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ELECTRONIC HEALTH RECORD (EHR) DATA QUALITY AND TYPE 2
DIABETES MELLITUS CARE

Due to frequent utilization, high costs, high prevalence, and negative health
outcomes, the care of patients managing type 2 diabetes mellitus (T2DM) remains an
important focus for providers, payers, and policymakers. The challenges of care delivery,
including care fragmentation, reliance on patient self-management behaviors, adherence
to care management plans, and frequent medical visits are well-documented in the
literature. T2DM management produces numerous clinical data points in the electronic
health record (EHR) including laboratory test values and self-reported behaviors.
Recency or absence of these data may limit providers’ ability to make effective treatment
decisions for care management. Increasingly, the context in which these data are being
generated is changing. Specifically, telehealth usage is increasing. Adoption and use of
telehealth for outpatient care is part of a broader trend to provide care at-a-distance,
which was further accelerated by the COVID-19 pandemic. Despite unknown
implications for patients managing T2DM, providers are increasingly using telehealth
tools to complement traditional disease management programs and have adapted
documentation practices for virtual care settings. Evidence suggests the quality of data
documented during telehealth visits differs from that which is documented during
traditional in-person visits. EHR data of differential quality could have cascading
negative effects on patient healthcare outcomes.

The purpose of this dissertation is to examine whether and to what extent levels of

EHR data quality are associated with healthcare outcomes and if EHR data quality is



improved by using health information technologies. This dissertation includes three

studies: 1) a cross-sectional analysis that quantifies the extent to which EHR data are

timely, complete, and uniform among patients managing T2DM with and without a

history of telehealth use; 2) a panel analysis to examine associations between primary

care laboratory test ages (timeliness) and subsequent inpatient hospitalizations and

emergency department admissions; and 3) a panel analysis to examine associations

between patient portal use and EHR data timeliness.
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CHAPTER 1: INTRODUCTION

Assessing Electronic Health Record (EHR) Data Quality for Reuse

The Health Information Technology for Economic and Clinical Health (HITECH)
Act of 2009 brought about widespread adoption and use of electronic health records
(EHR) among US health care providers.! Since HITECH’s passage, health care
organizations and providers have documented and amassed volumes of patient health
data in various forms, including prescription data, laboratory data, genetic information,
billing, administrative, and demographic data.>* These patient health data are primarily
documented in electronic health records (EHR) or electronic medical records (EMR). The
electronic medical record (EMR) historically includes digital patient information and is
contained within the confines of a provider’s office.> EHRs are similar, but they include a
broader set of patient information that constitutes medical and non-medical data from a
range of clinical providers.®” Clinical providers document patient information in both the
EMR and EHR which can be manually or electronically extracted. Data are collected to
support clinical and administrative functions (e.g., billing) including data observed in
clinical exams, data obtained from laboratory and diagnostic tests, data from monitoring
devices, and patient-reported items.8-1°

In addition to monitoring patient health over time, clinical documentation
supports administrative claims processing and billing for care provided in medical and
health care settings.*** The Health Information Portability and Accessibility Act
(HIPAA) of 1996 preceded HITECH and ensured that patient health information was
securely maintained as a result of clinical documentation for record-keeping and billing.1*

These data were not commonly used to evaluate cost, access, or quality of care until


https://paperpile.com/c/GtVInB/hBbkD
https://paperpile.com/c/GtVInB/Z0RM8+0Qo59+F3r9q
https://paperpile.com/c/GtVInB/pVFIX
https://paperpile.com/c/GtVInB/oAhcV+eTKh0
https://paperpile.com/c/GtVInB/FAEkO+WAz0J+Y0RvR
https://paperpile.com/c/GtVInB/JxyVi+9Gdbr+nDihS
https://paperpile.com/c/GtVInB/ZDUmB

Meaningful Use (MU) provisions of the HITECH Act provided incentives to develop
ways to streamline documentation and data collection to improve patient health
outcomes.® As a result, hospitals and providers have adopted EHRs at increasing rates
since the passage of HITECH.'0 Clinical data proliferated in recent years providing an
opportunity to conduct empirical studies (observational, quasi-experimental, and
population health research), program evaluations, and develop clinical quality
improvement programs.*é Despite the increasing use of clinical data for examining the
organizational, patient, and larger health systems outcomes, data derived from the EHR
have historically had varying levels of quality; namely, completeness, and timeliness.*’1°
Prior literature suggests that these three dimensions are fundamental to assessing the
quality of clinical data and is supported by the National Academy of Medicine (NAM).2%-
22

Clinical data sources are commonly found in one of three data formats: semi-
structured, structured, and unstructured.?*-?” Semi-structured and structured clinical data
include simple dropdowns using menu-based, interactive and searchable forms. Whereas,
unstructured data include documents constituting free text, namely clinical narrative like
progress or discharge notes.?*282% Notably, unstructured data is not organized in any
specific manner, and it includes critical yet un-synthesized information to patient
health.?6 Additionally, unstructured data are the most voluminous source comprising
nearly 80 percent of all health care data.?®

Researchers have relatively recently begun investigating the quality of EMR and
EHR data quality to ensure sufficiency for reuse in health services research.6:17.21.27.30

Clinical data have also been found to be important for quality improvement®3%, program


https://paperpile.com/c/GtVInB/190dV
https://paperpile.com/c/GtVInB/Y0RvR+hBbkD
https://paperpile.com/c/GtVInB/Y7LCD
https://paperpile.com/c/GtVInB/bl4H4+Qk9rj+PGLtV
https://paperpile.com/c/GtVInB/I7PrJ+jYFvY+sfxVn
https://paperpile.com/c/GtVInB/I7PrJ+jYFvY+sfxVn
https://paperpile.com/c/GtVInB/97P2H+c4Luu+5KBq5+pkYAJ+nNKFp
https://paperpile.com/c/GtVInB/97P2H+qYErj+FphJY
https://paperpile.com/c/GtVInB/pkYAJ
https://paperpile.com/c/GtVInB/pkYAJ
https://paperpile.com/c/GtVInB/bl4H4+nNKFp+Y7LCD+jYFvY+owIqP
https://paperpile.com/c/GtVInB/2pbPO+Y7LCD

evaluation3233 and empirical research.'%31-33 Clinical data quality varies by type and
content, including laboratory, medication, or narrative reports, which may diminish
usability for program quality improvement and evaluation.?”** More importantly, these
data are of variable quality which can result in mismeasurement and erroneous outcomes
should they be used in empirical research.3*

As data captured in the EHR grows in volume and variety, the general quality of
clinical data also varies and is largely dependent on provider and organizational
documentation preferences and the complexity of patient conditions.®® Data quality is
described broadly as fitness for use.?>% In the context of the current study, we determine
fitness for use as reusability of clinical data in empirical research, program evaluation,
and quality improvement. Importantly, reuse of clinical data and the assessments thereof
are dependent on each specific case.?° For example, past research determined that more
than half of all coded patient data were missing for serious cancer conditions and many of
the variables were summarily excluded from analysis as a result.!’ In two survival
analyses, researchers manually inferred missing values to model methodological
approaches.”3” The content and quality of clinical data has been found to be associated
with some health care outcomes.3"~%0 Prior research has shown that available clinical data
is associated with care quality®®, disrupted referral patterns*:-43, prescribing behavior,
and diagnostic accuracy?’.

Generally, data quality assessments are conducted on data that were documented
as a result of in-person or face-to-face (F2F) visits.*® Few studies have examined the
quality of patient data resulting from telehealth visits nor have they compared attendant

outcomes to F2F visits.*>#6 Moreover, what constitutes clinical data and information
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among these modalities may differ slightly and include a range of data domains important
for improving patient and population health outcomes. This is especially true for patients
managing chronic disease. Furthermore, health care for patients at greater risk of chronic
disease, like type 2 diabetes (T2DM), present complex challenges for effectively
collecting important patient information for use in developing care management
programs and medical decision-making.
Measuring EHR Data Quality

Standardized clinical documentation remains a challenge as health care
organizations adapt documentation practices and standards to better address disease
classification*’, treat more patients with complex conditions*, and utilize new care
modalities during a pandemic*®-51. Recently, clinicians began providing most of their care
virtually to avoid overwhelmed systems and prevent disease transmission due to COVID-
19.5253 Additionally, providers are expected to begin transitioning from previous
International Classification of Disease (ICD) version 10 to 11 by January 1, 2022.4" For
example, some health care organizations have experienced difficult transitions from ICD-
9 to ICD-10 due to complications and cost which may compromise data integrity for both
in-person and telehealth documentation.> This may become worse as telehealth access is
expanded to care for COVID-19 patients and patients with delayed health care needs as a
result of the pandemic. Moreover, an evolving body of research has examined provider
burnout as a result of excess documentation and EHR screen viewing and fatigue.>-58
The resulting challenges and variations in clinical documentation compromise the
integrity of clinical data quality; namely, inaccuracies, incompleteness, loss of recency,

and other errors. Additionally, disruptions to clinical workflows for providers and staff
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https://paperpile.com/c/GtVInB/GppAx
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that may have worsened documentation procedures thereby affecting patient care
coordination.®® Varying quality of clinical data may have downstream impacts on clinical
decisions and outcomes®®, as well as social and economic effects.51-6

Clinical data extracted for health services evaluation and research should be “fit
for use” and require higher quality to withstand processing errors.?>®! In the clinical
setting, data are used in clinical decision support systems (CDSS) as a result of admit-
discharge-transfer feeds®3%4, remote-patient monitoring and home health*, and health
information exchange®. How these data are entered into various EHR systems and the
constraints posed by the care modality or format, virtual vs. in-person care, determine
overall completeness, and timeliness.?® Nahm (2012) and Sebastian-Coleman (2010)
outlined three main phases of data recording, processing, and analysis that may, at each
phase, impact information and data quality.?%656¢ The current study is concerned with the
latter phase of assessing and measuring EHR data quality. Chiefly, measurement of data
quality dimensions. Additionally, this study will examine patient health care
consequences of varying levels of clinical data quality measures and to what extent
correcting data to be “fit for use” improves information quality and subsequent patient
outcomes. Examining the integrity of clinical information and the difficulty measuring
data quality dimensions require separate examination.

First, how data are recorded or documented is an important determinant of
whether the data will be accurate, timely, and complete. Variation exists among clinical
providers who subscribe to different documentation patterns brought about through
organizational and professional association mandates, which may have legal and practical

implications.®”68 Second, data processing and management methods may be informed by
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data collection practices, complexity, the conceptualization of data use, and experience of
the individual processor.?% Importantly, data quality measures are affected by a high
level of user subjectivity.®®" Lastly, challenges in the analysis are defined by
misrepresentations of data for the final purpose which may include reuse in reporting,
quality improvement, or empirical research.3! Thus, researchers have developed methods
to effectively audit clinical data quality prior to reuse, irrespective its final
purpose.t®21.3%62 Data quality dimensions described in past research to assess data quality
largely overlap across existing concepts, measures, and methods.?* These concepts,
measures, and methods are applied across disciplines and industries but have recently
gained importance in health services and clinical research. Namely, the adoption and use
of EHR-based data collection methods underscore the importance of examining variation
in clinical data and information quality in telehealth and in-person care for patients
managing chronic disease.

To understand and operationalize measures of data quality, past research proposed
using a data quality framework summarized in a systematic review by Weiskopf et al
(2013) and, separately conceptual frameworks developed by Wang & Strong (1996) and
Kahn et al. (2012).21%72 Specific measures are quantified using quotients and metrics
designed by Hinrichs (2002) and Heinrich et al. (2007) to assess data quality in
information and business systems.®%73 For example, researchers used the Levenshtein
distance to compute correctness for word strings. (See Equation 1) Simply, the
Levenshtein distance is the total number of edits to an attribute value, most commonly a
word string, required to match the real-world value, divided by the letter length of the

real word value.


https://paperpile.com/c/GtVInB/Ur65B+I7PrJ
https://paperpile.com/c/GtVInB/Jg6QU+R93zG+07Ug7
https://paperpile.com/c/GtVInB/2pbPO
https://paperpile.com/c/GtVInB/jYFvY+wQ1It+PGLtV+IFJKp
https://paperpile.com/c/GtVInB/jYFvY
https://paperpile.com/c/GtVInB/bLw8o+jYFvY+1yc1
https://paperpile.com/c/GtVInB/tnAlf+Jg6QU

"Patent”, "Patient” = 1 — % = 57.2%°® (Equation 1. Levenshtein's Distance)

Prior research used data quality dimensions to define, outline, and quantify
measures of general information quality. Although these studies examined data quality
generally, there have been few, if any, efforts to 1) compare EHR data quality measures
of telehealth and in-person care for patients managing chronic disease, or 2) examine
associations between patient-level data quality measures and health care outcomes.
Specifically, this study relies on overlapping definitions of data quality identified by
Weiskopf et al (2013) and the National Academy of Medicine (NAM) and includes the

following (Table 1)216%;
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Data Quality Dimension Dimension definition/measure

Availability of data Overall presence of data for specific disease

(T2DM, hypertension) indicators

Concordance Represents agreement between elements in the

EHR and another clinical dataset

Correctness Represents elements in the EHR that are true

Completeness Represents elements in the EHR that are true

based on other patient data

Information Density Information density scores are measures of
completeness that account for the irregular nature

of patient measurements taken over time

Timeliness Represents EHR data for patient health status at a

given point in time

Plausibility Represents elements in the EHR that make sense
in light of other knowledge about what that

element is measuring

Table 1. Data Quality Dimensions 217475
Concordance, completeness, and timeliness represent measures for comparison to
existing data sets that serve as relative gold standards (e.g., disease registries). Other

studies have included the extent to which data for the quality audit use case exists. We
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define availability of data as the overall presence of data by T2DM phenotype. This study
will stratify the extent to which patients are seen via telehealth vs. in-person, to classify
visits among T2DM phenotypes, and to determine visits among specialists and facilities.
Data Quality Dimensions, Measurement, and the Information Systems Success
Model

Data quality dimensions identified by Weiskopf et al. (2013) inform the overall
framework used to classify and measure data quality as a result of clinical documentation.
Measurement approaches were validated across studies in a systematic review conducted
by Weiskopf et al. (2013) and NAM.?! Final data quality dimensions mutually identified
by investigators include completeness, concordance, and timeliness.1320:38.76 An
additional measure, availability of data, was added to determine the differences in data
quality stratified by care modalities (i.e., telehealth and in-person diabetes care), patient
characteristics, clinical provider characteristics, organizational characteristics, and
general T2DM phenotypes. The current study relies on these dimensions and their
definitions (Table 1) to create measures using coded diagnoses, laboratory tests, and
narrative texts. These data domains form the basis of measurement for the overall study.

In addition to using Weiskopf et al. (2013) to develop relative data quality
measurements, we adapt the Information System Success Models (Figure 1) to
operationalize patient- and encounter-level EHR data quality dimensions.%7
Specifically, we orient the IS Success Model to include its constructs as independent
variables that explain IS Success as organizational and individual impact (Figure 2).®
Petter et al. (2013) defined independent variables that were related to tasks, general

system characteristics, and user and social factors.® Information and system quality
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indicators inform system usage which are modeled as determinants of organizational and
individual impact.®>’8 Information quality is synonymous with data quality in this
flowchart (Figure 1). The organizational and individual impact is defined as inpatient
hospitalizations and emergency department visits. These outcomes affect healthcare
organizations and the patients they serve by creating care inefficiencies and

compromising the overall quality and coordination of critical care.
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Figure 1. Updated Petter, DeLone, and McLean Information Systems Success Model

Relative Gold Standards for Comparing the Quality of Clinical Datasets & Sources
Comparisons derived in data quality audits are often incomplete without using a
second institutional dataset as a relative gold standard for validation purposes. Relative
gold standards are critical data sources that allow the use of an internal or external data
source to assess clinical data quality in another data source.® Gold standard datasets are
considered relative because there are no truly accurate or perfect datasets to measure
against for data quality comparisons. The primary data source may be derived externally
but are generally internal and linkable based on patient or other identifiers. In the current

study, we use EHR data that is sourced for chronic disease registry databases, namely,
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T2DM. Natural language processing (NLP) is commonly used to extract narrative text
from clinical documents and subsequently compare data quality dimensions and data
availability across datasets. However, validating NLP is limited by its reliance on rare
gold standard corpora derived from clinical notes (i.e., discharge and progress notes).”
Registry data is considered a relative gold standard due to its function in administrative
and operational processes that go beyond clinical use (e.g., billing).& Importantly, key
coded diagnoses are highly reliable in these datasets because of the nature of prescribed
treatments for conditions like cancer and chronic kidney disease.'%4°
Type 2 Diabetes Mellitus Management

Diabetes Mellitus is a chronic condition that represents the sixth leading cause of
death in the US. Persons living with diabetes currently constitute approximately 9 percent
of the US population, but 25 percent of all hospitalizations.®! Type 2 Diabetes Mellitus is
the most common type of diabetes in the US and can be treated with diet, exercise,
prescription medication, and insulin.8? Costs associated with diabetes hospitalizations
total approximately $124 billion, where $25 billion were attributable to readmissions.%
The current estimate of age-gender weighted average lifetime medical costs for T2DM
was $85,200. Approximately 53% was due to treating diabetes complications.?* The cost
of managing macrovascular complications accounted for 57% of the total complication
cost. Health care providers have undergone quality improvement and program
development efforts to optimize T2DM care, yet diabetes management is still subpar.

Patients with T2DM require care management plans that incorporate multiple
provider specialties across diverse clinical settings to effectively treat comorbid

conditions, including hypertension, hyperlipidemia, chronic kidney disease (CKD), and
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obesity.?¢8” Additionally, care management for persons living with diabetes relies on
data-rich environments from clinical data sources collected by documentation, remote
monitoring and patient-reported health.2>8 Moreover, diabetes care management
programs are supported by telehealth technologies and patient health portals.®858°
Although prior research suggests that patients managing T2DM utilize care at high rates,
resulting in expensive, fragmented management plans, telehealth programs serve to
improve care coordination and patient health outcomes.?387.% Telehealth programs
targeting persons living with diabetes seek to provide education and wellness classes,
peer-to-peer support, and manage care through both synchronous and asynchronous
telehealth technologies (i.e., remote patient monitoring, follow-up care).8>9
Patient Portal Use and Type 2 Diabetes Mellitus Care

Patient portals provide important linkages to health information and clinical
providers.®? These connections enable patients to manage their own care by having access
to their own information including laboratory test results, visit summaries, secure
messaging, and medication orders as well as a clinician to aid in interpretation.®?
Accessible and shareable patient information are important features of T2DM care
management. Successful T2DM management relies on team-based care and shared
information to effectively coordinate care processes among health care providers. This is
especially important given patients with T2DM struggle with other comorbid conditions
including hypertension, hyperlipidemia, cardiovascular disease, and obesity.3-% Diabetes
is also accompanied by mental health conditions (e.g., major depression, depressive

symptoms, anxiety, and diabetes distress) that may make care management more
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difficult.® Informatics researchers have developed tools within the patient health portal to
accommodate chronic disease management and other concomitant conditions. %%

Researchers have acknowledged that patient engagement issues and clinical
inertia inhibit patient portal access and use.1%%-1%2 These deficiencies cause downstream
process of care outcomes which may disproportionately affect patients managing T2DM
and other comorbid conditions. For example, persons living with diabetes who are more
active and engaged in portal use have the greatest likelihood of glycemic control.8%.103.104
Similarly, the use of the EHRs, often where patient portal information is derived, among
providers and persons living with diabetes is associated with fewer hospitalizations and
ED visits.1® Care coordination is informed by patient data which is used by both patients
and providers to effectively manage diabetes care. Increasing the use of patient portals is
critical for improving T2DM care management and outcomes.
Gaps in the Literature

Past research has struggled to identify and operationalize measures of data quality
using electronic health record (EHR) data.l’-*° Rather, investigators rely on a broad set of
data quality dimensions that require available indicators that are task or research
specific.?1:61.69 Complications arise in the variety of quality issues apparent across
multisite, system, and nationwide EHR samples.3"19 Quality issues are found in all
clinical data sources due to the nature of how these data are collected.'%:1%7 Data are
populated by providers relying on electronic systems and subject to professional and
organizational guidelines which can be formulaic.1%® Guidelines may be more stringent in
an emergency like the COVID-19 pandemic.® Fewer still are those studies that examine

the effect of patient- and encounter-level data quality dimensions or measures on patient
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healthcare outcomes.3”:38 The difficulty of measuring and examining relationships
between patient-level data quality measures lies in expected missingness in clinical data
and the methodological adjustments that can be made to improve data integrity and
subsequent outcomes*44°,

Missing and older data can be attributed to provider documentation attributes,
patient demographic data availability, and dissimilar patient characteristics.5®1% This is
one of a few studies to examine whether patient-level data quality indicators influence
healthcare outcomes for patients managingT2DM. Similar research used predictive
survival models to determine the relationship between clinical data quality and patient
care outcomes.*? Lastly, patient portal use mitigates communication challenges by
empowering patient activation and engagement to manage their own health,7.110-114
These features of self-management are entirely dependent on the accessibility and quality

of patient data for providers across the care spectrum.92:103.104

Dissertation Overview

The proposed dissertation combines three related approaches to examine whether
a relationship exists between patient and encounter-level measures of data quality and
healthcare outcomes. Data from the electronic health record (EHR) are being used nearly
exclusively to conduct health services and informatics research regardless of whether
data has been audited for integrity or general quality.*”2%2! Few studies have examined
the influence EHR data has on care coordination and processes.*'>116 My overall research
questions for this dissertation are 1) to what extent does digital health tools including
patient portal and telehealth care improve measures of EHR data quality and 2) how does

EHR data quality effect processes of care for patients with T2DM?
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This dissertation and the studies therein rely on two related frameworks. First, we
used data quality dimensions to determine how EHR data are measured based on a
systematic review conducted by Weiskopf et al. (2013) and metrics frameworks in
previous research.1:3%69.73 These dimensions include a range of published data quality
dimensions used to audit the quality of business, information technology, and other
industry data sources.?%5! Additionally, we operationalize data quality dimensions using
quotients and computation developed by Heinrichs et al (2007) whereby timeliness had
clearly defined and clinically interpretable equations for contextualizing results. Our
analyses use EHR data to quantify measures of patient data quality generally, and in
T2DM where care was provided via telehealth and in-person. We performed and
validated a natural language processing (NLP) approach by creating a reference/gold
standard using T2DM clinical narrative derived from patient charts (Appendix A-G).102
Specifically, we construct a reference/gold standard for NLP evaluation by manually
prescreening a randomly selected set of 400 clinical notes. Of these, approximately 80%
will contain T2DM diagnoses, labs, and medications; approximately 20% will not contain
any T2DM references and will serve as a test set in preliminary analyses.

The second framework is the Information Systems (IS) Success Model.”®1” The
IS Success model was originally developed to identify and measure dependent variables
to determine whether an information system was successful in its intended outcomes.”®
Six variables were identified as measurements for information system success outcomes
including system quality, information quality, system use, user satisfaction,
organizational impact, and service quality. Hebert (2001) modified the IS Success

Framework and its dependent variables for telehealth evaluation using Donabedian’s
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structure-process-outcome framework.”” Conversely, Petter et al. (2013) sought to
identify interdependent variables that might bidirectionally influence information success
outcomes.® Based on a systematic review, researchers found that tasks, people,

technology, and structure explain socio-technical relationships between an IS and other

aspects of the working environment.®>118
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Figure 2. Modified Information Systems Success Model

This study relies on a modified version of the IS Success Model (Figure 2) to
orient this overall dissertation. Data quality measurement in this study does not explicitly
rely on empirical framing to determine antecedents of information quality. Rather, we
posit that use of delivery modality (in-person vs. telehealth) influences or modifies the
general quality of documented patient information, which we measure to examine its

association with process of care outcomes.
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CHAPTER 2: MEASURING ELECTRONIC HEALTH RECORD (EHR) DATA
QUALITY IN TYPE 2 DIABETES MELLITUS CARE

INTRODUCTION

Electronic health records (EHR) are often a source of secondary data for use in
clinical and health services research.?”%2 Nevertheless, such data may face numerous data
quality challenges!'® from manual entry, lags between the patient visits and actual
documentation, differential documentation guidelines, and changes in standards.%%°¢ As a
result, EHR data are commonly discordant and incomplete.1”3° Extant research on EHR
data quality is based primarily on traditional office-based, face-to-face visits between
patients and providers. However, the extent to which EHR data quality is associated with
other types of visits is not well known,17:120.121

Specifically, the proportion of remote or telehealth visits has steadily increased
over the past 20 years®122123 and became even more common during the COVID-19
pandemic.1?125 While limited, evidence suggests the use of telehealth may have further
effects on EHR data quality. For example, patients have expressed concerns about the
accuracy and quality of data gathered during the encounter.'?® Likewise, providers and
researchers note that telehealth visits may not include sufficient diagnostic data for
providers to effectively manage patient symptoms.?/12 Additionally, prior attempts to
leverage data collected via telehealth for decision support systems were unsuccessful due
to data quality issues.*® In general, examining whether and to what extent new health care
tools have improved or worsened EHR data quality is an understudied phenomenon.*?°

Thus, a better understanding of different care modalities effects on data quality is needed.
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Type 2 Diabetes Mellitus (T2DM) is an appropriate focal condition for such a
comparison. First, opportunities for comparisons exist as T2DM self-management,
nutrition consultations, and wellness programs are amenable to telehealth.13%13! Second,
T2DM is associated with a wide array of EHR data elements and types: laboratory
measurements, medication regimens, self-management education, and nutrition
consultations.3? Patients routinely interact with multispecialty team-based clinicians
during care management and care coordination as the standard of medical care for
patients managing T2DM. Data collection across care settings and providers may
increase data incompleteness because of a failure to consistently record relevant T2DM
measurements, 33
Objective

This study compared EHR data quality among patients managing T2DM with and
without a history of telehealth use. We assessed structured EHR data quality in terms of
timeliness, completeness, and patient information density. As telehealth tools become
commonly used across care settings, the quality of EHR data is highly relevant to both
the clinical care teams who rely on comprehensive patient information and those
secondary data users seeking to inform research, quality measurement, population health

management, and clinical guideline and policy development.

METHODS

Study Population

The study sample included patients managing T2DM aged >18 years who were

seen between 2016 and 2021 at two health systems in central Indiana. The study
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population was defined as any patient who received a T2DM diagnosis between their
index and latest encounter date. The study period includes uniform telehealth adoption,

use, and documentation among both in health systems which began in 2020.

Data

The primary dataset used in the current study was derived from each health
systems’ enterprise data warehouse (EDW) and the Indiana Network for Patient Care
(INPC). The INPC was established in 1994 as a repository for cross-institutional patient
data including EHR data.*®* We obtained data representing patient demographics and

clinical diagnoses inputted by treating clinicians regardless of specialty.®

Telehealth Status

Telehealth status was defined as any encounter where remote use of audio or
video services were provided. Because of the potential selection bias associated with use

of telehealth, we frequency matched controls on age, sex, and total visit count.

Clinical Visit Type

We identified patients with a history of telehealth use as any outpatient visit
linkable to patients by common identifiers and was coded as having used audio or video
technologies during a visit. Patients with no history of telehealth use were identified
where there was no available indication of telehealth use or virtual care technologies

present during or as a result of the visit.
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EHR Data Quality Measures

We quantified measures of timeliness, completeness, and information density to
assess the quality of EHR data for patients managing T2DM with and without a history of
telehealth use. Each measure of quality was computed for data representing the following
patient characteristics and relevant T2DM structured data elements and measurements:
body mass index (BMI), body weight (Ibs.), serum creatinine, glycated hemoglobin Alc,

cholesterol, blood pressure, and smoking status.

Timeliness

Timeliness was defined as data elements that represent a patient's health state at a
desired time of interest.?16% We operationalized timeliness as the number of days between
a patient encounter and the most recent T2DM laboratory test and measurement dates.®

Timeliness is measured at the encounter level for each patient in the study.

Completeness

Completeness is defined as the presence (the opposite of absence or missingness)
of a measurement in the EHR.?* We measured completeness using elements from the
structured EHR data elements. T2DM measurements were identified and flagged as
complete where a laboratory value or indicator was available at its first indication for
sequential patient encounters. Completeness values ranged from 0 to 1 where a higher

score indicated that data were more complete.
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Information Density Score

Chronic disease care relies on repeated health care interactions and measurements
of multiple indicators. Information density scores are measures of completeness that
account for the irregular nature of patient measurements taken over time.”*" The

information score, measured at the patient level, is expressed as the following:

n

I=2+22[1-/(n—1)Var{ggi=1,..,n—1],

Xi+1—Xj
Xn—Xq

where n is the number of g, =
| is the average amount of information each observation provides for a patient
observed n times. The information density score is a number between 0 and 1 where

higher scores indicate that patient measurements were more equally distributed across

patient visits.

Analysis

Frequencies, percentages, and means described EHR data quality measures by
patient characteristics and over time. We compared data quality measures by patient
history of telehealth use using two-tailed t-tests, y? tests, and ANOVA statistical tests to
examine the equality of means and relationships between patient characteristics.
Correlation analyses examined the relationship between EHR data quality measures

(Appendix 8).
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RESULTS

Our final matched study population included 5,027 patients. Most clinical visits
were for patients who were documented as African American (52.1%) and female

(66.1%) (Table 3). The mean patient age in the sample was approximately 57.6 years.

Telehealth Use

Nearly 40% of patients in this sample had a history of telehealth visits (Table 3).
Most telehealth visits constituted patients who were female, non-Hispanic Black, middle-
aged (56-65), had Charlson scores of 1, and whose insurer was Medicare (Table 3).
Clinical encounters in this sample mostly took place prior to the COVID-19 pandemic

due to partial data availability for 2021.

EHR Data Timeliness

In terms of timeliness, across all patient encounters and data elements, the average
data element was 77.8 (SD=63.8) days old. On average, data were timelier, i.e., fewer
days between EHR data attribute updates, for males, patients who were documented as
non-Hispanic White, elderly patients, patients with severe comorbidities, patients on
Medicare, and during pre-COVID-19 years (Table 4). There were differences in
timeliness among some patient characteristics. For example, non-Hispanic White patients
had lower timeliness (in days) compared to the remaining racial categories.

In general, T2DM measurements were timelier among patients who had a history
of telehealth use compared to patients with no history of telehealth use (Table 5). That is,

for all T2DM clinical measurements examined in this study, the average number of days
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between EHR data attribute updates was shorter for patients with a history of telehealth

use.

EHR Data Completeness

The mean completeness for all relevant patient data was 0.891 (SD=0.04)
indicating moderate-to-high completeness for data recorded in T2DM measurements
(Table 4). Completeness scores were, on average, higher among patients with severe
comorbidities and patients who were seen in years preceding the COVID-19 pandemic
(Table 4). These scores for T2DM measurements were generally higher among patients
who had a history of telehealth use compared to patients with no history of telehealth use

(Table 5).

EHR Data Information Density

The mean information density score for T2DM EHR data was 0.787 (SD=0.14).
This demonstrates that patient visits and relevant T2DM measurements were somewhat
uniform during the period in which they were identified in the EHR dataset. Information
density scores for EHR data were higher among females, patients who were documented
as Asian, older patients, and patients whose insurance status was Medicare (Table 3).
T2DM measurements became more uniform across patient visits in the year following the
COVID-19 pandemic. Information density scores, which account for the irregular nature
of T2DM physiological measurements, were, on average higher for patients who had a
history of telehealth use. However, blood pressure, cholesterol, and serum creatinine

information density scores were higher among patients who did not have a history of
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telehealth use compared to patients who used telehealth during the study period.
DISCUSSION

EHR data quality for adult patients managing T2DM was generally similar or
more improved among patients with a history of telehealth use than for those with no
history of telehealth use. Establishing the quality of EHR data across modalities and
patient populations is critical for health care organizations and researchers as the delivery
of care evolves in the US.

The management of T2DM requires comprehensive, high-quality data.'3® While
patients with a history of telehealth tended towards higher quality, all measures across
both patient groups had room for improvement. For example, clinical guidelines
recommend measuring HbALc at least twice a year, but the average HbAlc measure was
nearly a year old.?? Options for improving data collection and documentation exist. For
example, health portals that allow for patient input and self-reporting may help bridging
incomplete or erroneous data.**-13 Similarly, health portals also give patients
opportunities to view, verify, and potentially correct information.'3 Likewise,
organizations could consider the use of remote monitoring tools. Specifically, the
improved accuracy of blood glucose monitors enable for remote data sharing and
access.'® During the patient encounters, the use of in-built structured forms and support
personnel, like scribes, has been linked to reductions in workflow disruptions,
improvements in documentation completion time, and efficient and high-quality
documentation.14°

The positive association between telehealth visits and data quality for most

relevant clinical is reassuring given the increase in telehealth nationwide. An increasing
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number of payers and policy-makers had already been encouraging the wider use of
telehealth services for chronic disease management.4* The Centers for Medicare and
Medicaid Services (CMS) finalized two policy changes for remote therapeutic and
physiologic monitoring services extending beyond the Public Health Emergency.42
These new rules seek to improve care delivery, cost management, and health outcomes
for chronic disease patients who rely on remote monitoring as part of disease
management.42143 As noted above, opportunities and strategies exist to improve data
quality for T2DM patients, but these findings at least suggest telehealth visits may not be
detrimental to data quality.

Overall, the levels of data quality in this study population were mostly consistent
with the literature examining gaps in complete data for patients managing diabetes.?® This
study did not determine the reasons for less than timely and incomplete data, but
determinants of poor EHR data quality in chronic disease care domains can include lack
of standards, incomplete or inaccurate data entry, spelling and coding errors, non-
compliant data protocols, and errors in extraction, to name a few.133144145 Direct
comparisons with other studies on timeliness and completeness are challenging. While
timeliness and completeness are well-defined data quality constructs,?-?° many studies of
EHR data quality do not always account for the longitudinal nature of patient clinical
interactions. We adapted our approach to examine the completeness of relevant chronic
disease and demographic data elements longitudinally to examine the full historical
account of data at the patient level.”™

Additionally, this study highlighted additional notable differences in data quality.

EHR data for underrepresented racial minority patients were marginally less timely than
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for non-Hispanic White patients. The magnitude of these differences may reflect
distributions in patient characteristics that were not examined in this study. Given our
sample is majority African American/Black and T2DM affects a large share of African
American/Black patients in the US, the effects of incomplete and less timely data on care
quality and care coordination should be explored further.14¢ In addition, this study
illustrates the very disruptive nature of the COVID-19 pandemic on EHR data quality.
EHR data completeness scores decreased during the pandemic period. This indicates
future EHR-based research may have to account for lower quality data during this period.
Limitations

These findings on data quality are limited in terms of the generalizability of the
measurements and the patient population. First, these findings solely included structured
data elements. It is possible that relevant data were documented in clinical notes or other
text documents, and therefore would have been available at either encounter type. While
potentially available for clinical care, any text-based data would be less accessible for
secondary uses. Second, due to the COVID-19 pandemic, timeliness measures may have
been affected by delays in care experienced by all primary care settings. Third, this study
did not assess where the observed levels of data quality were sufficient for effective
decision-making and disease management. The levels of data quality may not be
generalizable to other settings as with different documentation practices, scheduling
practices, and workflows.
CONCLUSION

EHR data for patients managing T2DM with a history of telehealth use were

generally more timely and more complete than data for patients with no history of
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telehealth use. Differences in data quality among visit types and across patient
characteristics may limit care delivery and secondary data uses. Improvements to data
collection and quality will be needed as telehealth and hybrid delivery models become

more common.
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Table 2. Patient and Encounter Descriptive Characteristics by History of Telehealth Use

History of patient telehealth use by demographic

characteristics

Total, n (%)

History of Telehealth

No History of

Telehealth Use, n

Use, n (%) (%) P value
Patient Sex 0.412
Male 1705 (33.9) 638 (33.2) 1067 (34.4)
Female 3322 (66.1) 1284 (66.8) 2038 (65.6)
Patient Race <0.001
White 1480 (29.4) 620 (32.3) 820 (27.7)
Black 2617 (52.1) 1029 (53.5) 1588 (51.1)
Hispanic 579 (11.5) 161 (8.4) 418 (13.5)
Asian 48 (0.9) 16 (0.8) 32 (1.0
American
Indiana/Alaska
Native 5(0.1) 19 (0.9) 5(0.2)
Native
Hawaiian/Other
Pacific Islander 59 (1.2) 35(1.8) 40 (1.3)
More than
one Race 143 (2.8) 42 (2.2) 54 (1.7)
Age <0.001
18-25 66 (1.3) 28 (1.5) 38 (1.2)
26-45 781 (15.5) 284 (14.8) 497 (16.0)
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46-55 1130 (22.5) 421 (21.9) 709 (22.8)
56-65 1592 (31.7) 561 (29.2) 1031 (33.2)
66-75 966 (19.2) 425 (22.1) 541 (17.4)
>75 492 (9.8) 102 (10.6) 289 (9.3)
Charlson
Comorbidity
Score <0.001
0 549 (10.9) 188 (9.8) 361 (11.6)
1 1919 (38.2) 674 (35.1) 1245 (40.1)
2 1554 (30.9) 644 (33.5) 910 (29.3)
3 726 (14.4) 305 (15.9) 421 (13.6)
4 221 (4.4) 86 (4.5) 135 (5.4)
5 48 (0.9) 20 (1.0) 28 (0.9)
6 10 (0.2) 5(0.3) 5(0.2)
Insurance <0.001
Commercial 574 (11.4) 140 (7.3) 434 (13.9)
Medicare 2756 (54.8) 1245 (64.8) 1511 (48.7)
Medicaid 1395 (27.6) 449 (23.4) 946 (30.5)
Self-pay 205 (4.1) 47 (2.5) 158 (5.1)
Other 96 (1.9) 41 (2.1) 55 (1.8)
COVID-19 0.359
Pre-COVID 4787 (95.2) 1823 (94.9) 2964 (95.5)
Post-
COVID 240 (4.8) 99 (5.2) 141 (4.5)
Year 0.002
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2016 2120 (42.2) 857 (44.6) 1263 (40.7)
2017 1414 (28.1) 516 (26.9) 898 (28.9)
2018 628 (12.5) 219 (11.4) 409 (13.2)
2019 518 (10.3) 181 (9.4) 337 (10.9)
2020 335 (6.7) 147 (7.7) 188 (6.1)
2021 12 (0.2) 2(0.1) 10 (0.32)
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Table 3. Patient and Encounter Characteristics by Timeliness and Completeness Measures for T2DM EHR Data

Measures of Timeliness, Completeness, and Information Density Score of T2DM EHR Data

Timeliness (in days)?

Completeness®

Sperrin's | (Information Density Score)®

Mean (SD) | P value Mean (SD) P value Mean (SD) P value

Telehealth Use 0.045 0.901 <0.001
No 79.8 (65) 0.892 (0.05) 0.784 (0.11)
Yes 73.3 (61.6) 0.892 (0.04) 0.795 (0.08)

Patient Sex 0.021 0.882 0.033
Male 62.8 (63.6) 0.896 (0.05) 0.784 (0.10)
Female 101 (163) 0.892 (0.04) 0.790 (0.09)

Patient Race/Ethnicity 0.003 <0.001 <0.001
White 71.7 (63.4) 0.889 (0.06) 0.790 (0.09)
Black 77.1(62.4) 0.890 (0.04) 0.792 (0.09)
Hispanic 88.8 (68.3) 0.903 (0.04) 0.775 (0.11)
Asian 99.3 (79.1) 0.891 (0.04) 0.807 (0.09)
American Indian/Alaska Native 85 (33.5) 0.882 (0.04) 0.736 (0.19)
Native Hawaiian/Other Pacific Islander | 83.5 (47.8) 0.906 (0.03) 0.768 (0.12)




€€

More than one Race 73.3(63.3) 0.906 (0.04) 0.751 (0.11)
Age <0.001 0.172 <0.001
18-25 86.4 (60.2) 0.887 (0.07) 0.775 (0.13)
26-45 88.3 (73.3) 0.891 (0.04) 0.776 (0.11)
46-55 78.8 (65.7) 0.892 (0.04) 0.785 (0.09)
56-65 77.5 (65.6) 0.891 (0.04) 0.789 (0.09)
66-75 71.2 (53.1) 0.892 (0.05) 0.795 (0.09)
>75 66.7 (53) 0.895 (0.05) 0.798 (0.10)
Charlson Comorbidity Score <0.001 <0.001 0.188
0 87.9 (81.3) 0.876 (0.04) 0.798 (0.13)
1 92.3 (75.5) 0.890 (0.05) 0.786 (0.11)
2 72.2 (50.6) 0.895 (0.04) 0.781 (0.08)
3 53.4 (26.8) 0.897 (0.03) 0.793 (0.07)
4 45.9 (23.2) 0.904 (0.04) 0.804 (0.06)
5 37.7 (17.4) 0.893 (0.03) 0.825 (0.04)
6 42.2 (19.2) 0.900 (0.03) 0.806 (0.04)
Insurance 0.008 <0.001 0.018
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Commercial 86.3 (60.8) 0.886 (0.05) 0.776 (0.11)
Medicare 72 (58) 0.892 (0.05) 0.796 (0.09)
Medicaid 80.9 (70.5) 0.893 (0.04) 0.779 (0.11)
Self-pay 96 (87.9) 0.896 (0.04) 0.788 (0.15)
Other 84.7 (58.9) 0.899 (0.03) 0.762 (0.11)
COVID-19 0.203 <0.001 <0.001
Pre-COVID 72.2 (68.5) 0.893 (0.04) 0.786 (0.09)
Post-COVID 143 (278) 0.862 (0.09) 0.822 (0.15)
Year 0.052 <0.001 <0.001
2016 69.7 (54) 0.896 (0.04) 0.799 (0.08)
2017 94.8 (73.8) 0.894 (0.04) 0.782 (0.09)
2018 78.7 (59.8) 0.896 (0.04) 0.772 (0.11)
2019 75.3 (66.7) 0.884 (0.05) 0.766 (0.12)
2020 54.5 (61.2) 0.867 (0.08) 0.803 (0.14)
2021 15.4 (10.8) 0.826 (0.12) 0.905 (0.16)

Note:
aTimeliness is measured at the encounter level.
bCompleteness is measured at the patient level.




Table 4. Data Quality Measurements for T2DM EHR Data by Patients” Use of Telehealth

Quality Measures for T2DM EHR Data

History of
Telehealth Use No History of Telehealth Use P value
Mean (SD) Mean (SD)

Timeliness (in days)?
Body Mass Index

(BMI) 50.6 (112) 61.2 (120) 0.021
Body Weight 52 (114) 63 (131) 0.006
Blood pressure 42.6 (91) 52.1(99) 0.041
HbAlc 324 (386) 412 (488) <0.001
Cholesterol 326 (322) 432 (481) <0.001
Serum Creatinine 123 (219) 135 (212) 0.284
Smoking Status 29 (76.6) 31.9 (88.8) 0.712

Completeness®
Body Mass Index

(BMI) 0.991 (0.07) 0.990 (0.11) 0.032
Body Weight 0.992 (0.04) 0.992 (0.06) 0.882
Blood pressure 0.993 (0.05) 0.993 (0.09) 0.701
HbAlc 0.886 (0.22) 0.836 (0.32) <0.001
Cholesterol 0.903 (0.35) 0.814 (0.31) 0.001
Serum Creatinine 0.989 (0.12) 0.983 (0.18) 0.044
Smoking Status 0.993 (0.09) 0.994 (0.10) 0.844
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Sperrin's |
(Information Density

Score)®

Body Mass Index

(BMI) 0.831(0.12) 0.806 (0.13) 0.012
Body Weight 0.877 (0.10) 0.807 (0.09) 0.442
Blood pressure 0.820 (0.09) 0.866 (0.13) <0.001
HbAlc 0.881 (0.12) 0.827 (0.12) <0.001
Cholesterol 0.822 (0.12) 0.838 (0.08) 0.011
Serum Creatinine 0.791 (0.11) 0.814 (0.12) <0.001
Smoking Status 0.889 (0.12) 0.880 (0.10) 0.061

Note:

aTimeliness is measured at the encounter level. Lower timeliness, in days, indicates higher

levels of data quality.

bCompleteness is measured at the patient level. Higher levels of completeness indicate that
more data are available for each patient.
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CHAPTER 3: ASSOCIATIONS BETWEEN PRIMARY CARE LABORATORY
TEST AGE AND HEALTHCARE UTILIZATION AMONG PATIENTS
MANAGING TYPE 2 DIABETES MELLITUS

INTRODUCTION

Patient data generated by clinicians across settings, including laboratory tests,
play a key role in monitoring type 2 diabetes mellitus (T2DM) disease progression and
care management.*>%5! For example, T2DM management relies on glycemic control and
is an important indicator of care quality that requires regular laboratory testing.!>!
Cholesterol and serum creatinine laboratory tests also inform T2DM management as
important indicators of disease progression.t>%15315 Moreover, laboratory tests provide
important data attributes that support patient self-management, provider clinical decision-
making, and are intended to monitor disease progression to prevent unplanned
hospitalizations.®8° However, laboratory test data are not often captured uniformly
across settings which may create data gaps and affect care quality.'>°

The US Preventive Services Task Force and the American Diabetes Association
(ADA) developed guidelines recommending clinicians conduct glucose test based on
T2DM risk factors including age, weight, and comorbid conditions.*>165 There are still
well-known screening and testing process deficiencies that create patient data gaps which
may have downstream implications for T2DM care quality and care coordination. For
example, evidence that determines the optimal frequency of glucose and HbA1c tests is
still limited.*>* Additionally, glucose test management practices are suboptimal even as
follow-up reporting and care are supported by EHRs and other digital healthcare tools

that enable timely recognition of test results.’*® One study reported a follow-up failure
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rate between 50%-62% for reporting abnormal test values.'*® Timely access to laboratory
test features including reported values and test frequency inform the extent to which
T2DM has advanced.36:148.15 These challenges are indicative of system-level factors
driving laboratory tests gaps that are critical to T2DM management.43150 Chronic disease
management and integrated care are improved by timely, shareable laboratory test data
across providers and clinical settings.!16:152

However, the quality of laboratory data available to providers may not be
sufficient to support care and reduce unnecessary utilization. For example, older
laboratory tests may impede the ability of providers and patients to timely and effectively
reduce T2DM progression and unnecessary hospital admissions.*>° Additionally, older
laboratory tests may indicate poor compliance with standards of care, including
increasing testing frequencies for concerning laboratory test results and advanced disease
management.’>! These issues may limit access to relevant patient information and timely
treatment to avoid costly care.'*6-157 Prior research found that patients with Diabetes and
concomitant clinical and demographic risk factors have an increased risk of unplanned
hospitalizations and longer lengths of stay than patients without Diabetes. 155 157
Identifying means to improve care for those with T2DM is critical as patients with T2DM
account for more costs, hospitalizations, and overall utilization!51:154-162
Objective

While timely laboratory test data are clearly important, we lack clear evidence on
its association with subsequent healthcare utilization. In addition, numerous features of
our health care system inhibit access to timely laboratory information such as poor access

to care, patient compliance, cost barriers, and non-interoperable health information
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technology. %5168 The purpose of this study is to examine the association between
laboratory test ages and subsequent inpatient hospitalizations and emergency department

(ED) visits.

METHODS

Study Design
We used a panel design to examine associations between T2DM primary care

laboratory test ages and subsequent inpatient hospitalizations and ED visits.

Study Population

The study sample included patients managing T2DM aged >18 years who were
seen between 2016 and 2021 at two health systems in central Indiana. The sample was
defined as any patient who received a T2DM diagnosis between their index and latest

encounter date and had a subsequent inpatient hospitalization or ED visit.

Data

The EHR dataset used in the current study was derived from the Indiana Network
for Patient Care (INPC). The INPC is a statewide health information exchange that was

established in 1994 as a repository for cross-institutional patient data.***

Primary Care Laboratory Test Age

We defined a measure of timeliness as the prior year (i.e., lagged) average age of
primary care laboratory tests relevant to T2DM care. We quantified laboratory age as the

number of days between laboratory test dates and subsequent encounter dates for three
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tests: serum creatinine, glycated hemoglobin Alc, and cholesterol tests. We scaled the
resulting days into months to improve interpretability of findings (i.e., divided days by

30.44). Fewer months indicate that laboratory tests are newer.%

Study Outcome
We identified patient encounters that were coded as inpatient hospitalizations and
ED visits. We determined the frequency of each visit type to create count variables for

each year a patient was included in the sample.

Analysis

We described the sample using frequencies, percentages, and means. To examine
relationships between average laboratory test age and the frequency of inpatient
hospitalizations and ED visits, we estimated multivariable Negative Binomial regression
models with patient fixed effects and year dummies to control for linear trends. Average
primary care laboratory test age (timeliness measure) was lagged by a year. All
regression analyses controlled for prior-year primary care visits. We conducted stratified
analyses to explore differences in effects by patient sex, age, race, and insurance status.
Regression estimates were reported using marginal effects. All analyses were conducted

in STATA 16.1. Results were considered significant at the p=0.05 level.

Sensitivity Analyses

First, we fit separate fixed-effects Poisson Regression models as a check on the
Negative Binomial regressions. Next, some laboratory test dates were unmatchable by

proximate dates and patient identifiers which produced missing ages for relevant T2DM
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laboratory tests. We determined that data were missing at random based on a mean
imputation approach.* Results from this approach yielded little change to standard errors
which indicated that overall laboratory test ages were only partially sensitive to mean
imputation. Nevertheless, we examined whether the missing laboratory age data had
influenced model estimates by imputing values. We imputed the 90™ percentiles of
average laboratory test ages to obtain estimates under the assumption that missing data
were even older. Additionally, we imputed zeros in place of missing data as a check to
determine changes in results if missing data were as recent as possible. We created a
categorical measure of average laboratory test age to check for consistency of results
against the continuous measure. Lastly, we used a binary indicator to determine pre- and
post-COVID-19 status to examine whether the pandemic affected the recency of relevant
laboratory tests. Post-COVID-19 status was determined as any encounter and laboratory
date after March 13, 2020, when the Public Health Emergency Declaration was

announced.

RESULTS

The final sample included a total of 15,033 person-year observations. The mean
age of patients in the sample was 52.3 years. The majority of our sample included female
(60.6%), non-Hispanic Black (51.6%) patients who were primarily Medicare recipients
(42.4%) (Table 6). The average laboratory test age for the sample was 7.6 (SD=7.8)
months. The average age of primary care laboratory tests identified among ED visits were

generally older compared to inpatient admissions.
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Associations between Primary Care Laboratory Test Age and Inpatient and ED

Admissions

Older laboratory tests were associated with an increase in the expected counts of
subsequent inpatient hospitalizations (ME=0.047; p<0.001) and ED Visits (ME=0.034;
p<0.001) controlling for prior-year primary care visits and linear trends (Table 6). Results
from stratified analyses were consistent with estimates from the main findings for the
inpatient hospitalization outcome (Figures 3 & 4). Patient demographic subgroups with
older laboratory tests were separately associated with statistically significant increases in
the expected counts of inpatient hospitalizations except for patients whose insurance
status was “Self-pay”. Similarly, older laboratory tests for patient demographic subgroups
were associated with statistically significant increases in the expected counts of ED visits.
Notably, the estimate for patients in age groups 26-45, 46-55, and 56-65 indicated that as
laboratory tests aged, the expected counts of inpatient hospitalizations gradually

increased compared to the main effect (Figure 3).

Sensitivity Analyses

Sensitivity analyses aligned with the results of our primary analysis (Tables 7-15).
The fixed-effects Poisson regression models were consistent (Table 7). Laboratory test
age categories indicated that tests older than 12 months increased the total expected
counts of inpatient hospitalizations by approximately 81 percentage points (p<0.001)
(Table 8) and ED visits by 120 percentage points per patient per year (Table 9). In fixed-
effects Negative Binomial regressions that modeled the independent variable with
imputed zeros, older laboratory tests were associated with an increase in the expected

counts of both inpatient hospitalizations and ED Visits (Table 10 & 11). Imputing the 90"
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percentiles of laboratory test ages determined no change and were supportive of main
model marginal effects estimates. Imputing 12 months (equivalent of a year) into missing
laboratory test ages produced effect estimates that reflect results from our primary
analysis (Tables 14 & 15). Patients who were seen in inpatient settings after the Public
Health Emergency Declaration for the COVID-19 pandemic were predicted to, on
average, have more recent laboratory tests by 0.12 months (Table 16). Additionally,
patients who were seen in the emergency department after the Public Health Emergency
Declaration for the COVID-19 pandemic were predicted to, on average, have newer

laboratory tests by 1.17 months.

DISCUSSION

In a two-health system sample, older laboratory tests were associated with an
increase in subsequent inpatient hospitalizations and ED visits among adult patients
managing T2DM. This study contributes to the clinical data quality literature by
operationalizing a clinically relevant measure of timeliness and its relationship with
subsequent healthcare utilization. Prior research examined how diabetes progression is
associated with higher healthcare utilization.*> While our study did not examine factors
related to T2DM progression, i.e. values of laboratory tests, older laboratory tests
produced in primary care settings are possibly linked to unnoticed disease advancement
which may result in inpatient hospitalizations and/or ED visits. This pattern was also
present in stratified analyses where the age of prior-year laboratory tests was associated
with increases in inpatient hospitalizations in parallel with ascending patient age groups.

Healthcare organizations could consider several proven interventions to improve

access to timely laboratory test data in primary care settings. First, engagement in health
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information exchange has been demonstrated to improve EHR data quality and data
specific to Diabetes.®® Second, organizations could encourage patients to use digital
healthcare tools that generate data to improve test monitoring. For example, patients
managing T2DM have access to continuous glucose monitoring (CGM) digital
technologies that provide data on the percentage of time spent in the target range of
glycemic control.24” Use of these tools may remove barriers to timely, automated data
entry which is critically important to monitoring disease progression. In addition, patient
portals enable patients with the ability to review and verify information important to
managing their own health, including laboratory test values and the presence of recent
tests. 139

In considerations of data quality, prior research has primarily focused on
quantifying measures of completeness and accuracy.'’-3%133 These are important aspects
of data quality; however, this study was focused on operationalizing a measure of
timeliness. Timeliness has been variously defined in the literature as data elements that
represent a patient health status at a given point in time and reflected using quotients that
account for average intervals between data attribute updates.®%-"* Such measures are very
useful from an informatics perspective, however, we opted for a measure of timeliness,
i.e., age in months, with straightforward interpretability.

The American Diabetes Association (ADA), the US Preventive Services Task
Force, and the Centers for Disease Control and Prevention (CDC) recommend regular
testing to improve Diabetes self-management to avoid inpatient hospitalizations and ED
admissions.'5+161.163 However, patients managing T2DM may be subject to irregular

laboratory testing and disparate collection of other physiological measurements.*6*
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Importantly, T2DM care management is improved when patients maintain a regular
testing regime to avoid duplicate or unnecessary laboratory tests. Findings from this
study suggest that T2DM testing was generally uniform among older patients with a
history of comorbid conditions, which is reflective of ADA and CDC guidelines.
However, these guidelines do not consider scenarios or effective approaches when
laboratory tests are out of date or too old to support meaningful clinical decision-making.
Uniform testing provides clinicians with recent laboratory test results to better inform
care.®” Clinicians are expected to ensure timely monitoring of patients with laboratory
tests that are clinically concerning to avoid unnecessary hospital admissions.*>® Thus,
timeliness is a focal data quality dimension for examining clinical domains where regular

pathophysiological measurements are required to manage and treat chronic disease.

Limitations

This study had several limitations. We used months as the scale for laboratory test
ages computed using patient encounter and laboratory dates. This approach facilitates
interpretability but may not be the most precise method of describing the age of relevant
T2DM laboratory tests. We only examined timeliness and did not operationalize other
data quality dimensions (e.g., completeness, correctness, and accuracy). Other factors
besides laboratory test age could be driving the increase in inpatient hospitalizations and
ED visits that are not addressed in our fixed-effects models. The COVID-19 pandemic
may have led to critical care delays for patients in our sample, particularly in 2020 and
2021. As a result, patients in our sample may have forgone laboratory-based blood draws
to avoid disease exposure and summarily contributed to higher-than-average laboratory

tests ages. Patients may also be subject to missed opportunities and self-management
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stigmas that may impede improved care coordination and laboratory test sequencing that
that are critical to better health outcomes. Lastly, data used in this study were specific to
this sample of patients at two health systems. Thus, these results cannot be generalized to
other health systems or similar patient populations.
CONCLUSION

This study found that older laboratory tests were associated with increases in
subsequent inpatient hospitalizations and ED visits among patients managing T2DM.
Chronic disease management relies on uniform, timely, and accessible patient data.
Improving the uniformity and timeliness of laboratory testing data may aid in reducing

exacerbations of T2DM and unplanned hospital visits.
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Table 5. Patient Characteristics

Average Prior Year

Total Sample Laboratory Test age (in
(n=15,033) months)
Inpatient Hospitalizations, mean (SD) 0.3(1.2) 7.7
Emergency Department Visits, mean (SD) 0.5(1.1) 7.9
Patient Sex (%)
Male 39.4 7.9
Female 60.6 8.3
Patient Race/Ethnicity (%)
White 26.7 7.5
African American/Black 51.6 8.1
Hispanic 15.3 9.2
Asian 1.0 7.9
American Indian/Alaska Native 0.2 9.3
Native Hawaiian/Other Pacific Islander 15 7.5
More than one Race 3.7 7.9
Age (%)
18-25 2.9 9.7
26-45 24.8 9.3
46-55 27.4 8.3
56-65 27.8 7.4
66-75 11.3 6.8
>75 5.8 5.9

Charlson Comorbidity Score (%)
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0 17.3 104
1 42.9 8.8
2 249 7.0
3 8.8 4.9
4 2.1 3.7
5 0.5 3.1
6 3.5 25
Insurance (%)
Commercial 135 9.0
Medicare 42.4 7.3
Medicaid 35.5 8.5
Self-pay 5.8 9.0
Other 2.8 8.3
COVID-19 Status
Pre-COVID 68.6 6.8
Post-COVID 31.4 8.7
Year (%)
2016 26.8 4.1
2017 23.1 6.5
2018 17.4 8.7
2019 15.6 9.3
2020 114 9.5
2021 5.7 8.0
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Table 6. Fixed-effects Negative Binomial Regression Models Marginal Effects for Inpatient Hospitalizations and Emergency
Department Visits — Primary Care Laboratory Test Age in Months

Dependent Variable: Inpatient Hospitalizations

Independent Variable: Laboratory Test Age (in

Months)

Model 1: Fixed-effects Negative Binomial

Dependent Variable: ED Visits

Independent Variable: Laboratory Test Age

(in Months)

Regression Model 2: Fixed-effects Negative Binomial
Regression
ME se 95% ClI P value ME se 95% ClI P value
Prior Year Laboratory Test 0.047 0.007 0.033 0.062 <0.001 0.034 0.007 | 0.021 | 0.047 | <0.001
age (timeliness)
Prior Year Outpatient Visits -0.025 0.009 | -0.042 | -0.008 0.004 -0.049 | 0.011 | -0.071 | -0.029 | <0.001
Year (lagged)
2018 0.048 0.086 -0.121 | 0.217 0.578 0.270 0.115 | 0.044 | 0.496 | 0.019
2019 0.336 0.096 0.148 0.523 <0.001 0.169 0.118 | -0.062 | 0.402 | 0.152
2020 0.657 0.112 0.436 0.877 <0.001 -0.614 | 0.122 | -0.853 | -0.375 | <0.001
2021 -1.071 0.11 -1.288 | -0.855 | <0.001 -3.086 | 0.192 | -3.462 | -2.709 | <0.001
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Table 7. Fixed-effects Poisson Model Marginal Effects for Inpatient Hospitalizations and Emergency Department Visits — Primary
Care Laboratory Test Age in Months

Dependent Variable: Inpatient
Hospitalizations Dependent Variable: ED Visits
Independent Variable: Laboratory Test Age | Independent Variable: Laboratory Test Age
(in Months) (in Months)

Model 1: Fixed-effects Poisson Regression | Model 2: Fixed-effects Poisson Regression

ME se 95% ClI Pvalue | ME se 95% Cl P value
Prior Year Laboratory Test age (timeliness) | 0.032 | 0.004 | 0.024 | 0.041 | <0.001 | 0.018 | 0.001 | 0.005 | 0.021 | <0.001
Prior Year Outpatient Visits -0.000 | 0.005 | -0.009 | 0.009 | 0.996 | -0.011 | 0.002 | -0.015 | -0.007 | <0.001
Year (lagged)
2018 0.101 | 0.050 | 0.003 | 0.199 | 0.044 | 0.082 | 0.026 | 0.031 | 0.132 | 0.001
2019 0.265 | 0.056 | 0.155 | 0.375 | <0.001 | 0.046 | 0.026 | -0.005 | 0.097 | 0.077
2020 0.434 | 0.066 | 0.306 | 0.562 | <0.001 | -0.150 | 0.024 | -0.198 | -0.103 | <0.001
2021 -0.781 | 0.038 | -0.856 | -0.707 | <0.001 | -0.804 | 0.018 | -0.839 | -0.768 | <0.001
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Table 8. Fixed-effects Negative Binomial Model Marginal Effects for Inpatient Hospitalizations — Primary Care Laboratory Test Age
Categories

Fixed-effects Negative Binomial Regression for

Inpatient Hospitalizations

ME se 95% ClI P value
Marginal Effects for Prior Year Laboratory
Test Age Categories
<3 months 0.407 | 0.073 | 0.264 0.549 <0.001
4-7 months 0.543 | 0.082 | 0.391 0.704 | <0.001
8-11 months 0.591 | 0.090 | 0.415 0.768 <0.001
>12 months 0.810 | 0.094 | 0.625 0.995 <0.001
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Table 9. Fixed-effects Negative Binomial Model Marginal Effects for Emergency Department Visits — Primary Care Laboratory Test
Age Categories

Fixed-effects Negative Binomial Regression for
ED Visits
ME se 95% ClI P value
Marginal effects for Prior Year Laboratory
Test Age Categories
<3 months 1.041 | 0.058 | 0.928 1.153 <0.001
4-7 months 1.089 | 0.060 | 0.971 1.206 | <0.001
8-11 months 1.086 | 0.063 | 0.962 1.210 <0.001
>12 months 1.204 | 0.064 | 1.079 1.328 <0.001
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Figure 3. Fixed-effects Negative Binomial Regression Marginal Effects Estimates: Stratified by Patient Race, Age, Insurance Status,
and Sex — Inpatient Hospitalizations

Fixed-effects Negative Binomial Regressions: Stratified Analyses by Demographic Category

Dependent variable: Inpatient Hospitalizations
Independent variable: Average Laboratory Test Age (in Months)
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Dashed horizontal line represents main fixed-effects
Negative Binomial marginal effects estimate as a comparator.

*p<0.05; **p<0.01 ; ***p<0.001
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Figure 4. Fixed-effects Negative Binomial Regression Marginal Effect Estimates: Stratified by Patient Race, Age, Insurance Status,
and Sex — Emergency Department Visits

Fixed-effects Negative Binomial Regressions: Stratified Analyses by Demographic Category

Dependent variable: Emergency Department Admissions
Independent variable: Average Laboratory Test Age (in Months)
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Table 10. Sensitivity Analyses: Primary Care Laboratory Age modeled with Zeros imputed in Laboratory Test Age Variable in

Months — Inpatient Hospitalizations (Fixed-effects Negative Binomial Regression Models)

Dependent Variable: Inpatient Hospitalizations

Independent Variable: Laboratory test age (zero imputation)

Model 1: Fixed-effects Negative Binomial Regression

ME se 95% ClI P value
Prior Year Laboratory Year Test Age
0.001 | 0.000 | 0.001 0.002 <0.001
(timeliness)
Prior Year Outpatient Visits -0.017 | 0.004 | -0.026 | -0.001 <0.001
Year (lagged)
2018 -0.014 | 0.044 -0.099 0.071 0.747
2019 0.131 0.045 0.043 0.219 0.004
2020 0.243 0.047 0.150 0.335 <0.001
2021 -1.013 | 0.067 -1.146 -0.880 <0.001
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Table 11. Sensitivity Analyses: Primary Care Laboratory Age modeled with Zeros imputed in Laboratory Test Age Variable in
Months — Emergency Department Visits (Fixed-effects Negative Binomial Regression Models)
Dependent Variable: ED Visits

Independent Variable: Laboratory test age (zero imputation))

Model 1: Fixed-effects Negative Binomial Regression

ME se 95% ClI P value
Prior year Laboratory age (timeliness) 0.001 0.000 0.001 0.001 <0.001
Prior year Outpatient Visits -0.061 | 0.010 | -0.081 | -0.041 <0.001
Year (lagged)
2018 0.170 0.107 -0.039 0.379 0.111
2019 0.019 | 0.110 | -0.197 | 0.235 0.863
2020 -0.761 | 0.117 -0.991 -0.532 <0.001
2021 -3.341 | 0.187 -3.706 -2.976 <0.001
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Table 12. Sensitivity Analyses: Primary Care Laboratory Age modeled with 90" percentile Laboratory Test Age (in Months)
Imputation — Inpatient Hospitalizations (Fixed-effects Negative Binomial Regression Models)
Dependent Variable: Inpatient Hospitalizations

Independent Variable: Laboratory Test age (90" percentile
imputation)

Model 1: Fixed-effects Negative Binomial Regression

ME se 95% ClI P value
Prior Year Laboratory Test Age
0.010 | 0.002 | 0.007 0.014 <0.001
(timeliness)
Prior Year Outpatient Visits -0.023 | 0.007 | -0.037 -0.008 0.002
Year (lagged)
2018 0.038 0.069 -0.098 0.175 0.584
2019 0.319 0.079 0.165 0.473 <0.001
2020 0.533 | 0.089 | 0.358 0.709 <0.001
2021 -0.993 | 0.089 -1.168 -0.818 <0.001
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Table 13. Sensitivity Analyses: Primary Care Laboratory Age modeled with 90" percentile Laboratory Test Age (in Months)
Imputation — Emergency Department Visits (Fixed-effects Negative Binomial Regression Models)
Dependent Variable: ED Visits

Independent Variable: Laboratory test age (90" percentile
imputation)

Model 1: Fixed-effects Negative Binomial Regression

ME se 95% Cl P value
Prior Year Laboratory Test Age (timeliness) 0.017 0.002 0.003 0.011 <0.001
Prior Year Outpatient Visits -0.054 0.010 -0.074 | -0.034 <0.001
Year (lagged)
2018 0.227 0.102 0.028 0.426 0.025
2019 0.116 0.104 -0.087 0.319 0.263
2020 -0.637 0.108 -0.849 | -0.424 <0.001
2021 -3.154 0.172 -3.493 | -2.814 <0.001
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Table 14. Sensitivity Analyses: Primary Care Laboratory Age modeled with 12 months (a Year) imputed in Laboratory Test Age
Variable — Inpatient Hospitalizations (Fixed-effects Negative Binomial Regression Models)
Dependent Variable: Inpatient Hospitalizations

Independent Variable: Laboratory Test Age (12-month
imputation)

Model 1: Fixed-effects Negative Binomial Regression

ME se 95% ClI P value
Prior Year Laboratory Test Age
0.049 | 0.006 | 0.037 0.061 <0.001
(timeliness)
Prior Year Outpatient Visits -0.022 | 0.008 | -0.037 -0.006 0.005
Year (lagged)
2018 -0.019 | 0.076 -0.169 0.129 0.795
2019 0.256 0.084 0.090 0.421 0.002
2020 0496 | 0.096 | 0.301 0.684 <0.001
2021 -1.119 | 0.100 -1.317 -0.923 <0.001




09

Table 15. Sensitivity Analyses: Primary Care Laboratory Age modeled with 12 months (a Year) imputed in Laboratory Test Age
Variable — Emergency Department Visits (Fixed-effects Negative Binomial Regression Models)
Dependent variable: ED Visits

Independent Variable: Laboratory Test Age (12-month
imputation)

Model 1: Fixed-effects Negative Binomial Regression

ME se 95% ClI P value
Prior Year Laboratory Test Age
0.037 | 0.006 | 0.025 0.048 <0.001
(timeliness)
Prior Year Outpatient Visits -0.052 | 0.010 | -0.072 | -0.032 <0.001
Year (lagged)
2018 0.172 | 0.105 | -0.035 | 0.378 0.103
2019 0.020 0.108 -0.192 0.232 0.851
2020 -0.747 | 0.114 -0.971 -0.523 <0.001
2021 -3.302 | 0.182 -3.658 -2.946 <0.001
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Table 16. Primary Laboratory Test Age Pre- and Post-COVID-19 Emergency Declaration

Dependent Variables: Inpatient Hospitalizations and Emergency Department Visits (Fixed-effects Negative Binomial Regressions)

Fixed-effects Negative Binomial

Fixed-effects Negative Binomial Regression for ED

Regression for Inpatient Hospitalizations Visits

ME 95% ClI P value ME 95% ClI P value
COVID-19 Status (ref:
Pre-COVID-19)
Post-COVID-19 -0.124 -0.034 -0.012 0.004 -1.169 -1.288 -1.051 <0.001




CHAPTER 4: PATIENT PORTAL USE AND ELECTRONIC HEALTH RECORD

(EHR) DATA TIMELINESS IN TYPE 2 DIABETES MELLITUS CARE
INTRODUCTION

Type 2 Diabetes (T2DM) care relies on a wide array of electronic health record
(EHR) data elements including laboratory results, medication regimens, and behavioral
indicators (e.g., smoking status).'3? These data are collected by multispecialty care teams
during various interactions with patients. The quality of EHR data may be subject to
challenges because of numerous touchpoints and differential documentation practices
across care settings and providers.3® As a result, patient EHR data are subject to varying
levels of data quality. Errors and missing patient information can have costly care
coordination ramifications if uncorrected.'®* Adverse outcomes from missing patient
information, particularly in the primary care setting, include duplicate medications,
missed or delayed diagnoses, missed immunizations, and repeat testing and
procedures. 165166
Patient portals enable bidirectional communication between providers and

patients to share and receive health information for critical care processes.*?’
Approximately 44 million patients have access to ambulatory care health information
documented and maintained in their patient portal.*3® With this technology, patient
portals serve as a means to improve data quality by allowing patients to view, verify, and
correct their records where information may be missing, misrepresented, or
repeated.**>167 The opportunity to improve EHR data quality via patient portals may
optimize care coordination and self-management, which are critical features of improving

chronic disease care outcomes.?>190.137 |_jkewise, there may be potential outcome

62


https://paperpile.com/c/GtVInB/fKk12
https://paperpile.com/c/GtVInB/IucjN
https://paperpile.com/c/GtVInB/1k6oN
https://paperpile.com/c/GtVInB/hKqlu+PWGjC
https://paperpile.com/c/GtVInB/QLXgX
https://paperpile.com/c/GtVInB/k7O74
https://paperpile.com/c/GtVInB/k7O74+SIYVn
https://paperpile.com/c/GtVInB/ypE8z+QLXgX+vpAQR

improvements among older and underrepresented patient populations due to historically
low digital literacy, low patient portal use, and lower levels of EHR data quality.168-17

Although patient portals enable data verification and correction, there are barriers
that may impede any tangible improvements in overall data quality. Namely, prior
research has identified challenges limiting patients’ access and consumption of their
health information as a result of disparate documentation patterns, health system
capacity, and inaccessible patient portals.t’%72 Despite these challenges, patients have
still become more perceptive to mistakes in diagnoses, medical history, medications, and
test results.'%-13 Patient portal use has also been found to increase overall patient
engagement by enabling access to their own health information to manage various
aspects of their health.%2173 Thus, patient portals reduce unnecessary care utilization and
care fragmentation for patients managing T2DM.* While prior research has investigated
implications of digital health tool use on data quality dimensions in clinical settings*"4,
studies have not examined associations between patient portal use and EHR data
timeliness in T2DM care.
Objective

This study examined the relationship between patient portal use and EHR data
timeliness for patients managing T2DM. We quantified a measure of timeliness using
structured EHR data. Although patient portal use is becoming more common, there are
still access barriers that limit registration and use among some disadvantaged patient
groups who may benefit most.!! Therefore, we specifically examined associations
between patient portal use and EHR data quality stratified by patient race, age, sex, and

insurance status.
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METHODS

Study Design

We examined the association between patient portal usage and EHR data

timeliness in a panel of patients aged >18 years between 2017 and 2021.

Sample & Setting

Our study sample was derived from two large health systems in central Indiana.
These systems operate more than 30 outpatient and specialty facilities. Approximately a
third of outpatient care is provided by specialists at these health systems. Patients were
included in the sample if they were diagnosed with T2DM by a primary or specialty care

provider between their index and final encounter.

Data

We extracted patient demographic, encounter, and laboratory data from the
Indiana Network for Primary Care (INPC), a statewide health information exchange data
repository, for patients seen at any facility affiliated with two large hospital systems in
central Indiana between 2017-2021. The INPC was established in 1994 as a repository for

38 health systems, 19,095 practices, and 19 million patients.'3*

Outcome Variable: EHR Data Timeliness

Timeliness was defined as the age of data elements that represent a patient’s
health state at a desired time of interest.?6° We quantified EHR data timeliness as the
number of days between patient encounters where available EHR attribute updates for

T2DM measurements were present including body mass index, body weight, glycated
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hemoglobin Alc, cholesterol, blood pressure, serum creatinine, and smoking status.
Fewer days between EHR attribute updates indicate better timeliness at the time of the

patient encounter.%

History of Patient Portal Use

We created a dichotomous measure of active patient portal use determined as
patients having received and opened a secure message sent by a health care provider or
provider organization. Patients without a history of active patient portal use did not
receive or open a secure message sent by a health care provider or provider organization.
Under this definition, patients who had been issued a patient portal account, but had
never used the technology, were non-users.

Demographic Variables

We included patient characteristics identified in EHR data for subgroup analyses.
The patient characteristics included patient age, patient race, patient sex, and insurance
status. Age categories were measured as (1) 18-25; (2) 26-45; (3) 46-55; (4) 56-65; and
(5) >65. Race was categorized as (1) non-Hispanic White; (2) African American/Black;
(3) Hispanic; and (4) Other. We modeled patient sex as (1) Female; and (2) Male. Lastly,
insurance status is categorized as (1) Commercial; (2) Medicare; (3) Medicaid; (4) Self-
Pay; and (5) Other.

Analytic Methods

We computed descriptive statistics and cross-tabulations using frequencies,
percentages, means, and standard deviations. One-way ANOVA analyses and chi-square
tests examined bivariate relationships between independent and dependent variables.

Negative binomial regressions with fixed effects estimated the association between
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patient portal use and EHR data timeliness. We used negative binomial models as
appropriate for the over-dispersed count-based timeliness outcome (i.e., total number of
days). Analyses accounted for linear time trends for 2017-2021 using yearly time dummy
variables. Hausman tests were performed to determine proper model fit.1’> We fit
separate regressions to examine variations in patient portal use and EHR data timeliness
by patient age, patient race, patient sex, and insurance status. For all models, we reported
marginal effects estimates. Statistical analyses were performed using Stata 16.0 (Stata
Corp., College Station, TX, USA). The institutional review board (IRB) at Indiana

University reviewed and approved this research protocol.

Sensitivity Analyses

To check the robustness of our findings, we undertook several sensitivity
analyses. First, we repeated analyses by fitting fixed effects Poisson models with time
dummies. Second, to check that results were not the product of extreme values, we fit
separate fixed-effects regression where we truncated the dependent variable, EHR data
timeliness, at the 90th and 95th percentiles. We tested a different measure of timeliness
using a quotient that accounts for the mean attribute update times between patient
encounters (Appendix 9).2! Lastly, we adjusted our main analysis to account for pre- and

post-COVID-19 status using a binary indicator.
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RESULTS

Descriptive Analyses

The study sample included 35,759 patient-encounter date observations. The
average age was 53.6 years. Most patients in the study were documented as non-Hispanic
Black (47.4%), female (65.8%), and had a Charlson comorbidity score of 1 or higher
(50.8%) (Table 18).

Nearly a third (31.3%) of the sample used the patient portal (Table 18). Mean
EHR data timeliness, i.e., days between EHR attribute updates, was lower among patients
who actively used patient portals (111.9 days) compared to patients who did not use
patient portals at all (136.7 days; p<0.001) (Table 18). Timeliness was lower among
patients who were documented as female, non-Hispanic White, >65 years of age, had a
Charlson score of 3, and were insured by Medicare. EHR data timeliness improved
during the study period. Use of patient portals steadily increased during the study period

(2017-2021) (Figure 6).

Association between Patient Portal Use and Data Timeliness

Patient portal use was associated with an expected decrease in the EHR data
timeliness (in days) of -0.036 (p<0.001) (Table 19). That is, patient portal usage was
associated with more timely data. In stratified analyses, patient portal usage was
generally associated with more time data for all patient groups. Specifically, patient
portal use was associated with more timely data among female (ME= -0.041; p<0.001)
and male (ME=-0.029; p=0.017) patients, and among patients who were enrolled in

Medicare (ME=-0.033; p=0.003) and Medicaid (ME= -0.044; p<0.001) (Figure 7).
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Patient portal use was negatively associated with the timeliness measure, i.e., data were
timelier among non-Hispanic White patients (ME= -0.061; p<0.001) and non-Hispanic
Black patients (ME= -0.035; p<0.001). Lastly, patient portal use was associated with
expected decreases in the EHR data timeliness measure among patients aged 26-45 (ME=

-0.040; p=0.001) and 56-65 (ME=-0.063; p<0.001).

Sensitivity Analyses

Sensitivity analyses were largely supportive of our primary analysis. In Poisson
and negative binomial regressions that examined outliers in the dependent variable at the
90th and 95th percentiles, patient portal use was associated with expected statistically
significant decreases in the EHR data timeliness measures (i.e., more timely data) and
was comparable to the main model (Tables 18 & 19). We modeled the dependent variable
using a quotient to account for mean time between updates to EHR data attributes
including body weight, body mass index (BMI), blood pressure, cholesterol, serum
creatinine, glycated HbAlc, and smoking status (Table 20). The quotient computes a
timeliness value between 0 and 1 (Appendix 9). These results showed that patient portal
use decreased EHR data timeliness albeit with smaller effect sizes due to the construction
of the measure (Table 21). Patients who used portals were predicted to have fewer days
between EHR attribute updates following the Public Health Emergency Declaration for
the COVID-19 pandemic.

DISCUSSION

In examining the relationship between patient portal use and EHR data timeliness,

we found that patient portal usage was associated with shorter time intervals between

relevant EHR attribute updates. Further, findings from this study underscore the
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important role health information access plays in improving overall data access and
quality, which is critical for patient engagement and managing T2DM.%2:100.176 A
considerable number of health information technology (HIT) policies have been
developed to ensure that patients have access to their patient information to improve
engagement and chronic disease management. Prior research has examined how patient
portal use improves engagement and self-management®?173177 ‘and this work adds
insights to the potential association with data quality.

Prior research has suggested that patient portal access and use enables data
correction and verification.**® Patient portal usage represents additional contact between
the patient and the health care system for additional data collection.®® Either or both of
these mechanisms (i.e., verification or additional collection opportunities) could explain
the association between usage and timeliness observed in this study. Regardless of the
mechanism, improvements in EHR data timeliness is an important goal for the health care
system, as timely data are important diagnostic indicators in the management of chronic
disease. Additionally, the association between patient portal usage and timelier EHR data
was consistent across numerous patient groups. Prior research that examined differential
patient portal use outcomes among patient demographics, raising concerns that such
technological interventions may not benefit all patients.”1’817® For example, research
suggests lower usage of patient portals among the elderly, and the uninsured.318

Our findings suggest, that once using the patient portal, all patients may benefit in
terms of higher data quality. In general, benefits only lagged among the older age groups.
Generally, lower levels of health and computer literacy are concerning among older age

groups.t3 Also, chronic conditions are prevalent among these age groups, and older
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patients tend to be higher utilizers of services. Health care organizations might consider
specifically increasing patient portal education among this population and others that may
not have experience or confidence in using digital health tools.

Health systems have increasingly adopted and used EHR technologies that
support patient portal functionality to improve patient engagement.?6-2° The Meaningful
Use (MU) program sponsored by the federal government incentivized the use of EHRS
and patient portals to improve patient information access.'8%182 These efforts were refined
in the Centers for Medicare and Medicaid Services (CMS) through its Promoting
Interoperability reports. Additionally, the 21st Century Cures Act established guidelines
for improving patient portal access to optimize chronic disease management and reduce
unnecessary health care interactions.'® The effects of greater patient portal access and
use on EHR data quality remains underexamined. Our findings provide evidence that
patient portal use does reduce time intervals between updates to relevant data. However,
these results may be unique to patients who are closely monitored as part of chronic
disease management programs and shifts from in-person care and test reporting to virtual
delivery formats to limit disease exposure.'8 We observed effects during, before, and
after the COVID-19 pandemic indicating that for any change in patient portal use, the
time between EHR attribute updates decreased slightly in the months following the
Public Health Emergency Declaration.

Past research examined the relationship between a single measure of EHR data
timeliness and care quality.** We sought to operationalize EHR data timeliness using
multiple metrics and approaches to demonstrate measure applicability in future research

that examines the quality of EHR data and its fitness and subsequent use to examine
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critical associations. However, our methodology is not exhaustive nor is it conclusive to
our chronic disease domain of interest. Thus, further research is needed to examine other
factors that might contribute to variations in attribute update times and how they might be
mitigated by the adoption and use of health information technologies like patient portals
and EHRs. For example, active use of patient portals may also improve EHR data
completeness in chronic disease settings, but improvements may vary in non-chronic
disease settings and across provider types where the informed presence of disease

indicators is less discernable.

Limitations

There are several limitations in this study. First, we measured timeliness in terms
of days between updates. The biomedical informatics literature has other definitions of
timeliness, and findings from this study may not have been similar with timeliness. In
addition, timeliness is only one dimension of quality, and we cannot speak to other
quality aspects. Second, we may not be able to generalize to other conditions and data
types. We specifically selected T2DM patients because patients managing chronic
disease have more frequent visits and physiological measurements. Patient groups relying
on fewer diagnostic measures or those that are of shorter duration may not see the same
associations in timeliness from patient portal use.

CONCLUSION

This study found that patient portal use was associated with EHR data timeliness
in T2DM care. Reducing EHR data timeliness is an important health care outcome that
may indicate that improvements in overall data quality are bolstered by the active use of

patient portals and other digital health solutions.
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Table 17. Descriptive Patient Characteristics and EHR Data Timeliness

EHR Data Timeliness for All Patients

(%) | Mean Timeliness (in days) (SE) | 95% CI | P value
Patient portal use <0.001
Yes 313 111.9 (19.0) 73.9-149.8
No 68.7 136.7 (27.6) 81.8-191.6
Patient Sex <0.001
Female 65.8 120.9 (23.8) 73.5-168.3
Male 34.2 128 (23.7) 80.9-175.1
Patient Race/Ethnicity 0.004
White 28.3 112.9 (25.1) 63.1-162.8
African American/Black | 47.4 129.5 (22.3) 85.0-173.9
Hispanic 16.6 158.5 (56.4) 46.2-270.8
Other 3.9 42.8 (16.6) 9.6-75.9
Age 0.007
18-25 5.7 105.3 (36.5) 32.5-178.1
26-45 39.3 155.4 (33.6) 88.4-222.3
46-55 25.8 107.9 (27.9) 52.2-163.5
56-65 20.1 101 (26.9) 47.5-154.5
>65 6.7 113 (52.6) 8.5-217.9
Charlson Comorbidity Score 0.021
0 26.9 165 (47.2) 71.3-259.2
1 50.8 115.5 (19.4) 86.9-154.1
2 17.3 121.8 (42.0) 38.2-205.5
3 4.1 71.2 (22.3) 26.9-115.4
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Insurance <0.001
Commercial 25.2 136.6 (42.6) 51.7-221.5
Medicare 24.1 81.9 (16.5) 49.1-114.8
Medicaid 41.4 134.4 (23.9) 86.6-182.1
Self-pay 6.0 151.6 (48.7) 54.6-248.6
Other 3.2 15.5 (5.5) 4.5-26.5

COVID-19 Status <0.001
Pre-COVID-19 67.2 66.5 (0.3) 65.9-67.1
Post-COVID-19 32.8 71.2 (0.5) 70.2-72.1

Year <0.001
2017 423 112.2 (15.4) 81.5-142.9
2018 21.9 152.4 (45.9) 60.9-243.8
2019 21.4 128.9 (49.9) 29.3-228.4
2020 13.6 123.8 (41.6) 41.1-206.6
2021 0.7 43 (8.3) 15.2-68.3
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Figure 5. Mean Timeliness by Year and Patient Portal Use (2017-2021)

Mean Timeliness (in days) by Patient Portal Use and Year
(mean +/- standard error)
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Table 18. Association between Patient Portal Use and EHR Data Quality — Conditional Negative Binomial Regression with Fixed-
effects (reported as marginal effects estimates)

EHR Data Timeliness

Model 1. Main Negative Binomial Regression with Fixed effects

ME se 95% ClI P value
Patient Portal Use -0.036 0.007 -0.049 -0.022 <0.001
Year (ref: 2017)
2018 0.088 0.009 0.071 0.105 <0.001
2019 0.038 0.008 0.021 0.054 <0.001
2020 0.029 0.009 0.012 0.047 0.001
2021 0.027 0.014 -0.007 0.055 0.056
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Figure 6. Stratified Fixed-effects Negative Binomial Regression Analyses: Race, Age, Insurance Status, Sex, and the Main
Regression Model

Fixed-effects Negative Binomial Regression: Stratified Analyses by Demographic Category

Dependent variable: EHR Data Timeliness
Independent variable: Portal Use
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Table 19. Sensitivity Analyses for Examining the Relationship between Patient Portal Use and EHR Data Timeliness -
Conditional Negative Binomial Regression with Fixed-effects Truncated at the 90th Percentile

EHR Data Timeliness Truncated at the 90th Percentile
Model 1. Negative Binomial Regression with Fixed effects
ME 95% ClI P value
Patient Portal Use -0.025 -0.036 -0.015 <0.001
Year (ref: 2017)

2018 0.439 0.031 0.057 <0.001
2019 0.015 0.003 0.028 0.017
2020 0.014 0.001 0.027 0.043
2021 0.034 0.015 0.055 0.002
Constant 0.561 0.549 0.549 0.574
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Table 20. Sensitivity Analyses for Examining the Relationship between Patient Portal Use and EHR Data Timeliness -
Conditional Negative Binomial Regression with Fixed-effects Truncated at the 95th Percentile

EHR Data Timeliness Truncated at the 95th Percentile
Model 1. Negative Binomial Regression with Fixed effects
ME 95% ClI P value
Patient Portal Use -0.059 -0.069 -0.049 <0.001
Year (ref: 2017)
2018 0.054 0.041 0.067 <0.001
2019 0.012 -0.002 0.025 0.077
2020 -0.004 -0.018 0.009 0.542
2021 -0.019 -0.042 0.004 0.101
Constant 0.245 0.232 0.257 <0.001
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Table 21. Sensitivity Analyses for Examining the Relationship between Patient Portal Use and EHR Data Timeliness -
Conditional Negative Binomial Regression with Fixed-effects using Timeliness Quotient (See Appendix 9)
EHR Data Timeliness Quotient Accounting for Mean Attribute

Update Time

Model 1. Fixed-effects Regression model

me 95% ClI P value
Patient Portal Use -0.000 -0.000 -0.000 0.800
Year (ref: 2017)
2018 -0.000 -0.000 -0.000 <0.001
2019 -0.000 -0.000 -0.000 <0.001
2020 0.000 -0.000 -0.000 <0.001
2021 0.000 -0.000 -0.000 <0.001
Constant 0.001 0.001 0.001 0.001
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Table 22. Patient Portal Use Pre- and Post-COVID-19 Emergency Declaration

Dependent Variable: EHR Data Timeliness

Fixed-effects Negative Binomial

Regression for EHR Data Timeliness

ME 95% ClI P value

COVID-19 Status (ref: Pre-COVID-19)

Post-COVID-19

-0.016 -0.028 -0.004 0.011




CHAPTER 5: CONCLUSIONS

Electronic health record (EHR) data are consistently used in program evaluation,
quality improvement, and secondary empirical research, yet the “fitness for reuse” of
elements that comprise these data are rarely and rigorously examined."1%-?1 More data
are being generated from new care delivery formats and increasing use of digital
healthcare tools, including patient portals, remote patient care and virtual
modalities.>38%138 However, research streams examining the quality of such data are still
developing. The purpose of this dissertation was to examine whether and to what extent
levels of EHR data quality are associated with healthcare outcomes and if EHR data
quality is improved by using health information technologies (HIT). Chapter 2 derived
EHR data quality dimensions and metrics to operationalize timeliness, completeness, and
information density measures among patients managing T2DM with and without a
history of telehealth use. 1 sought to quantify EHR data quality dimensions in a
regimented clinical domain by applying existing frameworks informed by the information
systems (I1S) and health services and informatics literature.?%6>7> In Chapter 3, we used a
panel design to examine the effect of primary care laboratory test ages, a measure of
timeliness, on subsequent inpatient hospitalizations and ED Visits. Lastly, Chapter 4 used
a panel analysis to examine the effect of patient portal use on EHR data timeliness.
Timeliness was quantified as the EHR attribute update time for relevant T2DM
measurements and laboratory tests including body mass index (BMI), body weight,
cholesterol, serum creatinine, glycated hemoglobin, blood pressure, and smoking status.

Metrics used to quantify EHR data quality have generally been applied in chronic

disease settings where patient health data are routinely collected: T2DM, chronic
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obstructive pulmonary disease, and cardiovascular disease.3"*°-%0 The focal clinical
domain in this study was T2DM. Importantly, metrics and quotients used to
operationalize EHR data quality measures must account for how data are collected, the
setting in which these data are collected, and for what purpose.?'%°® Research indicates
that more investigators are examining the quality of clinical data prior to reuse, however,
these methods and approaches remain underused.®>!3%> Moreover, the mechanics to audit
clinical and EHR data quality are improving in their reliability, validity, and
generalizability which enables accounting for task dependencies; chiefly, secondary
health services and informatics research.3%55 We tested this assumption by modeling
timeliness, a critical EHR data quality dimension for chronic disease management,
interdependently as an independent variable and dependent variable in two separate

analyses.

Summary of Key Findings

In Chapter 2, entitled “Measuring EHR data quality in telehealth and office-based
Diabetes care”, | operationalized three EHR data quality dimensions for patients
managing type 2 diabetes to determine fitness for use in secondary research. | specifically
operationalized clinically relevant common measures of completeness, information
density, and timeliness among telehealth and office-based primary care visits to
determine differences between care delivery models and formats. In a cross-sectional
analysis of EHR data, we found that data quality for adult patients managing T2DM was
generally similar or more improved among patients with a history of telehealth use. We

specifically found that EHR data were generally more timely, more complete, and T2DM
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measurements were generally more uniform where patients had a history of telehealth use
compared to patients with no history of telehealth use during their medical visits.

Examining EHR data quality across care delivery modalities and complex patients
is critically important to improving comprehensive information access and some
healthcare outcomes. Although EHR data quality measures more improved for patients
who had a history of telehealth care, there is still the possibility for improving EHR data
quality across care delivery formats. Clinical guidelines and workflow optimization have
been determined to improve the quality of data documented by healthcare providers. Care
delivery is transitioning from in-person and telehealth delivery to hybrid formats based
on self-reported data from a national survey.'8®

Chronic disease settings are appropriate for examining the quality of data
documented and produced to inform care. Primary care and specialty providers who treat
patients managing chronic diseases like T2DM have specific clinical guidelines that
structure information collection practices.®® For example, some providers may
intentionally exclude some data and collect meaningful patient health data meant to aid in
monitoring health status which is described as “informed presence”.'8:187 We considered
this description in how we constructed measures, specifically for EHR data completeness.

Completeness was operationalized using structured data elements from the EHR
as any T2DM measurement identified and flagged as complete where a laboratory value
or indicator was available at its first indication for sequential patient encounters.
Constructing the completeness measure using this approach was especially relevant given
data included in this study captured COVID-19 pandemic care delivery transitions from

in-person to mostly remote and virtual delivery formats. We computed a measure of
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timeliness that was clinically interpretable as the number of days between a patient
encounter and the most recent measurement dates. Lastly, we used a metric to quantify
information density described in the methods of Aim I. Simply, information density is a
measure of completeness that accounts for the irregular nature of patient measurements
taken over time. Because these measures were operationalized for data that covered the
COVID-19 pandemic, we could analyze important changes in chronic disease care. Thus,
we were able to capture trends in EHR data quality among patients with and without a
history of telehealth use before and after the Public Health Emergency Declaration signed
into a presidential Executive Order in March 2020. Using these measures, we were able
to linearly determine the quality of EHR data in two care modalities over time.

Chapter 3, entitled “Effects of Primary Care Laboratory Age on Healthcare
Utilization in Type 2 Diabetes Care,” modeled EHR data timeliness as an independent
variable to determine its relationship with subsequent expected counts of inpatient
hospitalizations and emergency department Visits. We defined timeliness as the most
recent T2DM laboratory test date preceding an encounter date to produce a total number
of days or age of the laboratory test at the next encounter. The information systems
success model determined individual impact and data quality variables are interdependent
which enabled us to examine bidirectional relationships between EHR data timeliness
and healthcare outcomes, like total expected counts of hospitalizations in inpatient and
ED settings. In this analysis, we used a panel design that controlled for the linear trends,
patient, and encounter characteristics. Our findings from this study indicate that older
laboratory tests are associated with an increase in the expected total counts of inpatient

hospitalizations and ED Visits per patient per year. The effect size was largest among ED
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Visits, and the marginal changes between laboratory test age categories indicated that
tests older than a year increased the expected ED Visits by 120 percentage points per
patient per year. These results emphasize that the age of laboratory tests performed in
primary care or outpatient settings serve as important indicators of future healthcare
utilization. However, these findings may be confounded by other unobserved factors
given healthcare utilization, particularly among patients managing chronic disease, are
subject to variations that cannot be controlled for in the study design. Thus, further
research is needed to understand utilization patterns among patients managing chronic
diseases, especially where repeated measurements and close monitoring are needed.

In Chapter 4, entitled “Patient portal use and EHR data timeliness in T2DM care”,
we examined associations between patient portal use and changes in the level of EHR
data timeliness. That is, we determined whether use of patient portal technologies
improved the time between EHR updates for relevant T2DM measurements and
laboratory tests. These measurements include body mass index, body weight, serum
creatinine, glycated HbAlc, cholesterol, blood pressure, and smoking status. We oriented
analyses and modeling considering the structure of the Information Systems Success
Model. We modeled EHR timeliness as an outcome variable in this study. A panel design
was used to conduct longitudinal analyses of patient portal use among patients managing
T2DM. Given there are differential patient portal use patterns among patients by age, sex,
insurance status, and race categories, we conducted stratified analyses among these
subgroups using separate fixed effects negative binomial regression models. We found
that patient portal use decreases the average timeliness of EHR attribute updates among

patients managing T2DM. These findings suggest that increased use of patient portals
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among the full T2DM population improves time between EHR attribute updates. Results
from stratified analyses demonstrates that patient portal use is more effective among
some patient demographic categories. For example, patients who were documented as
Female, non-Hispanic White, 26-45 years of age, and were Medicaid recipients had lower
levels of EHR data timeliness compared to the overall sample. These results were
statistically significant at the p = 0.05 level. Although we observed improvements in this
definition of EHR data timeliness, organizations should deploy strategies to continue
improving adoption and use of digital healthcare tools among patients managing chronic

disease.

Summary of Contributions

Current health services research is utilizing more approaches to assess the quality
of clinical data reused to conduct such tasks like empirical research, quality
improvement, program evaluation, and clinical guideline development. This has been
especially true for EHR data where unobserved context is difficult to parse.'8 Our
findings serve to inform data quality assessments and approaches by first measuring data
quality dimensions and modeling them in secondary research. This has enabled us to
specify tasks and research questions to determine whether data quality measures are truly
interdependent as the Information System Success Model suggests. In Chapter 2, we
applied metrics to create measures in a chronic disease domain that are applicable to
similar complex disease domains. Past research conducted similar assessments of data
quality, but primarily focused on completeness.’#’¢ Conversely, timeliness is an
important indicator of data access for patients who need their information to make

important decisions about their health. To my knowledge, there are no studies that
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quantify timeliness, completeness, and information density using EHR data inputted on
behalf of patients managing T2DM. Results from Chapter 2 provide researchers and
clinical practitioners with three separate approaches to quantifying EHR data quality in a
chronic disease domain. Additionally, these results contribute to evolving frameworks
and guidelines developed to improve care management in virtual and in-person
settings.132163.185 Systematically assessing the quality of EHR data in chronic disease
domains serves to improve clinical decision making, which relies on time-sensitive
patient information, and secondary reuse to refine inferences or conclusions made from
using such data.?%"®

Chapter 3 demonstrates how EHR data quality dimensions can be modeled to
determine whether these measures, indeed, are fit for use in secondary research largely
dependent on the source. We derived our data from a state-wide health information
exchange that conducts its own preprocessing. Thus, we are confident that our results
reflect near-truths about patient health care outcomes and quantifiable measures of EHR
data quality. The age of a laboratory test produced in primary care or outpatient settings
is an important timeliness measure that is underexplored in the literature. This is a
valuable addition to the health services and informatics literature supporting few past
studies that examined the influence of EHR data quality on care quality.**3 However, we
found a statistically significant relationship between EHR data timeliness and two health
care outcomes. To our knowledge this was the first study to rigorously examine these
relationships. Findings from this study inform the formulation of clinical guidelines that
direct providers to increase monitoring for patients who receive concerning laboratory

test results. Namely, ensuring uniformity in testing both in frequency and setting given
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primary care and outpatient laboratory test are associated with subsequent inpatient
hospitalizations and ED Visits, two outcomes clinical providers work to avoid.

Chapter 4 examined how patient digital health use improved timeliness as the sole
outcome. We ascertained patient portal use data to determine if this digital healthcare tool
improved EHR data timeliness. Our results are a major contribution to the EHR data
quality and broader health services and informatics literature because it helps inform how
the intermediary digital healthcare tools used to share patient information improve upon
patient information. Chiefly, information in the patient portal and EHR are improved by
enabling patients with viewing, verification, and correction capabilities that shortened the
time between EHR attribute updates examined at the patient-encounter date level . 13%172
Although past descriptive studies have enumerated and described the types of patients
who are most likely to use patient portals and correct their information, this is the first
study to examine the extent to which patient portals improve an EHR data quality
dimension like timeliness. Findings show there are secondary benefits of adopting and
using advance functions of EHRs beyond improve care delivery pursuant to meeting
Meaningful Use recommendations. By improving access and use of patient portals,
healthcare organizations enable optimize care processes and information sharing that aids
in refining chronic disease management as is promoted by federal agencies like CMS and

the Office of the National Coordinator for Health Information Technology.

Future Directions

This study quantified measures of completeness, timeliness, and information
density or uniformity. We then modeled EHR data timeliness as an independent and

dependent variable in separate analyses. However, this dissertation did not extensively
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examine other dimensions of data quality. Additionally, we did not model operationalized
measures of completeness in these studies. However, EHR data are well-suited to
examining other data quality dimensions, especially in chronic disease domains that rely
on uniform laboratory testing and patient visits. For example, vital measurements like
blood pressure and laboratory values may specifically be recorded at specific times
depending on whether a patient is being monitoring for exacerbations of chronic
disease.'® How missingness manifest in EHR data are also dependent on where and how
measurements are collected. 87 Future studies should explore the extent to which other
dimensions of data quality are present in EHR data and the extent to which measures
influence health and healthcare outcomes. The three studies that constitute this
dissertation focused solely on structured data elements. Future research might consider
operationalizing data quality measures using unstructured notes documented by T2DM
providers. Measures, including concordance and correctness, are commonly developed
from clinical notes. Moreover, clinical notes may serve to supplement structured EHR
data through imputation methods where structured data are unavailable. In preliminary
analyses, we were able to link only a small percentage of clinical notes to the EHR
dataset. Improving data inclusion criteria for unstructured and structured datasets will
enable application of advanced informatics methods to text-mine and analyze both data
formats. Likewise, correctness requires extensive data preprocessing that is informed by
clinical domain expertise.®® Few, if any, studies have used measures of correctness due to
the highly computational nature of assessing correction, which includes Levenshtein’s

Distance; a method for examining word construction for errors.5°
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APPENDIX

Appendix 1. T2DM Term Frequency-Inverse Document Frequency Dictionary (Not included in final analyses)

T2DM TERM FREQUENCY-INVERSE DOCUMENT (tf-idf) FREQUENCY TERM DICTIONARY

Term type Term group | Existing NLP terms

T2DM medication terms A furosemide, epixaban, avastin, atenolol, entresto, losartan (high blood
pressure), clopidogrel, latanoprost, minoxidil, humalog, gabapenton,
acarbose, keratopathy

B keratopathy

T2DM laboratory terms C BMI, bmi, hemoglobin A1C, HbA1c, serum cholesterol, glucose,
glycemic, venipuncture

T2DM diagnostic terms D hydrodistention, presbyopia, ambylopia, oropeza (spanish for family

history), diabetes, hypokalemia, carotid, epigastric, epigastirc,
discolored, foot, orthostasis, glaucomatous, macular, gastroparesis,
degenerative, rheumatology, uveitis, hyperparathyroidism,
thyroglossal, pterygium, cornea, morgagnian, hypermetabolic,

nephrolithiasis, prediabetes
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Telehealth/Telemedicine terms E virtual, virtual-phone, phone, video visits, remote monitoring, remote
patient monitoring
T2DM Care Process terms F dictation, dic, dict, endocrinology, behavior, collaboration, referral,
coordination
T2DM Treatment terms G administered, resolved, dialysis, attempted, informed, amputated,
hemodialysis
H treated with, receiving treatment with, treated by, receiving treatment
by, tx with, receiving tx with, tx by, receiving tx by, examined
I receiving
Guidance on term combinations Rule Group
[T2DM Treatment term] + [T2DM laboratory J [G+C], [H+C], [1+C]
term]
[T2DM Treatment term] + [T2DM medication K [G+A], [H+A], [I+A], [G+B], [H+B], [I+B]
term]
[T2DM Treatment term] + [T2DM diagnostic L [G+D], [H+D], [1+D]

term]




c6

T2DM laboratory terms C

Telehealth/Telemedicine terms

T2DM Treatment terms G, H, I




Appendix 2. Natural Language Processing Reference Standard Development Framework

Natural Language Processing (NLP)
Reference Standard Development

Framework
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Data Quality in Type 2 Diabetes Mellitus

Study

Disclaimer: Please do not copy, download, or discuss any patient information in the
clinical notes. Violating confidentiality and privacy of patient information is subject to
penalties under the Health Insurance Portability and Accountability Act (HIPAA) of 1996
and related regulations ensuring protection of patient health information. Please feel free

to contact me if you have any questions or concerns.
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What is natural language processing and why is it important?

Natural language processing (NLP) “refers to the branch of computer science—and more
specifically, the branch of artificial intelligence or Al—concerned with giving computers

the ability to understand text and spoken words in much the same way human beings can.

NLP combines computational linguistics—rule-based modeling of human language—
with statistical, machine learning, and deep learning models. Together, these technologies
enable computers to process human language in the form of text or voice data and to

‘understand’ its full meaning, complete with the speaker or writer’s intent and sentiment”

1

Why is NLP important in health care? NLP provides computational techniques to
generate structured information from clinical notes that most often constitute free-text
data in electronic health records (EHRS) and other clinical reports (lab tests, medications,

summary reports)?

What is a reference standard?

A reference standard for NLP provides a real-world data comparison for extracted
clinical data. If no clear reference or gold standard exists, researchers/investigators can

develop one through manual chart review. In manual chart review, one or more
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independent and blinded abstractors manually review patient clinical notes from a
randomly sampled set of patients. Similarly, a gold standard is a real-world accurate
reflection of patient data (e.g., patient registry data). In the absence of a gold standard, we

use a composite reference standard as mentioned above. 3

Reference standards are used across domains to measure variability in different data
sources (clinical narrative vs. coded diagnoses) for consistency, accuracy, and
prominence. What is generally observed in manual medical chart review may not reflect
computational queries or text extraction of free-text. Creating a reference standard

provides a near real-world comparison.
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Chart Review Procedures

The following describe the chart review procedures for the current study examining
quality of clinical data among patients with Type 2 Diabetes Mellitus. You are one of two
abstractors who have chosen to participate in this study. Your responsibility is to ensure
confidentiality of patient information as outlined in CITI training and in the IRB, which

you have been added to for participation in this study.

Disclaimer: Please do not copy, download, or discuss any patient information in the
clinical notes. Violating confidentiality and privacy of patient information is subject to
penalties under the Health Insurance Portability and Accountability Act (HIPAA) of 1996
and related regulations ensuring protection of patient health information. Please feel free

to contact me if you have any questions or concerns.

How to Access Patient Charts

Upon completion of CITI and HIPAA training you will be given access to a link to a
OneDrive file whereby you will be able to review notes and input specific patient

information required to sufficiently assess the notes.

I.  Open Excel .csv file that is available in the OneDrive folder
A. Only two individuals will be given permission to access this folder. Sharing
information with anyone that is not IRB approved or part of this project will be

subjected to HIPAA violations.
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I1.  Inthis T2DM notes file, you will find the following eight variables and their
description listed from left to right:
A. sid: unique patient identifier
B. encounter_id: number/identifier of encounter associated with the patient unique
identifier (sid)
C. contact_date: date of provider/patient contact
D. note_id: identifier for each patient note that is associated with both the
encounter_id and sid variable
E. Note_text: full text note for the patient based on unique patient identifier, note_id,
and encounter_id
F. Note_year: year the note was written, which is derived from the contact_date
variable
G. Note_month: month the note was written, which is derived from the contact_date
variable
I1l.  There are column headers with no empty cells that will require you to complete
upon reading each chart. Lists of expected selections are already programmed into

each cell/row. The name of these column headers/questions are as follows:

A. Is this a type 2 diabetes encounter (includes labs/tests, medications, symptoms)?
1. “yes” if encounter is T2DM related
2. “no” if encounter is NOT T2DM related

B. Is this a telehealth (telephone, video, audio, or patient portal) encounter?

1. “yes” if note indicates telehealth encounter
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2. “no” if note DOES NOT indicate telehealth encounter
. Was family history mentioned in note?

1. *“yes” if family history is mentioned

2. “no” if family history is NOT mentioned

. Was smoking mentioned in note?

1. “yes” if smoking is mentioned

2. “no” if smoking is NOT mentioned

. Was body weight mentioned in note?

1. “yes” if body weight is mentioned

2. “no” if body weight is NOT mentioned

. Was BMI mentioned in note?

1. “yes” if BMI is mentioned
2. “no” if BMI is NOT mentioned
. Was blood pressure mentioned in note?
1. “yes” if blood pressure is mentioned
2. “no” if blood pressure is NOT mentioned
. Was HbAlc mentioned in note?
1. “yes” if HbAlc is mentioned
2. “no” if HbAlc is NOT mentioned
Was cholesterol mentioned in note?
1. “yes” if cholesterol is mentioned

2. “no” if cholesterol is NOT mentioned

. Was serum creatinine mentioned in note?
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1. “yes” if Serum creatinine is mentioned
2. “no” if Serum creatinine is NOT mentioned
K. What is the note type?

1. “Admission”

N

“Discharge”

3. “Progress note”

4. “None” if note type is unavailable
L. What type of clinician/provider wrote the note?

1. “Physician”

2. “Nurse”

3. “Physician Assistant”

4. “Undetermined” if there is no mention of clinician/provider type
M. What was the patient’s disposition?

1. “Alive” if note indicates patient is alive

2. “Deceased” if note indicates patient is deceased

3. “Patient Transferred” if patient was transferred to another location/facility

4. “Undetermined” if disposition is undetermined

N. Please list any uncommon terms/words in the note that are not commonly used to

describe a Type 2 Diabetes patient encounter.

Term Dictionary, Explained
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A Term dictionary is a set of terms or words that are commonly found in a corpus of
condition specific text(s). Term dictionaries are often referred to as “lexicons” or “term
lists” in the context of NLP research and developed as a result of reviewing patient

notes/charts.

Building a term dictionary allows investigators to compile commonly used words/terms
and identify lexical patterns for use in both rule-based classification and using machine
learning approaches. Further, identified terms are critical to refining NLP procedures.
This study will use both manual and automated term dictionary development. Manual
requires abstractors maintain a list of terms that appear in the notes that are important to
the overall study. This would include manually noting terms common to type 2 diabetes
care (e.g., Metformin, HbA1c). Automated term development is conducted using term
frequency-inverse document frequency (tf-idf). This process is enabled by statistical
software to determine high frequency and low frequency terms using a mathematical

formula.

Term Dictionary Development Procedures

I.  InaGoogle Sheets sheet titled, Term Dictionary, a predefined list of common
T2DM terms will be listed in the second column. As you are reviewing notes,
please document any lexical (how terms are used or T2DM conditions are
described) variations and spelling variations. This will allow us to refine the rule-
based NLP approach to include differently spelled T2DM-related terms and to

determine lexical variations within the notes.
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Il.  Make sure to include partial term spellings, where available (e.g., gluc for

glucose).
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Appendix 3. T2DM Data Agreement and Cohen’s Kappa Coefficients

Kapp
Second Agreeme a-
Second | agreeme | Secon nt due to Kappa | 3rd
First First agreement due to First agreeme | ntdueto | d Agreeme | chance differen | revie
Question agreement chance kappa nt | chance | kappa | nt diff diff ce | wer
Is thisa
Diabetes
encounter?
(Include
mentions of
RX,
diagnoses,
or labs) 0.88 0.59 0.70 0.89 0.57 | 0.75 0.02 -0.01 0.05| 0.92
Is this a
T2DM
encounter? 0.88 0.59 0.70 0.89 057 | 0.74 0.02 -0.01 0.05| 0.86




v0T

Is this a
telehealth
(telephone,
video, audio,
or patient
portal)

encounter?

0.93

0.93

0.0037

0.97

0.87

0.80

0.04

-0.06

0.80

0.88

Was family
history
mentioned

in the note?

0.97

0.92

0.57

0.97

0.92

0.59

0.00

0.00

0.02

0.96

Was
smoking
mentioned

in the note?

0.96

0.87

0.69

0.95

0.87

0.65

-0.01

-0.01

-0.04

0.92




SOT

Was BMI

mentioned

in the note?

0.97

0.91

0.68

0.97

0.89

0.68

-0.01

-0.02

0.00

0.91

Was blood

pressure

mentioned

in the note?

0.88

0.75

0.52

0.90

0.72

0.63

0.02

-0.03

0.11

0.82

Was HbA1lc

mentioned

in the note?

0.95

0.85

0.67

0.95

0.84

0.71

0.00

-0.01

0.04

0.97

Was

cholesterol

mentioned

in the note?

0.98

0.93

0.69

0.98

0.92

0.68

0.00

-0.01

0.00

0.95

Was serum

creatinine

0.98

0.93

0.62

0.98

0.93

0.64

0.00

0.00

0.02

0.87
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mentioned

in the note?

Was body
weight
mentioned

in the note?

0.94

0.78

0.72

0.94

0.73

0.77

0.00

-0.05

0.06

0.94

What was

the note

type?

0.84

0.70

0.46

0.89

0.74

0.59

0.05

0.04

0.12

0.91

Is this an
outpatient or
inpatient

encounter?

1.00

1.00

1.00

1.00

0.00

0.00

0.00

What type of
clinician/pro
vider wrote

the note?

0.85

0.55

0.66

0.86

0.55

0.68

0.01

0.00

0.02

0.8
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What was
the patient's

disposition?

0.89

0.89

0.89

0.96

0.96

0.89

0.07

0.07

0.00

0.89
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Appendix 4. T2DM NLP Performance Metrics (Not included in final analyses)

Rule-based Support Vector Machine Naive Bayes
Type of mention [Accuracy |Precision |Recall [F1 Accuracy |Precision [Recall |F1 Accuracy |Precision [Recall |F1
in note Score Score Score
T2DM encounter |0.94 0.88 0.97 [0.95 0.96 0.96 0.99 (0.98 1.00 0.99 1.00 |1.00
Telehealth 0.98 0.95 0.83 |0.86 0.98 0.98 0.98 |0.98 0.92 0.95 0.99 (097
(patient portal,
video, audio)
Family history 1.00 1.00 0.92 |0.96 0.99 0.99 0.99 |0.99 0.92 0.99 0.97 (098
Smoking 0.99 1.00 0.86 |0.93 0.99 0.99 0.99 |(0.99 0.97 1.00 1.00 |1.00
Body Mass Index |0.99 0.96 0.84 (0.89 1.00 0.97 0.99 (0.98 0.98 0.99 0.99 (0.99
Blood pressure | 0.95 0.97 0.73 |0.84 0.94 0.95 0.95 |[0.95 0.96 0.98 0.98 (0.98
HbAlc 0.99 0.98 0.94 [0.96 0.99 0.99 0.98 (0.98 0.95 0.99 0.95 (0.99
Cholesterol 1.00 1.00 091 |0.95 1.00 0.99 0.99 |(0.99 0.97 0.98 0.98 (0.98
Serum Creatinine |0.99 0.90 0.77 [0.83 0.99 0.97 0.98 (0.98 0.91 0.93 0.95 [0.95
Body Weight 0.98 0.96 0.94 1095 0.98 0.98 0.99 |(0.98 0.96 0.99 0.97 (098
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Clinical note type
(progress,

admission)

0.98

0.99

0.86

0.91

0.98

0.95

0.99

0.95

0.95

0.97

0.98

0.98

Note author
(physician, nurse,

NP)

0.91

1.00

1.00

1.00

0.93

0.95

0.96

0.96

0.77

0.84

0.90

0.87

Patient

disposition

0.96

0.96

1.00

0.97

0.97

0.98

0.97

0.97

0.98

0.99

0.96

0.98




Appendix 5. NLP Lexical Analysis for Concordance Measure — Lexical Diversity

Type |l Diabetes Mellitus Patient Notes - Lexical Diversity
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Oct 2017

Oct 2016 Jan 2017 Apr 2017 Jul 2017
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Appendix 6. NLP Lexical Analysis for Concordance Measure — Lexical Density

Type |l Diabetes Mellitus Patient Notes - Lexical Density
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Appendix 7. Clinical Note Sentiment Analysis

negative

pain -
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risk =
symptoms =
negative =
chronic =
urgent =
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o=

500 1000 1500 2000
Contribution to sentiment

positive

patient -

recommended -

accurate -

progress =

o]

]

=
[}

positive =
stable =
cooperative =
significant =

fair =

0 00 1000 1500 2000
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Appendix 8. T2DM Data Quality Measure Correlation Analyses

Timeliness | Completeness | Sperrin’s I

Timeliness 1.00 -0.008** 0.417***
Completeness | -0.008** 1.00 -0.053***
Sperrin’s | 0.417*** -0.053*** 1.00

p<0.05*; p<0.01**;p<0.001***
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Appendix 9. Timeliness Quotient

1
(mean attribute update time) X (attribute age) + 1

Timeliness =
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