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Introduction

Research using electronic health records (EHRs) is hampered by data quality issues. Among these, missing data is
among the most urgent and pervasive. Due to the complex regulatory environment of healthcare, it is difficult or
impossible to link patient records from multiple institutions. Therefore, although a patient might have no record of
diabetes in an EHR, this does not mean the patient does not, in fact, have diabetes. In fact, the patient might receive
their diabetes care at another institution that is not included in the EHR. Such false negatives have the potential to
significantly bias EHR research, by, for example, misrepresenting the prevalence of a disease or its treatment. For
this reason, it is essential to ensure that patients included in a research cohort have a reasonable likelihood of
complete data, also known as “low EHR discontinuity.” Because such patients are “loyal” to the healthcare system
that is providing the EHRSs, this is colloquially called a loyalty cohort.

Previous work by Lin et al. constructed a regression model predicting loyalty which used twenty EHR-derived
variables to, using claims data to train and evaluate the model.[1] They found that higher loyalty scores correlated
with a higher portion of encounters captured in the EHR compared to claims data. Although this approach was
successfully evaluated in EHRs from two institutions, it does not provide a generalized solution that is adaptable to
institution-specific practices, medical coding differences, and incompatible data models across healthcare IT
implementations.

Here, we describe an approach for finding loyalty cohorts in a reusable way that can easily be implemented across
multiple institutions, and then evaluate its performance at several diverse healthcare institutions.

Methods

We mapped the 20 concepts described by Lin et al. to specific codes used in the national ENACT network, which
provides access to EHRs of more than 142 million patients. These concepts include healthcare utilization metrics

such as multiple visits to the same provider, emergency department visits, multiple medication or diagnosis codes;
and, specific measures indicating a patient’s primary care home, such as PSA tests, PAP tests, and mammograms.

We next translated the approach by Lin et al. into stored procedure programs that can run on Informatics for
Integrating Biology and the Bedside (i2b2) databases, using Oracle or SQL Server. Our implementation is
compatible with sites in the 57 site ACT network, making its application potentially immediate.

We evaluated the algorithm on two years of EHR data to predict the probability of a return to the healthcare
system for care in year three. Three healthcare systems, Mass General Brigham, University of Pittsburgh, and
University of Kentucky, comprising a total of 52 hospitals, participated in the evaluation. Each site extracted a
cohort of patients with any inpatient or outpatient encounter between 01/01/2017 and 12/31/2018 who were over 18
as of 1/1/2017 and not deceased at any time after 1/1/2017. This study period was selected to avoid the changes in
healthcare utilization during the peaks of the COVID-19 pandemic. We performed the evaluation using a two-year
lookback period on which to compute the loyalty score and a one-year follow-up period of 1/1/2019-12/31/2019 to
compute any return to the healthcare system.

We further enhanced the approach using the Machine Learns Health Outcomes (MLHO) machine learning toolkit
to retrain the machine learning model on local data, optimizing it for cohort selection at individual sites. Retraining
involved splitting the data 50%/50% into a training and holdout test set and then using a Generalized Linear Model
(GLM) model (with a binomial family and a logit link) with 5-fold cross-validation, controlling for age and sex.

We computed the AUROC of both the original and retrained models when predicting return as well as the square
root of the odds ratios for both methods. We also compared the loyalty score to the Charlson Comorbidity Index to
ensure that the loyalty algorithm is not selecting only the extremely ill.

1477


https://paperpile.com/c/aBtJrs/tVOM

Each site performed its analysis using shared programs written in the R language, using standard packages as well
as MLHO. All analysis was run locally at each site and only final results were shared outside of the home institution.
This project was approved by the Institutional Review Boards of each individual institution.

Our approach outputs a loyalty score that can then be stored as a “derived patient fact” in the i2b2 database,
allowing cohort selection in the graphical query tool with a user-selected level of loyalty.
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after retraining. This loyalty cohort approach can immediately be utilized by any i2b2

site using the ACT network ontology, helping improve research

cohorts by reducing the impact of missing data. With an average AUC above 0.8 after site-specific tuning, this tool
reduces cohort size with high performance (in terms of cohort enhancement, not perfect prediction). Lin et al. found
that just 60% completeness made machine learning classification acceptable.

One should be aware that this approach will shift the bias in the data toward patients with complete data, moving
cohort demographics away from the mean. This could exclude patients with e.g., barriers to accessing healthcare.

We are presently enhancing the loyalty cohort approach with additional variables that have been shown to be good
predictors of loyalty in other work by Weber. This other work has found the Dartmouth Atlas mapping from zip code
to Hospital Referral Region (HRR) and the U.S. Department of Agriculture mapping from zip code to Rural-Urban
Continuum Codes are highly correlated with loyalty.

We are implementing these approaches as an open-source package for i2b2. Sites will be able to install “derived
fact scripts” that will create patient facts about e.g., loyalty score and visit-age interaction when data are refreshed.
This will include a set of queryable terms that will allow these facts to be used in the graphical i2b2 query tool.

Our code is available open-source at https:/github.com/i2b2plugins/loyalty cohort. More information can be
found here: [2]. This work was funded in part by ENACT (U24 TR004111).
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