns, patients who had a primary care visit at baseline
generally had higher BMI than those patients who did not. In contrast, patients who had a
weight measurement recorded at baseline generally had lower BMI than patients who did
not. That is, at baseline, the missing BMI measurements were generally lower than the
observed BMI measurements. Similarly, recalled BMI values were generally lower for
patients who had at least one follow-up visit and those who had at least one follow-up
weight measurement. In each case, the difference in recalled BMI distributions between
those patients with complete data and those with incomplete data is highly statistically
significant (p < 0.001).

Table 4 reports adjusted odds ratio (OR) estimates and 95% confidence intervals (CI) from
the weighted logistic regression analyses for each of the four outcomes. From the first five
rows, we see that the suggested associations between recalled BMI and each of the four sub-
mechanisms in Table 3 are not corroborated in these adjusted analyses. While some of the
estimated ORs suggest an association, there are no clear systematic patterns with recalled
BMI and all but two of the component 95% Cls cover the null of no association. Beyond
recalled BMI, patients with antidepressant treatment were more likely than psychotherapy to
have a primary care visit (ORs ranging from 2.54-3.03 at baseline and 2.36-3.72 during
follow-up). With the exception of patients treated with mirtazapine or paroxetine (OR 3.89,
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95% CI 1.07-14.21), there was no evidence that treatment type was related to observation of
a weight measurement when a primary care visit occurred. Conversely, while female gender
did not appear to be related to whether a visit occurred, women were more likely than men
to have a weight measurement taken at any given visit (OR 2.81, 95% CI 1.59, 4.97 at
baseline; OR 4.03 95% CI 2.06, 7.91 during follow-up). Of the four outcomes, smoking
status was only associated with whether the patient had a baseline visit (OR 2.97, 95% CI
1.37, 6.45). Patients' previous refusal to have their weight taken was negatively associated
with a weight measurement being taken at both baseline and follow-up, and positively
associated with occurrence of a baseline visit. Finally, each weight control activity was
associated with having either at least one baseline primary care visit in the EHR or at least
one follow-up visit.

Figure 1 compares recalled weight at baseline with observed EHR-based measurements,
among patients with both. From the left-hand panel, we see that the two measures are highly
correlated (estimated correlation 0.97). While some patients over- or under-report weight,
the right-hand panel indicates no evidence of systematic recall bias as a function of actual
weight. As discussed in the Supplementary Materials document, linear regression analyses
of bias in recalled weight indicate little evidence of differential recall with differences either
being not statistically significant and/or small in magnitude.

Discussion

When addressing missing data in EHR-based studies and the form of selection bias it may
introduce, researchers must first make an assumption regarding whether or not the available
data are MAR and second, if necessary, perform some form of statistical adjustment. In
practice, since the MAR assumption can never be empirically verified, it is incumbent upon
researchers to critically evaluate it to the extent possible. As researchers do so, however, it
may become clear that the available EHR does not contain sufficient information. In this
case, the only reliable strategy for assessing missing data assumptions in EHR-based settings
is to conduct an internal validation study that supplements the EHR data with: (i) the
missing values themselves, and/or (ii) information on factors not available in the EHR that
are related to whether a patient has complete data. While the general strategy of collecting
additional data to inform assumptions is frequently used in assessing confounding bias or
bias due to measurement error/misclassification, we do not believe it to be common in the
missing data context. As we have shown, however, adopting such a strategy can give
important insights into the complexity of missingness in an EHR, as well as the roles of
certain covariates in determining the completeness of a patient's data.

Moving beyond the specific context of this study, a key question is: how should researchers
design and conduct their own surveys? Although this is likely to be a complex methodologic
challenge, we believe that important lessons can be drawn from our experience with the
current survey. Before discussing these, it is useful to consider some limitations specific to
our survey. First, to investigate missingness during follow-up, we considered any post-
baseline measurement(s) regardless of when they occurred. This was done because, although
not reported here, the analyses for the parent study are inclusive in the sense of taking full
advantage of as much of the available follow-up weight data as possible. Second, to simplify
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the survey we focused on querying baseline factors. As such we did not query patients about
different time points (e.g. how their perceptions changed over time), although such
information would likely enhance our understanding of missingness. Third, the focus of the
survey was missingness in the outcome for the parent study (i.e. weight data). While
missingness in other covariates for the parent study was minimal, this will clearly not be the
case for all EHR-based studies. Fourth, we did not collect information on a number of
factors that could influence missingness including whether the patient had a diagnosis of an
eating disorder. This likely limits the interpretation of the substantive results, specifically
Tables 2 and 4, although not the overarching strategy. Finally, although we found little
evidence of systematic differences between the weight measurements observed in the EHR
and recalled values of these weights, we cannot completely rule out the possibility of recall
bias.

Considering the aforementioned issues suggests the following recommendations for
designing surveys meant to uncover missingness mechanisms. Critical at the outset is
developing a framework that outlines the sub-mechanisms that could result in a patient
having incomplete data in the EHR and their interplay. In addition to the mechanisms we
consider, these could include whether clinical practice standards changed and whether a
patient remained continuously enrolled in the health plan, received health care outside the
EHR catchment, or died. Second, researchers may need to consider many of these
mechanisms at multiple, specific time points. Decisions regarding which time points to
consider will be closely related to the design of the parent study (e.g. cross-sectional vs.
longitudinal) as well as the nature of the missing data (e.g. the EHR data may be complete at
baseline but not during follow-up). Third, researchers need to accommaodate the possibility
that different sub-mechanisms are driven by different sets of factors, for which both their
values at the time under consideration and their history may be of interest. Towards this, the
directed acyclic graph framework of Hernan et al® could be used to ensure that all variables
thought to be relevant to missingness are included. Fourth, by their nature, surveys are
subject to both participation bias (i.e. some patients may refuse to participate) and recall
bias. Researchers should therefore consider strategies for mitigating recall bias and/or
collecting information on factors that may result in differential recall?1.22, Fifth, researchers
may consider adopting a stratified sampling scheme when identifying patients to be
surveyed. Intuitively, stratifying will improve the ability to characterize the impact of certain
factors on missingness; in our survey, for example, we chose to stratify on treatment type
since we wanted to fully understand the role that the primary exposure of interest for the
parent study played in whether or not a patient had complete data. Finally, tied to each of
these considerations, is the overarching question of how many patients to survey. Typically,
sample size considerations attempt to balance statistical power with budgetary/logistical
constraints. Since the primary goal of the proposed survey framework is to learn about
missingness mechanisms, statistical power for any single association is, arguably, not
relevant. New frameworks for sample size in this context need to be developed and, in the
meantime, we recommend collecting as much information as possible within practical
constraints.

Finally, as frameworks for the design of surveys in the context of missing data are
developed, methods for integrating survey results into the analyses for the parent study will
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also need to be developed. Current work in the statistical literature that could be used and/or
extended include methods for double-sampling schemes23 and methods for non-response in
case-control studies?2:2425, From a substantive perspective, a recent series of papers by
Geng and colleagues describe a survey-based strategy to account for loss to follow-up26-28,
In those papers outcome information recovered on a sub-sample of patients ostensibly lost to
follow-up was incorporated into the main analyses via inverse probability weighting. A
distinction between their survey and ours, however, is that they did not collect information
specifically to understand why some patients had incomplete data and others not.
Nevertheless, the methods they used could be expanded to incorporate rich information
collected in the survey?9:30, Whichever approach is used, and as methods are developed, a
key practical question will be how to select variables for use in the adjustment of selection
bias. In principle, one could view this as a variable selection problem and use statistical
significance to make decisions. From Table 4, however, we see that there are a number of
factors that are suggestive of an association with one or more of the four sub-mechanisms
and yet do not achieve statistical significance at the 0.05 level (e.g. employment status,
smoking status and whether the patient had an anxiety or sleeping disorder). Practical
guidelines are needed to help balance the magnitudes of estimated associations and
statistical significance, especially given the inherent bias-variance trade-off that
accompanies this decision; a strategy of inclusiveness, for example, will minimize potential
bias at the expense of decreasing statistical power if unnecessary variables are included.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
Comparison of self-reported weight at treatment initiation (baseline) and EHR-based weight.

Shown are results based on 478 of 1,153 survey respondents (41%; Table 1) who had
complete baseline weight data in the EHR. In the left-hand panel, the grey line is the 45°
line.
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