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Introduction

Retrospective analyses of electronic health records (EHRs) and other health data sources are increasingly common
as investigators seek to employ data collected during routine health care delivery to learn about health practices and
outcomes. The data analysis process typically includes cohort selection, in which a group of patients (and their
corresponding data) are identified from within a health organization’s overall population of patients. Such cohorts are
typically defined using sets of inclusion and/or exclusion criteria that are applied as filters within a data query; several
interactive tools (such as i2b2 [1] and our own Cadence cohort selection system [2]) have been developed to facilitate
this cohort definition process.

However, with such systems, the lack of randomization combined with the high level of expected interdependence
between variables can produce cohorts that are highly skewed in ways that are unexpected to the analyst. For example,
a cohort focused on a high-priced medication may inadvertently bias a cohort toward the privately insured. This in
turn may skew the prevalence of various interventions within the selected cohort such that it is no longer representative
of the population which the analyst intends to study. Moreover, these bias effects can be invisible to analysts who do
not have access to all of the data within a health system required to detect these shifts.

Methods

To make these selection bias effects more transparent to analysts, we are developing a selection bias report feature
as an extension to the Cadence cohort selection system. The existing Cadence system enables users to select and
explore cohorts using a combination of advanced visual analytics techniques that depend upon prevalence rates and
correlations between different types of medical events (e.g., ICD or CPT codes), providing for various data-driven
analysis capabilities [2, 3].

The selection bias report capability calculates prevalence rate statistics for all known variables in the current cohort.
In addition, baseline prevalence rates are computed from a representative baseline population. Our prototype includes
four broad condition-specific populations (Diabetes, Cancer, Cardiology, Obstetrics) computed from the full UNC
Health population over a two-year span. For each baseline population, we compute the prevalence rate of every unique
ICD10 code as well as parent codes (to enable aggregation). At runtime, users can request a selection bias report for
any cohort (see Fig. 1). We are developing ways to interactively and visually compare the focused cohort in Cadence
with a selected baseline population to estimate differences in representation. These differences are prioritized to
focus attention on the largest bias effects and communicated via a dynamically generated web page. While we do not
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Figure 1: Cadence being used to analyze a cohort of heart failure patients with a pain diagnosis. (A) From the cohort
icons in the left sidebar, (B) a context menu enables users to request a baseline population comparison (see Fig. 2).
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Like any patient subgroup, the prevalence of diagnosis codes in the selected cohort differs from the baseline population in various ways. These differences are often due to associations between diagnoses, such as sets of
diagnoses that commanly co-oceur as comorbidities.

This page provides a summary of differences between your selected cohort and a baseline population. Differences that derive directly by the cohorts inclusion/exclusion criteria are shaded gray. All other rows correspond
to differences that are side effects of those criteria.

‘The selected cohort’s inclusion/ exclusion criteria reference the following codes:

« R52: Pain, unspecified
« G40-GA7: V1.1.6. Episodic and paroxysmal disorders

Decreased Prevalence Change from Baseline (%) Increased Prevalence

+97 RS2 Pain, unspecified

. 54 G47 Sleep disorders

Prevalence of e G473 Slecy apnea

Heart Failure 3 150 Heart failure
Bl 30 G47.33  Obstructive sleep apnea (adult) (pediatric)

Increased 31% 26 693 Other disorders of brain
26 G89 Pain, not elsewhere classified
23 G93.3  Postviral fatigue syndrome
2 G44  Other headache syndromes
Prevalence of 23 M79.609 Pain in unspecified imb
Lipidemias | 5] G441 Vascular headache, not elsewhere classified
21 M25 Other joint disorder, not elsewhere classified
Decreased 20% Y G89.2  Chronic pain, not elsewhere classified
\ 21 E78.4  Other hyperlipidemia
Disorders of lipoprotein metabolism and other lipidemias  E78 20
20 G89.29  Other chronic pain
| B0 G47.00  Insomnia, unspecified
-1 Ni8 Chronic kidney disease (CKD)
|50 G47.0  Insomnia
[ M25.5  Painin joint
W17 29 Dependence on enabling machines and devices, not elsewhere classified
o7 198 Other respiratory disorders
7 RS0.2  Drug induced fever
Atherosclerotic heart disease of native coronary artery  125.1 -7H

| B5 M54 Dorsalgia

Figure 2: The selection bias report shows a ranked list of differences in prevalence of diagnoses (or families of
diagnoses) between the selected cohort and the population baseline. The gray line items represent constrained variables
with expected differences in prevalence. The white line items are “side effects” of the inclusion/exclusion criteria.

currently provide statistical significance estimates for the differences, we plan to incorporate bootstrap estimates of the
standard errors to account for multiple testing. The report also uses color coding to help analysts distinguish between
variables directly changed by the inclusion/exclusion criteria versus those that change as a side effect.

Results

Fig. 1 shows Cadence being used to analyze a cohort of cardiology patients with a pain diagnosis, with an analytical
goal of identifying risk factors for opiate abuse/addiction. The analyst has applied additional inclusion criteria to focus
on a smaller cohort of patients with ”Episodic and Paroxysmal Disorders” because they appear to have a higher rate of
opiate disorders. Right clicking on the corresponding cohort icon, the user selects "Compare to global population...”
(Fig. 1B) to display the selection bias report (Fig. 2). The report shows that four of the top differences in prevalence
are, as expected, related to the inclusion criteria. However, several non-constrained diagnoses (e.g., a 31% higher rate
of heart failure) had a higher prevalence than the baseline. In contrast, other diagnoses, such as lipidemias (E78) had
a lower prevalence than in the baseline. Initial qualitative feedback from analysts has encouraged a continuing effort
to improve our approach.

Conclusion

Integrating baseline prevalence statistics into cohort selection tools enables the creation of selection bias reports that
can help contextualize user-defined cohorts and protect against unexpected shifts in distributions which can invalidate
findings. User studies and additional interactive reporting capabilities are planned to evaluate and improve these
capabilities in the future.’
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