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ABSTRACT
KALA S. WILSON, MPA. The Intersection of Health Informatics and Disparities:
Understanding How Data Promotes Health Equity. (Under the direction of DR. MICHAEL F.
DULIN).

In this collection of manuscripts, | developed a deeper understanding and insight into how
the Coronavirus Disease 2019 (COVID-19) pandemic and subsequent transition to telehealth
impacted 1) clinical electronic health record (EHR) data quality and data entry patterns, 2) provider
perceptions of the EHR's influence on care delivery, and 3) patient perceptions on barriers related
to pandemic-induced telemedicine.

The COVID-19 public health crisis has disproportionately affected individuals and
populations historically marginalized in healthcare and public health, including racial and ethnic
minorities and individuals with low-income status. The COVID-19 pandemic has drawn new
attention to and compounded the existing health and digital disparities in healthcare, with Black
Americans being almost 4 times as likely to die from the virus than White Americans. Racial and
ethnic health disparities have been historically unwavering and persistent within the United States.
Furthermore, this crisis has ignited rapid implementation of digital healthcare solutions such as
virtual healthcare (telehealth and telemedicine capabilities) and health information technology
(HIT) accessed via mobile applications or online platforms. When assessing HIT's effectiveness,
efficiency, quality, safety, and equity, it is essential to consider the reciprocal relationship between
HIT and the COVID-19 pandemic. This is of marked significance, considering that virtual care
technologies have been shown to exacerbate the digital divide and worsen disparities in a patient's
ability to access high-quality care.

The research in this dissertation is informed by the socio-technical and complex systems

perspectives of improved human health via high-quality, safe, HIT-driven care, which maintains



two central concepts: 1) multiple levels of influence affect a patient's health outcomes, such as care
quality, costs, and patient safety; and 2) complex adaptive systems occur when many agents work
together within an organization and patterns materialize as the agents adopt, "simple rules” that
optimize outcomes, such as the patient experience and the clinical team's performance.
Understanding how these HIT-related behaviors and perceptions multidimensionally affect care
delivery is imperative to maximizing the potential benefits of technology and data in healthcare
and promoting the need for a concerted effort to ensure safe, high-quality, and equitable care
delivery.

Chapter 1 reviewed literature on the relationships between HIT and care quality, patient
safety, health equity, biases, and discrimination. In Chapter 2, we assessed the influence of
external, societal factors on disparities in data quality and data entry patterns. We found that an
external change to healthcare operations — which modifies clinical practice — was correlated with
clinical data entry patterns. Also, we found significant differences between departments within the
healthcare organization, suggesting data entry differences based on distinct care goals housed
within different units. These findings underscore some of the conclusions found in Chapter 3 where
we determined the multidimensional relationship between HIT processes and patient safety and
quality by exploring how healthcare provider demographic and health system-related
characteristics were associated with their perception of the EHR's impact on care delivery.

Perception disparities were present by providers based on sex, age, race, ethnicity, board
certification, telemedicine utilization, and years of EHR experience. The results from this research
are striking - we uncovered that providers using the EHR and telemedicine were roughly 20 times
more likely to perceive the EHR as beneficial for patient safety (OR=20.25; p<0.001), compared

to approximately only 4 times more likely for care quality (OR=4.48; p<0.05). Despite providers



reporting that they found the EHR more beneficial for patient safety than care quality — we found
conflicting practical evidence when assessing patient perceptions of telemedicine barriers and their
reported outcomes.

Chapter 4 assessed the effect of demographic and healthcare-related factors on patient
perceptions of telemedicine barriers. We found that 76% of patients reported facing at least one
telemedicine barrier, and 66% reported experiencing a medical error via telemedicine during the
pandemic. Similarly, we uncovered patients were more likely to report experiencing a telemedicine
barrier if they utilized the patient-facing EHR (OR=27.72), had been diagnosed with 1 to 2 chronic
conditions (OR=10.06), and experienced a medical error (OR=1.22). Interestingly, patients were
less likely to report experiencing a telemedicine barrier if they identified as Black (OR=0.10;
p<0.001), Female (OR=0.06; p<0.05), and reported 3 to 4 diagnosed chronic conditions (OR=0.10;
p<0.01). These findings align with prior literature indicating the historically pervasive inequities
and disparities amongst these subpopulations. This has been shown to lead to less patient
engagement and activation, specifically in Black women and those considered as "super-utilizers"
of the healthcare system, often due to complex physical, behavioral, and social needs.

Collectively, these studies advance our understanding of how external factors such as
COVID-19, modified workflows, demographic, health system, and healthcare-related
characteristics impact health information technology and data perceptions and behaviors. Our
findings suggest that these perceptions influence diagnostic EHR data entry, technological
utilization, digital care barriers, and corresponding patient outcomes. This dissertation contributes
to the public health and healthcare literature by providing practical implications for health systems,
clinicians, care teams, and patients interacting with technology and data in healthcare settings. This

contribution is significant to better understanding how their interactions with data and technology



affect the efficiency, safety, quality, and equity of care delivery, as well as generated clinical and
population health data. Our findings underscore the need for further analysis to understand the
interactions between the environment, processes, workflows, technological designs, patients, and
the core operative nature of the system itself. Health administrators, policymakers, and researchers
must acknowledge that technology and data can act as a roadblock to achieving health equity
throughout this nation's healthcare systems if human and information technology systems continue
to co-exist but not co-evolve concurrently.

In policy and practice, we must pull back the curtain and recognize and address the many
forms of coded inequity that is present throughout our healthcare systems by becoming more aware
of the social dimensions of technology that generate dominant and discriminatory structures

encoded in apps, algorithms, and payment data used in health and healthcare.
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CHAPTER ONE. INTRODUCTION

1.1 BACKGROUND

1.1.1 IMPORTANCE OF INFORMATICS TO HEALTH DISPARITIES

The connection between disparities, inequities, and health is well-established and
historically persistent.l® One approach to address this nation's long-standing history with
disparities and inequities in health and healthcare is for healthcare systems to implement and rely
on Health Information Technology (HIT) and data to standardize care delivery and overcome
inequities in care quality.’® Unfortunately, many studies *° have demonstrated that this
dependency neglects these emerging technologies' ability to reinforce discrimination, biases,
barriers, and inequities in healthcare quality. Despite decades of mounting evidence and political
recommendations, deep-seated institutional, interpersonal, and individual-level inequities and
disparities continue to exist in health and healthcare in the United States (U.S.). The current
healthcare quality and data infrastructure does not address the observed systematic differences in
clinical practice patterns or corresponding patient outcomes, although equity, efficiency, safety,
and patient-centeredness have been identified as core domains of quality.3*? Individuals within
the U.S. healthcare system must consider the potential for HIT to address health inequities by
better understanding why technology and tools may replicate or exacerbate existing

problems.10-33.34

1.1.2 BIOMEDICAL AND HEALTH INFORMATICS

Biomedical informatics is the study of using information and information technology (IT)
to improve the health of individuals and populations, and healthcare. The overarching field

encompasses other sub-disciplines such as public health-, population health-, community health-,



consumer health-, and clinical informatics.®® Informatics, on its own, refers to the general study,
design, and development of IT for the greater good of people, organizations, and society.
Biomedical informatics differs in that the research and innovation of IT occur at the intersection
of mathematics, computational science, social sciences, and health and life sciences. These fields
contribute to the primary roles of biomedical informatics, which involves the employment of big
data and novel ways of presenting it, coupled with conventional scientific research to span
disciplines providing clinical insights, disease exposure, treatment and response patterns, and
directing innovative lines of scientific and medical inquiry.® Of the many informatics questions
posited, the relationship between health and information, or health informatics, is fundamental.
Questions on health informatics are central to many disciplines, such as medicine,%
pharmacoepidemiology,®3 public health and policy,'3142840-44 government,*>*® economics,*’ as
well as business and administration,*® but are specific to none. Instead, health informatics is a
complex system of information that can be widely applied to support clinical and patient decision-
making and evaluate the strength of current healthcare practices and societal goals for better health,

quality, safety, and cost.*>*’

1.1.3 CARE QUALITY

The study of health informatics is often explored using numerous modern data collection
methods, analysis, and transmission to improve every part of the healthcare system, public health,
and the quality and safety of individual patient care. However, quality within healthcare is latent
and hardly observable, and further considerations are needed. The current gold-standard
measurement for healthcare quality improvement is the patient experience, given that patient-
centeredness is a familiar concept that drives quality improvement.*® In 2002, the Centers for

Medicare and Medicaid Services (CMS) partnered with the Agency for Healthcare Research and



Quality (AHRQ) to develop and test The Hospital Consumer Assessment of Healthcare Providers
and Systems (HCAPHS). HCAPHS is the first national, standardized, and publicly reported survey
instrument and data collection methodology designed to measure patients' perception of their
hospital experience.>

Despite organizations developing and utilizing this survey for almost two decades, there
are gaps in effectively capturing its primary purpose, patient perception. The survey misrepresents
its development as a sound conceptual and theoretical measurement. For example, the design of
the HCAPHS survey neglects the patient's perceptions as a psychological concept, being contained
within the quality of healthcare as a commercial construct. Perceived service quality is the
outcome of an evaluation process — the consumer compares their expectations with the service
they have received (i.e., they compare the perceived service against the expected service).*!

Furthermore, this process signifies what is known to be the perceived quality of service
(i.e., patients' perception of the quality of care received). Perceived quality is a form of attitude,
associated but not parallel to satisfaction, and results from comparing expectations with
perceptions of performance.® Therefore, the HCAPHS survey is inadequately measuring the
patient experience as a quality improvement metric, given it was designed as though you can
measure the perception of experience and experience of care without the element of consumer
satisfaction. Thereby inadequately measuring and sharply hindering the potential of healthcare
quality improvement. This demonstrates an increased need for the use of informatics in quality
improvement, such as the use of electronic clinical quality measures (eCQMSs) from electronic
health records (EHRs) and gathering insight into the association between the perceptions of clinical

team members and HIT 333452



1.1.4 PATIENT SAFETY

This failure of quality measurement further uncovers some inherent weaknesses in U.S.
healthcare systems, such as economic deficiencies, poor policy implementation, increasing
disparities and inequities, and rising mortality and morbidity rates. Although there have been
technological advancements and a stark increase in patient safety and quality research since 1999,
medical errors, otherwise known as preventable adverse medical care events, are the third leading
cause of death in the U.S., claiming up to 440,000 lives each year.>*>* Moreover, patients are
experiencing harm at ten times the rate as in the 1990s, with more Americans dying from
preventable adverse events than car accidents or breast cancer.>>® Research on the relationship
between patient safety and EHRs and telehealth is conflicting. Some researchers °"-%° maintain that
EHRs can help improve patient safety and produce measurable improvements through easier
record management, centralized record storage, and more straightforward record transfers. Other
researchers ®2-%% suggest that EHRs and telehealth add an additional layer of complexity, leading
to unintended adverse effects such as misdiagnosis, delays in treatment, poor data quality, and
medication errors.

Commonly, healthcare providers, administrators, and policymakers, among other
stakeholders, agree that patient safety is at the cornerstone of high-quality care, and HIT and tools
can help prevent many different patient safety errors.>® However, we know less about the exact
nature of the digitalization of society to expand capacity and infrastructure within healthcare and

its unintended consequences on health and healthcare disparities and inequities.



1.1.5 DATA TO UNDERSTAND THE ROLE OF EQUITY, EFFICIENCY, AND SAFETY IN

QUALITY IMPROVEMENT

Considering the limitations of the HCAPHS survey and conflicting research on the
relationship between health informatics and improving patient safety, other forms of quality
measurement should be considered. For example, administrative data, structured clinical data, and
electronic patient health records can all be utilized to measure healthcare quality. However, these
methods bring an entirely new set of challenges and assumptions concerning data quality and
technological design, implementation, and utilization. Moreover, these methods are intended to
provide high data validity and reliability to support data-driven clinical decision-making and solve
some of healthcare's most prevalent issues, including medical errors, health disparities, structural
injustices, and data transparency and interoperability. Prior studies on the persistent deficiencies
within healthcare have demonstrated that poorly structured health systems exacerbate poor patient
and population health outcomes.5*® Therefore, there is a need to further investigate "good-
intentioned"” individual and system-level factors affecting improved equity, quality, and safety,

such as the relationship between health informatics and disparities.

1.2 SIGNIFICANCE OF PROPOSED RESEARCH

When assessing the quality of healthcare — mortality, the safety of care, readmissions, and
the patient experience are studied and cited as the most critical measures,®” neglecting the
pervasive inequalities and inequities that exist within these outcomes.!’ Despite the noteworthy
and directed governmental ventures in the U.S. over the past several decades, alarming and
significant health disparities and inequities persist and, in some cases, even worsen.'® The issues
of poor healthcare quality and safety, and the increasing rates of medical errors and health

disparities, are indicators of a broader concern and result partly due to the lack of consideration



and comprehension of data and technology in health and healthcare.*>" The crisis of disparities,
poor healthcare quality, and patient safety in health systems is complex, multifaceted, and often
exacerbated by using HIT and tools. For example, electronic health record (EHR) information data
reuse %8 is repeatedly employed, aimed at selecting patients for electronic cohort development in
clinical practice,>”"® automated disease surveillance, and clinical audits for quality improvement
61 despite data quality limitations that have been identified such as incomplete or inaccurate data,
as well as different data formats and data transformation errors.”*~" Furthermore, a recent medical
malpractice study found that provider documentation was recognized as the most common risk
management subcategory for EHRs, expressing 72% of all EHR-related risk concerns,”™ and
affecting the reliability of diagnosis in the EHR by inaccurate documentation and burdensome
documentation requirements.” In addition, over 12 million outpatients in the U.S. experience a
diagnostic error every year, as well as roughly 6 to 17% of all hospitalized patients.”’

Prior studies 8% suggest that including the patient's perspective can uncover the
underlying causes of medical errors that may be otherwise difficult to ascertain. The complexity
of neglecting technology's role in improving equity, disparities, quality, and safety poses
significant risks to health systems, communities, providers, and patients. Yet, the interactions
between data, technology, and healthcare ecosystems are challenging to explain accurately and
meaningfully, given that the relationships have not been well-acknowledged nor studied
comprehensively. A critical step to improving care and reducing healthcare challenges is
acknowledging the need to understand the existing disparities and inequities. This does not only
include across socioeconomic boundaries such as race, ethnicity, age, and gender, but also the bias

that is produced by disparities in data quality and clinical documentation, the impact of policies,



the design and use of technology information systems, and a patient's lack of awareness,
knowledge, or access to their health information.

This dissertation demonstrates that differences in HIT clinical data practices using EHR
data, utilization patterns, access, and perceptions among subgroups can lead to differential health
benefits and outcomes when they are not widely investigated or understood. The methods put forth
in this dissertation are novel contributions to the breadth of public health research that already
exists. This research represents bridging the gap between patient data, health information and
insights healthcare providers get from that data, and the collective intelligence health systems
develop from that information. In addition, it provides a fresh look at how data and technology
permeate health and healthcare at multiple levels, potentially resulting in exacerbated health,

healthcare, and digital disparities and inequities.

1.3 OVERALL PROBLEM STATEMENT AND DESCRIPTION OF THE RESEARCH

STUDIES

There is an evident gap in our knowledge considering ways to use data and technology to
improve and promote health equity and patient and community health outcomes. Patient safety is
a public health crisis, not only within the U.S. but globally as well, and it is likely to affect every
one of us at least once in our lifetime.>3®2 There is a need to address the multidimensional and
multilevel factors contributing to patient preventable harm through an equitable and technological
lens.64658283 Research on care quality and safety must bridge the gap between comprehensive
informatics utilization and improved patient population health outcomes. My dissertation bridged
this gap through the following research efforts. The initial study consisted of a secondary data
analysis examining the influence of pandemic-induced telemedicine on disparities in data quality

and data entry patterns. The second study was a pilot cross-national gquantitative survey and



expanded on study one by exploring and determining the multidimensional relationship between
telemedicine utilization and board certification on healthcare providers’ perceptions of the EHR’s
impact on care quality and patient safety. Lastly, the third study also entailed a pilot cross-national
quantitative survey, which provided the patient perspective by assessing which factors influence

the odds of patient-reported telemedicine barriers during the COVID-19 pandemic.

1.4 PURPOSE OF THE RESEARCH STUDIES

This dissertation investigated the impact of the pandemic and subsequent transition to
telehealth on (1) clinical data quality within the EHR, (2) provider perceptions of the EHR's impact
on care quality, and (3) patient perceptions of barriers related to pandemic-induced telemedicine.
In Objective 1, the influence of external, societal factors on disparities in data quality and data
entry patterns will be examined. This variation will be characterized and quantified if changes are
present to better understand the impact of modified clinical practices. In Objective 2, the
multidimensional relationship between pandemic-induced telemedicine and the EHR’s impact on
care quality and patient safety will be determined. In Objective 3 of this dissertation, the effect of
demographic and healthcare-related characteristics on patient perceptions of telemedicine barriers
will be assessed. Research questions, hypotheses, and specific aims can be found in the following

sections.



1.5 RESEARCH QUESTIONS, HYPOTHESES, AND SPECIFIC AIMS

MANUSCRIPT ONE

OBJECTIVE 1. Examine the influence of external, societal factors on disparities in data quality

and data entry patterns.
AIM 1.1. Understand how the COVID-19 pandemic impacted clinical processes and data entry
patterns within the EHR in North Carolina.

Research Question  Are there disparities in clinical data entry patterns
due to the COVID-19 pandemic across EHR data
entry segments?

Hypothesis An external societal change (i.e., pandemic-
induced telemedicine) influences clinical data
entry patterns and varies across EHR data entry
segments (i.e., problem list, billing DX, etc.),
likely due to modified clinical practices.

MANUSCRIPT TWO

OBJECTIVE 2. Determine the multidimensional relationship between HIT processes and
patient safety and care quality.

AIM 2.1. Explore and understand the relationship between healthcare provider demographics
and health system characteristics on healthcare providers' perceptions concerning EHR impact
and care delivery.

Research Question What is the relationship between healthcare
provider demographic and health system-related
characteristics (pandemic-induced telemedicine)
on perceived EHR impact on care delivery?

Hypothesis Providers who report using telemedicine and have
a board certification are more likely to perceive
the EHR's impact as beneficial or highly beneficial
on their ability to provide quality healthcare and
advance patient safety compared to non-
telemedicine providers with no board certification.
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MANUSCRIPT THREE

OBJECTIVE 3. Assess the effect of demographic and healthcare-related factors on patient
perceptions of telemedicine barriers.

AIM 3.1. Identify which factors impact perceived telemedicine utilization barriers during the
COVID-19 pandemic.

Research Question What is the relationship between patient
demographic and healthcare-related
characteristics on perceived telemedicine
barriers during the pandemic?

Hypothesis Patients who report experiencing a medical
error, have a high activation level (i.e., three or
four), and use the patient-facing EHR are more
likely to report facing at least one perceived
telemedicine barrier with the healthcare system.
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1.6 CONCEPTUAL AND THEORETICAL FRAMEWORK

Figure 1: The Interaction Between Health Systems, Health Information Technology, and Health
Outcomes
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The conceptual and theoretical framework of the interactions between health systems, health
information technology (HIT), and patient health outcomes.®+*°

1.6.1 THE INTERACTIONS BETWEEN HEALTH SYSTEMS, HEALTH INFORMATION

TECHNOLOGY, AND HEALTH OUTCOMES

This research operates under the development of an integration between the Donabedian
Model, STEEEP Model, Complexity Theory, and Sociotechnical Systems Theory (Figure 1).

Many elements are present in this model, but they are all interconnected and interdependent. This
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model conceptualizes health systems in which the internal and external environment influence the
overall healthcare structure 8 and, in turn, shape and are shaped by HIT.8 Health information
technology,®® the internal and external environment,%-° and the healthcare structure °* all
influence provider and clinical processes. Furthermore, HIT,% the environment,®* the healthcare
structure,®® and provider processes® % affect the patient and the outcome. At the same time, the
patient also has independent effects on the outcome.*% These interactions demonstrate how factors
external to the clinical infrastructure (e.g., COVID-19 and increased patient demand for
telemedicine), patient HIT utilization, and other demographic and health system factors affect

health outcomes and influence inequities in care delivery.

1.6.2 COMPLEXITY THEORY (CT)

Stephen Wolfram developed the term "complex systems" in 1987.1% This theory attempts
to discover how the many disparate elements of a system work with each other to shape the system
and its outcomes, as well as how each component within a system changes over time.%%1% The
basic premise of complexity theory is that there is a hidden order to the behavior and evolution of
complex systems. This relates to the study's objectives by adding a unique perspective of how the
goal and outcome of utilizing health information technology and data feed back into how public
and population health interventions and policies are developed.?®1%? As well as how concepts such
as data quality and governance affect future clinical research and infrastructures,”>1%-1% how EHR
systems are redesigned and utilized despite limited knowledge of their impact,3"61:107.198 how
structural barriers and injustices can be easily perpetuated throughout public and population

health,109-113
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1.6.3 DONABEDIAN MODEL

The Donabedian model was developed in 1966 by Dr. Avedis Donabedian, also commonly
referred to as the founder of healthcare quality. This framework is arguably one of the most
referenced models in healthcare and public health and focuses on quality measurement as the
foundation of improvement.!** Donabedian not only contributed to the significance of assessing
the structural elements, processes, and outcomes of an organization to evaluate quality;'*® but also
to the importance of prioritizing governance and management that is supported by measurement
to guide all healthcare professionals and researchers to determine the causes of the effectiveness

and efficiency of delivering healthcare services, 14116117

Donabedian argues:
System awareness and systems design are important for health professionals, but they are
not enough. They are enabling mechanisms only and it is the ethical dimension of an
individual that is essential to the system's success. The secret of quality is love. You must
love your patient, you must love your profession, and you must love your God. If you

have love, you can work backwards to monitor and improve the system,15116:118(p472)

As significant as the Donabedian model and some of his lasting words are to the field, his
work concluded with various research gaps. The first gap worth noting is the current importance
of patient-centeredness. This dynamic power shift between providers and patients went well
beyond Donabedian's scope and range of interest. The second gap is regarding what some refer to
as the information revolution or the information age.*®!? The information revolution has

overwhelmingly impacted health and healthcare. For example, one in three adult Americans use
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the internet to self-diagnose or educate themselves on health concerns, and there continues to be
an increase in online health-seeking behaviors.*?%123 Lastly, the third gap is not fully recognizing
healthcare as a system. Donabedian's work did not account for the complexity within healthcare
we see today and the value and importance of better understanding the system of healthcare

through redesign of those structures and processes. 54114124

1.6.4 STEEEP MODEL

Given these gaps, the STEEEP (Safe, Timely, Effective, Efficient, Equitable, and Patient-
Centeredness) Model and Sociotechnical Systems Theory (STST) were utilized to steer this
research dissertation. The STEEEP model was developed by the Institute of Medicine in 2001 and
is often referred to as the six quality domains. The STEEEP model fills the first gap in
Donabedian's work by expanding and acknowledging the importance of having patient-
centeredness as a measure to improve quality. Although the Donabedian model referenced the
patient's preference, it did not focus on patients as a specific element, especially in terms of being
a driving force in their care. The STEEEP model established these six aims to guide measurement

development for quality improvement.'%

1.6.5 SOCIOTECHNICAL SYSTEMS THEORY (STST)

Moreover, the sociotechnical systems theory addresses the final two gaps in Donabedian's
work by focusing on the information age, or in this case, health information technology's impact
on health and healthcare.!*®'? As well as understanding healthcare as a complex system
influenced by the multifaceted interaction between individuals, technology, and their

environment.t4%126 The term "socio-technical system" was coined by Emery and Trist in 1960
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and was used to describe the complex socio-technical interactions within organizations intended

to enrich systems' organizational performance.%51%’

1.7 REVIEW OF THE LITERATURE

1.7.1 INTRODUCTION

Health informatics is the study of IT utilization to improve individual, population,
community, and system health. The need for public health and healthcare systems to more
profoundly engage and integrate health informatics into the fabric and infrastructure of providing
and promoting equitable health and healthcare is documented by healthcare system leaders,
clinicians, policymakers, governments, and the research community.*® This review focuses on the
emergence of health informatics, how it is conceptualized concerning health equity and quality,
and how healthcare systems, clinicians, and patients are impacted by health informatics at varying
levels and magnitudes. Throughout this review, | will detail how the concept of health informatics
and IT emerged and progressed, as well as the discourses that have contributed to its development,
utilization, and unintended consequences on health equity, care quality, and patient safety in
healthcare systems throughout the U.S. At the end of this review is a section dedicated to the
conceptual framework under which this research operates. It focuses on the Donabedian and
STEEEP models and Complexity and Sociotechnical Systems Theory as they relate to the use of
HIT during the COVID-19 pandemic for quality improvement and patient safety in the current

literature.

1.7.2 THE DIGITAL DIVIDE

Over the past decade, health information technology (HIT) has significantly transformed

clinical practice within the U.S., although it was introduced into the healthcare industry in the
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1960s.%° Health information technology is electronic systems that healthcare professionals and
patients use to store, share, and analyze health information, data, and knowledge for
communication and decision-making. Various forms of health information technology are used
throughout healthcare today, such as electronic health records and medical records, patient portals,
telehealth, and clinical decision support,14286183.93105128-133 Dyegpite the suggested promises of
HIT,*2613 widening and troubling disparities persist and are often exacerbated using HIT within
clinical settings.*>?® Disparities are defined as "differences in treatment between racial, ethnic or
other demographic groups that are not directly attributable to variation in clinical needs or patient
preferences and continue even after adjustment for socioeconomic factors".?

Although HIT has been cited for offering the potential ability to increase access to
healthcare, improve clinical outcomes, and advance care quality, the promise and capacity that
HIT offers have not been materialized, and a "digital divide" remains, in which technology and
digital utilization patterns differ across racial, ethnic, and socioeconomic boundaries.?*?® Some
studies suggest that many novel health information technologies and practices such as artificial
intelligence (Al),** big data,’*® 5G mobile networks,'*” mobile health applications,*3%
telehealth,1*%14! telemedicine,!*?'%® and health information exchange (HIE) services 44145
contribute to the digital divide we continue to see.** However, despite these findings, the reliance
on HIT to reduce inequitable health outcomes and disparities continue to accelerate at an
unprecedented pace.?

A recent systematic review conducted in 2018 *** reported that roughly 81% of the medical
studies assessed demonstrated improved medical outcomes in terms of efficiency and effectiveness
resulting from HIT implementation. The authors also maintain that the one common theme

between their review and other systemic reviews conducted since the 1990s is the limited
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knowledge and research correlated with HIE services. Despite this being an influential factor in
HIT implementation, most data quality-focused HIT policies are poorly implemented throughout
health systems.*14214¢ Quality improvement has been suggested as a significant area for strategic
policy development and initiatives to decrease or eradicate healthcare disparities.?® Given the
increase of HIT utilization in clinical settings and radical debates on its usefulness, researchers °
argue that it is essential to investigate the interactions between health technology and disparities

to improve care quality and delivery.

1.7.3 HEALTH INFORMATION TECHNOLOGY AND CARE QUALITY

The investigation of health technology and disparities is critical. Some researchers argue
that the rapid adoption of digital technologies and tools has resulted in unintended consequences
on clinical practices, such as provider documentation and data entry quality.517:26:27,59,62,147-149
Provider documentation is fundamental to care quality, facilitating patient diagnosis and treatment
plans, reducing medical errors, and keeping costs down for organizational efficiency.®10-?
Additionally, comprehensive literature on quality provider documentation factors is needed to
improve the fundamental aspects of care quality and foster learning health systems. The demand
to foster learning health systems dates to one of the most notorious cases in medical history in
1984. An illustration of the consequences of clinical documentation errors and systemic failures is
demonstrated in the excerpt below.5*!2 This case strongly implies that a flawed patient record can

have the same catastrophic consequences today as it did almost forty years ago'®3:

In 1984, a college student in New York, NY named Libby Zion was admitted to a
Manhattan emergency room (ER) with a high fever and agitation. After consulting with

her family physician, the residents who evaluated Zion in the ER administered a sedative



18

and painkiller. None of the caregivers knew—~because Zion didn't disclose the
information at the point of care—that she was taking an anti-depressant that was
dangerously contraindicated with the drugs the physicians gave her in the ER. The drug

combination ultimately proved fatal, and Zion died from cardiac arrest.*53®18)

Multiple studies %% have recognized that although poor quality of provider
documentation and data recorded in patient records have been well-known, medical students,
incoming residents, and clinicians' training on documentation is relatively nonexistent.**® This is
concerning since prior research " has found that documentation errors related to medication
appear in patient charts 43% of the time, and 37% of those errors are related to prescribing. In
comparison, 53% are attributed to transcription errors. Given limitations such as these, clinical
documentation integrity (CDI) programs were developed to foster high-quality provider
documentation to support reimbursement and quality of care by ensuring all data in the health
record is accurate to support clinical decision-making practices.®%*%05! Furthermore, provider
documentation impacts the patient's entire care journey.®%051 |t should follow essential data
quality characteristics (such as the documentation being clear, consistent, complete, reliable,
legible, precise, and timely) to ensure the information flowing through numerous care settings

within the healthcare matrix is of high quality.®01°2

1.7.4 HEALTH INFORMATION TECHNOLOGY AND PATIENT SAFETY

Numerous healthcare professionals maintain that inaccurate and incomplete data in one's
health record due to poor documentation practices can intensify inadequate patient safety and is a
significant barrier to providing coordinated, patient-centric care.}*® Many legislative efforts have

been made to improve care quality and patient safety. This was illustrated on July 29th, 2005,
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when President George W. Bush signed Public Law (PL) 109-41, the Patient Safety and Quality
Improvement Act of 2005 (PSQIA), in response to the IOM's report, "To Err is Human".'%
Although it has been nearly twenty years since this act was implemented and there have been
numerous technological advancements and a stark increase in patient safety and quality research
since 1999, medical errors, otherwise known as preventable adverse events, are the third leading
cause of death in the U.S., claiming up to 440,000 lives each year.>* Moreover, patients are
experiencing harm at ten times the rate as in the 1990s, with more Americans dying from
preventable adverse events than car accidents or breast cancer. °6:82

Prior research °364-% indicates that the U.S. health system is inefficient, and without a data-
driven systems approach to patient safety, history will continue to repeat itself. Data on the impact
of HIT, patient safety, and care quality are conflicting. Prior studies '*° maintain that HIT tools
like machine learning can improve patient outcomes. Whereas other researchers %2 suggest that
HIT tools are not associated with a higher quality of care and may even exacerbate poor health
outcomes and disparities, offering a flaw in our understanding of HIT utilization, usability, and
usefulness. To this end, Sivashanker & Gandhi %° argue that numerous patient safety lessons and
strategies have evolved over the past twenty years that can be applied to generate informed
strategic efforts for improved health equity. For example, it is of great concern to ensure that health
systems prioritize having an infrastructure to lead equity efforts within healthcare and that the step
is not siloed but instead aligned with other quality and safety efforts.6°

With growing concerns such as these and the digital transformation within healthcare, there
has been a concerted effort by healthcare professionals, policymakers, researchers, and other
stakeholders to move toward digital health equity as well.**2122 As digital solutions have continued

to increase, especially during the pandemic, it has been imperative to shift our focus from solely
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assessing social determinants of health as they relate to patient safety and quality to digital
determinants of health, such as digital access and literacy.'62129160.161 These arguments
demonstrate a demand to explore further and understand how we can achieve zero inequity, the
same way we aspire to achieve zero harm — because there is no such thing as improved health

technology and safe, high-quality care that is inequitable. 101

1.7.5 HEALTH INFORMATION TECHNOLOGY AND HEALTH EQUITY

Health equality is defined as all individuals being given the same resources and
opportunities to attain and sustain their highest degree of health. In contrast, health equity ensures
that - from those same resources and opportunities, all individuals have the access, knowledge,
confidence, and skills to attain and sustain their highest degree of health, both within and outside
healthcare.*6? Although these two concepts are frequently used interchangeably, it is essential to
note that equality is not equivalent to equity, as equity is a process. Equality is an outcome of that
process.* There is an urgent need to advance knowledge between health informatics and inequities.
We exist in an era of widespread inequality globally, especially regarding income and wealth.®
And while various political and economic investments have been made over the past several
decades, there are justifiable concerns about how informatics and technological advancements can
lead to unintended consequences such as persistent health and healthcare disparities.*>?

This is particularly true for artificial intelligence (Al) and algorithms, which are
quantitative models that make statistical inferences from large datasets.'® Various researchers
11.1218.135 arque that haphazardly deploying Al risks amplifying and exacerbating health inequities.
For example, a recent study ! found that a widely used commercial algorithm to identify high-risk
patients was significantly biased against Blacks by using healthcare spending as an unbiased proxy

to detect disease burden. The problem with this was that the algorithm did not account for systemic
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inequalities and inequities created by poorer access to healthcare. This has been the case during a
time of normalcy but also the global COVID-19 pandemic crisis.

Prior research 1% argues that the combination of the unequal impact of COVID-19 on
vulnerable communities and the socio-technical determinants of algorithmic bias and
discrimination might produce adverse effects despite their promise. These adverse effects arise
from embedded patterns of health inequality and inequity throughout Al systems when bias and
discrimination become entrenched in these systems' conception, design, and utilization. Research
has demonstrated that bias and discrimination develop across three segments in Al systems. The
first is discriminatory structures in datasets used to train systems (e.g., exclusion of data from
under-resourced populations due to their lack of access to healthcare). Second are deficiencies in
data representativeness (e.g., under-sampling of vulnerable groups), and third, biases across the
development and implementation lifecycle (e.g., failure to include demographic variables which

are clinically relevant).1®3

1.7.6 DISCRIMINATION IN DATASETS

Many healthcare technologies, such as Al, depend on big data fostered from large datasets.
Producing inequities generated from algorithmic models places patients at risk when biases from
existing practices and institutional policies affect datasets.*®® Research demonstrates that biased
judgment and decision-making, inequitable healthcare processes, policies, and governance
regimens can affect EHRs, visit notes, clinical training programs, clinical trials, and public health
monitoring systems.?*>164 As datasets are the basis of data-driven Al and machine learning models;
we must understand that they will replicate the multifaceted and historically placed practices,
customs, and attitudes that extend throughout every healthcare system within the United States.

Thus, igniting the risk of reinforcing or augmenting latent discriminatory structures.'® Prior
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studies 165-167

argue that as health systems increase their use of natural language processing (NLP)
technologies to extract diagnostic information from clinical reports and notes, there is a need to
address unreliable and incomplete data in EHRs that mirror inequities in care quality and access.
Failure to address data quality issues within EHRs will result in Al systems' ability to potentially

reproduce, reiterate, and reinforce preexisting structural barriers and injustices.**®

1.7.7 DATA REPRESENTATIVENESS

The datasets used to train, analyze, and validate Al models frequently and inadequately
represent the public. Studies **!% have found that big data are often under-sampled and hinder
inferences about individuals with limited or low access to healthcare services, including minorities
and those of low-socioeconomic status. Mobile health or social media interventions also may
exclude or under-represent people without digital access or low digital literacy, hence the demand
for improved digital health equity.?!?? Part of the effort in enhancing data representativeness and
equity is acknowledging the limitations in dataset quality and integrity. For example, further
analyses are needed to address the problems around discriminatory design and utilization fostered

by biases and a lack of accountability within healthcare systems.

1.7.8 BIASES IN DESIGN AND UTILIZATION PRACTICES

The first step to improving health technology biases and equity unaccountability in
healthcare systems is recognizing that limited representativeness and patterns of discrimination are
not the only sources of bias in health technology and tools. Recent ethical debates have focused
on the responsibilities of computer science professionals (e.g., Al developers) and technology
companies for the impact of the technologies they create, which encompass legacies of institutional

racism and implicit biases, leading to the integration of discrimination and injustices into both
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technology innovation processes and services.>135169170 Health technology innovation projects
and interventions must consider any latent biases of those involved in the conception, design, and
development, which might allow for the introduction of structural health inequalities and
inequities. These biases have been reported in previous studies,'*!% thus validating the
discriminatory patterns that can pass into clinical processes and practices and hinder the

improvement of health equity and quality in health and healthcare.

1.7.9 THE EQUITY BURDEN

Outside of clinical domains, Al systems are rapidly being repurposed to address public
health concerns.'®!% A noteworthy example is jails, prisons, and mass incarceration. As many
sectors attempt to curb the spread of COVID-19, U.S. prison systems have introduced an
algorithmic tool developed for measuring the risk of recidivism to decide which inmates will be
released to home confinement. As this tool has been shown to display racial biases, repurposing it
is dangerous and discriminatory for health risk management. Black inmates are more likely to
remain incarcerated and subsequently subjected to increased risk of exposure to COVID-19 and
disease-related death.’* Furthermore, at the beginning of the second wave of the pandemic in the
United States (June 2020), this algorithm was repurposed, and the five most significant known
clusters of COVID-19 in the U.S. were in prisons and jails, which were framed by mass
incarceration based on historic and systemic racism.*’* Although Al and other health technology
tools can make a valuable contribution to healthcare, public health, and research; there is a
significant need to consider the existing inequalities and inequities, socio-technical determinants
of algorithmic bias and discrimination, and the adverse outcomes of clinical and epidemiological
HIT applications. This need is particularly and currently imperative in medicine and public health

to combat COVID-19 safely and responsibly.
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1.7.10 HEALTH INFORMATION TECHNOLOGY AND THE COVID-19 PANDEMIC

The COVID-19 public health crisis has disproportionately affected individuals and
populations historically marginalized in healthcare and public health, including minorities and
those with low-income status.'® For example, the COVID-19 pandemic has drawn new attention
to and compounded the existing health and digital disparities in healthcare, with Black individuals
being almost 4 times more likely to die from the virus than White individuals.® This gap is
concerning, given that racial and ethnic health disparities have been historically unwavering and
persistent within the United States.?® Furthermore, this crisis has ignited rapid implementation of
digital healthcare solutions such as virtual healthcare (telehealth and telemedicine capabilities) and
health information accessed via mobile applications or online platforms.?? When assessing the
effectiveness and efficiency of HIT, we must consider the reciprocal relationship between HIT and
the COVID-19 pandemic. This is of great concern, considering the amount of research
16,18,21,2243,715.172 that maintains the importance of acknowledging that virtual care technologies do
have the ability to exacerbate the digital divide and disparities in access to adequate care quality
and safety. Researchers ' have continued to recommend tackling health equity in virtual care
delivery in the context of the COVID-19 pandemic at three critical levels: 1) policy and
government, 2) organization and health system, and 3) community and patient.

Promoting health equity using strategies at these three levels will support healthcare
professionals, funders, policymakers, and researchers to enable access to both the infrastructure
necessary for patients to engage in a virtual care world (e.g., broadband internet and inclusive
design standards and practices) 181317317 and the availability of digital services to all populations
(e.g., properly reimbursing virtual care services).%13162328.16L176-178 | aqdition, health systems

must continue to focus on quality improvement initiatives for vulnerable and marginalized
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populations and advocate for inclusive design strategies involving diverse user perceptions in the
design of the technology to enhance digital literacy, access, and equity.16-?223177.179.180 |n doing so,
the healthcare and public health communities can improve efforts to understand the association
between inequities and information technologies.*®!

Furthermore, comprehending the three "levels” of the digital divide is fundamental to
gaining understanding. The "first-level divide" refers to the gap between those who have access to
technologies compared to those who do not, followed by the "second-level divide,” which includes
disparities in technology and digital literacy, and the "third-level divide," which is related to
technology utilization.”® Particularly, the second-level divide refers to the notion that despite some
individuals having access to the internet and digital services, they may not have attained the skills
and knowledge required to utilize these health technologies successfully. Moreover, the third-level
divide suggests that even when some individuals have an adequate understanding of how to utilize
these health technologies, they may not be able to convert their use into outcomes that advance
their health and well-being.>!6182 Prior research indicates that care quality and safety
improvement, especially during the COVID-19 pandemic, should incorporate strategies that focus
on patient-centric care, health and digital health equity, systemic racism and oppression, and other

root causes of health disparities and inequities to counter exacerbations driven by HIT and tools

within the United States.

1.7.11 SUSTAINABILITY OF EQUITABLE CARE AND HIT PRACTICES AT THE

HEALTH SYSTEM LEVEL

This review demonstrates that health systems must address disparities and inequities at
varying levels and dimensions. This includes differences in data quality and clinical processes,

HIT design, implementation, and utilization practices, risky and discriminatory application of HIT,
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repurposing of biased datasets and Al systems, and inequities in patient's ability, willingness,
knowledge, confidence, skills, and access to health information technology and tools. To that end,
this dissertation research works within the socio-technical and complex systems perspective of
improved human health via high-quality, safe, HIT-driven care, which maintains two central
concepts: 1) multiple levels of influence affect a patient's health outcomes, such as care quality,
costs, and patient safety; and 2) complex adaptive systems occur when many agents work together
within an organization and patterns materialize as the agents adopt, "simple rules” that optimize
outcomes, such as the patient experience and the clinical team’s performance.!?*

As existing research has shown that further inquiry is needed, this dissertation addresses
some of the missing contextual forces, such as information technologies affecting the improvement
of data and care quality, patient safety, and inequities within health systems in the United States.
Providing more empirical evidence of the relationship between health informatics and disparities
by examining differences in data quality, clinical processes, and patient health outcomes in the
context of COVID-19 will express a significant and comprehensive call to action for preventing
worsening health disparities and promoting equitable care and health technology practices for all

individuals and patients alike (Table 1a).

Table 1a: Summary of Dissertation Aims

Objective 1. Examine the influence of external, societal factors on disparities in data quality
and data entry patterns.

e Understand how the COVID-19 pandemic has impacted clinical processes and data entry
patterns within the EHR in North Carolina.

Objective 2. Determine the multidimensional relationship between HIT processes and
patient safety and care quality.

e Explore and understand the relationship between healthcare provider demographics and
health system characteristics on healthcare providers' perceptions concerning EHR impact
and care delivery.

Objective 3. Assess the effect of telehealth, HIT, and structural boundaries on patient
perceptions and health outcomes.

¢ Identify which factors impact perceived telemedicine utilization barriers during the
COVID-19 pandemic.
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CHAPTER TWO. IMPACT OF THE COVID-19 PANDEMIC ON ELECTRONIC HEALTH
RECORD DATA QUALITY

2.1 INTRODUCTION
Generating evidence from real-world data generated within health systems requires a clear

understanding of their inner workings and factors influencing data production during clinical care.
These systems are a conjunction of dynamic, adaptive, and interdependent components such as
individuals (healthcare providers, administration staff, and patients), infrastructure (policies,
processes, and protocols), and technology (treatments and diagnostics).! The promotion of health
information technology (HIT) through changes in national health policy was based on the
argument that electronic health records (EHRS) could advance the U.S. healthcare system and aid
in consistently improving care quality.? Existing EHR systems are designed to provide patient-
level data, and provider-level documentation and are primarily clinically and financially focused,®*
and can be employed to inform evidence-based policy decisions and solutions.>® The consistency
and validity of secondary analyses of EHR-derived data are directly reliant on the accuracy of data
entry.” Thus, correctly entering structured clinical data in the EHR is fundamental to ensuring
reliable and appropriate actions based on insights derived from this data.

Diagnosis (DX) data accuracy is essential to EHR information data reuse > as it is
frequently utilized to select patients for electronic cohort development in clinical practice,!*!2
automated disease surveillance, and clinical audits for quality improvement ** despite evidenced
data quality limitations. 1’ Existing informatics research has given the most attention to imparting
evidence of DX data unreliability and emerging methods to moderate dependence on structured
DX data alone.'®2° However, the amount of published work dedicated to identifying the root

causes of poor data quality, the multidimensionality between clinical processes generating the
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resulting data, and how to dependably use imperfect data consistently within the state of North
Carolina is limited.?

Our previous works revealed that clinical workflows and human-computer interaction
features of data entry (i.e., EHR segment of data entry (which signifies different segments of the
user interface regarding the mindset and workflow of when clinicians entered DX data into the
EHR), such as problem list or encounter DX) influence clinical data entry patterns and EHR data
quality.?>?® Although this has been investigated almost exclusively in oncological DX data, we
uncovered similar patterns in endocrinology DX data entry.?” Distinctively, we discovered that a
hemoglobin Alc (HbAlc) lab above 9% increases the likelihood of DX entry reporting
uncontrolled diabetes at statistically detectable levels in EHR data,?” which differed across EHR
segments. These findings strengthen the idea that EHR-wide, disease-independent DX data entry
practices are impacted by the EHR segment and clinical workflows. Nevertheless, numerous
external influences beyond clinical considerations may modify practice,?® and it is unclear whether
factors influencing clinical practice and workflows impact data entry patterns.

In this manuscript, we investigate the influence of external, population-level factors
impacting clinical practice on EHR data entry. Based on the literature,?® we hypothesized that an
external societal change (e.g., pandemic-induced telemedicine) would not only modify clinical
practice but would also influence the effects of clinical data entry patterns, which would vary
across EHR segments (i.e., problem list, order DX, billing DX, etc.). We examined DX data
reporting rates preceding and subsequent to a lab-based indication of uncontrolled diabetes during
normal clinical operations and during the North Carolina Stay at Home orders of 2020 (i.e., March
2020). This analysis offers new data describing how clinical data entry and quality can be

influenced by external factors that affect clinical processes. Our work provides evidence of the
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generalizability of previous findings 2>?° and develops the scope of influences that may affect
clinical data generation, which must be considered when utilizing clinical data for secondary
analysis.>®?° We tested our hypothesis using diabetes-related DX data given its chronic, varying
nature over time (e.g., glucose level flow, controlled vs. uncontrolled levels, complex
comorbidities) and its significance to public health.%®3! Our findings emphasize the need to give
particular attention to factors impacting clinical practice and data entry on the clinical side of EHR
systems and the significance of including clinicians in secondary analyses to supply knowledge of

clinical data recording practices.’

2.2 METHODS

Structured DX information across five intra-EHR information data segments was extracted
from Wake Forest Baptist Medical Center's Translational Data Warehouse. We gathered data on
patients treated for diabetes, including HbAlc laboratory values and DX descriptions chosen by
clinicians during charting. We uncovered diabetes DX descriptions indicating uncontrolled
diabetes by employing string matching and natural language processing practices. We tested our
hypothesis by evaluating the differences in patterns of diabetes DX for a cohort of patients with
uncontrolled diabetes between two distinct timeframes (i.e., ICD-10 and COVID-19 months) using
statistical models built for predicting the association of relevant variables with a post-HbA1c lab
value. Logistic regression models were used to predict the presence of the number of DX reporting
uncontrolled diabetes after a high HbAlc value for each timeframe. Descriptive and summary
statistics for our EHR-phenotyped cohort 132 of patients are presented, along with statistical
modeling results for hypothesis testing. Approval for this study was obtained by Wake Forest

University School of Medicine’s Institutional Review Board (IRB: IRB00062976).
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The patient cohort for this study included adults (i.e., 18 years of age or older at the time
the data was recorded) who had at least one HbAlc value exceeding 9%, an average measure of
blood sugar levels over the course of 3 months that indicates uncontrolled diabetes. Diagnosis code
and description information were collected for these patients. The final inclusion criteria were
formed on a phenotyping algorithm feature established by the New York City Health Department.
This phenotype has a reported positive predictive value of 0.97 at the 6.7% level for both types of
diabetes after validation with a gold standard.®? Patients were excluded from the study if they only
had one clinical interaction within 90 days prior to or after their first elevated HbAlc. This measure
was used to screen charts that did not contain enough DX data after the HbAlc results were
returned to reduce potential noise that would weaken statistical effects in our raw data.

The DX dataset contained 4,160 diabetes descriptions that could be chosen by clinicians at
the time a DX was entered into the EHR. We uncovered descriptions of uncontrolled diabetes
using a multi-stage process. To begin with, string matching methods were used to discover the
terms ‘“uncontrolled,” “inadequately controlled,” “out of control,” “poorly controlled,”
“hyperglycemia,” or “not at goal” according to former and existing DX coding guidelines. Second,
natural language processing was utilized to reveal other concepts describing uncontrolled diabetes.
All clinical concepts in these descriptions were pulled using NOBLE Coder,*® an NLP named
system, which is a recognition tool for biomedical content utilized for traversing different medical
domains (e.g., clinical care and research). At that point, subsequent concepts were explored,
including similar terms referred to for string matching. Third, we analyzed concepts discovered by
employing direct string matching and concept extraction, uncovering the comparative number of
DX descriptions returned (755 and 715 for string matching and content extraction). The percent

agreement among the two techniques was 99.3%. Likewise, all concepts that were distinguished
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through concept extraction were found to be contained in the set discovered via string matching.
We proceeded to calculate the two rater Cohen’s Kappa 3 to confirm inter-rater reliability across
strategies utilizing the irr R package. We discovered high agreement between the two
methodologies (Kappa=0.977, p<.0001). Finally, 10% of all DX specifications were considered
by a clinician to approximate the accuracy of classification. The percent agreement between the
highest-performing technique and our expert was 98.1%, and the inter-rater reliability Kappa
(0.931, p<.0001) indicated high accuracy of our DX extraction measure.

The data used consisted of laboratory measures and DX descriptions the occurred between
November 1st, 2015, and January 1st, 2020. This period was specified to guarantee ICD coding
design consistency (i.e., included DX after ICD-10 went into effect). 158,660 diabetes DX
recordings for 11,179 patients were included from our EHR for the final dataset. Our preliminary
dataset contained DX records with the corresponding timestamp and patient identifier. Every DX
had a specific DX description and was correlated with an ICD-10 code (i.e., E10.* and E11.* codes
parallel to type 1 and type 2 diabetes). Each patient’s original HbAlc result higher than 9%
recorded to date was added to each DX record with the ‘PostHbAlc’ indicator that served as the
dichotomous independent variable for our regressions.

Supplementary variables were analyzed to differentiate sequences of DX recorded 90 days
preceding and following the initial elevated HbAlc value. These variables included the number of
DXs entered in each sequence, the number of distinct DX descriptions, the DX sequence length in
days (i.e., the maximum number of days between DX entry and the HbA1c), the number of distinct
visit providers they saw during each timeframe, the number of departments or clinical units treating
the patient (i.e., care units involved in patient management such as internal medicine, family

medicine, and endocrinology), and the number of DX referring to uncontrolled diabetes. We
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screened data for outliers, missing values, and inaccurate input through examination of summary
statistics. Dates were also evaluated for possible errors, such as values outside the study’s
timeframe.

To test our hypothesis, patient DX sequences were collected (i.e., a chain of
chronologically ordered DX records in a patient’s EHR), including all diabetes DX in 90 days
preceding or subsequent to an elevated HbAlc laboratory (>9%), in concurrence with current care
guiding principles for those diagnosed with diabetes. Every DX sequence contained specific ICD-
10 codes for Type 1 or 2 diabetes (i.e., ICD-10 DX code, E10.* and E11.*) that indicated lack of
control (e.g., “uncontrolled diabetes” or “diabetes with hyperglycemia’). Data was gathered during
regular clinical practice (i.e., 2019) and during North Carolina’s Stay at home orders (i.e., March
2020). We built binomial statistical models predicting the odds that a 90-day DX sequence would
occur preceding or following an elevated HbAlc based on the number of DX records reporting
uncontrolled diabetes and to compare the effects during these two time periods. Both datasets from
the two timeframes were stacked, and a new variable was created to indicate from which dataset
(i.e., ICDI10 [Dataset 1] or COVID [Dataset 2]) the patients’ data originated. Next, we generated
ten different samples with a matched number of patients from both datasets using Stata’s random
tag function.®® Statistical significance was set at p=0.05 for all models, and adjustments for
multiple comparisons were made using Stata’s p-adjust function (Holm’s correction method).%
We refer to the odds ratios as OR and the adjusted p values as adj-p.

Data extraction and preprocessing were executed using a DataGrip software client (version
2019.1, JetBrains s.r.o., Prague, Czech Republic). Visual exploration and analyses were performed

using Tableau (version 2020.1, Tableau Software, Inc., Seattle, WA). All statistical analyses and
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data manipulation, such as scrubbing and reshaping, were done in StataCorp (version 2019.16.1,

Stata Statistical Software, College Station, TX).

2.3 RESULTS

Our datasets contained 107,167 diabetes DX recordings for 12,620 patients across five
clinical EHR segments and 6,574 diabetes DX recordings for 1,187 patients across five clinical
EHR segments for regular operations and confinement operations during the pandemic,
respectively (Table 1b). The dataset contained 1,748 distinct DX descriptions entered by 1,246
providers across 633 departments or clinical units for regular operations and 430 distinct DX
descriptions entered by 430 providers across 212 departments or clinical units for pandemic
operations. The average number of days from the HbAlc result was 9+39 (MeanzStd.Dev.) and
1+11 (MeanzStd.Dev.) for regular and confinement operations.

We found differences in the regressions built for regular clinical operations and clinical
operations during confinement (Table 2b). Our model revealed changes in the number of DX
reporting uncontrolled diabetes between the two timeframes. During regular operations, a 90-day
DX sequence was roughly 7% more likely to appear in the post-HbAlc timeframe for each
uncontrolled diabetes DX included (adj-p<.0001). For operations during confinement, a 90-day
DX was about 16% more likely to appear in the post-HbA1c timeframe for uncontrolled diabetes
(adj-p=.0094), likely secondary to better follow-up. Our models (i.e., regular and confinement)
controlled for the total number of DX entries (OR=.963, adj-p<.0001; OR=.919, adj-p=.0135), the
number of distinct DX descriptions per patient (OR=1.14,adj-p<.0001; OR=.967, adj-p=0.6825),
the number of providers (OR=1.30, adj-p<.0001; OR=1.72, adj-p=0.010), the number of
departments/units (OR=2.40; OR=4.10, adj-p<.0001), and length of DX sequence (i.e., pre/post,

max number of days from HbA1c) (OR=.973;0R=.928, adj-p <.0001).
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We found statistically significant differences in the number of providers between normal
(OR=1.309, adj=p<.0001) and confinement (OR=1.722, adj-p=.0101) clinical operations. Our
model also uncovered that the number of departments/units had the largest odds ratio (OR=2.405,
adj-p<.0001) for regular operations and (OR=4.108, adj-p<.0001) for operations during
confinement. Controlling for EHR data provenance, we found statistically significant differences
between effects. Specifically, all segments (excluding billing for confinement operations) had
statistically significant odds ratios ranging between 0.545 and 1.25 (0.001<p-value<.0001) (Table
3b).

Assessing differences between regular and confinement operations, we found statistically
significant differences between data entry patterns. A DX sequence was less likely to appear after
a high HbAlc during confinement (OR=.839, p<.0001) compared to normal operations. This
model also uncovered statistically significant differences after controlling for EHR segment. We
found that uncontrolled diabetes was more likely to be reported during normal operations
(OR=1.090, p=.004) compared to confinement operations (OR=0.917, p=.004). This indicates a
significant difference in the data entry patterns when controlling for when the data was entered
(i.e., during normal operations or confinement). We found a slight uptick in the odds ratio for the
number of uncontrolled diabetes records (OR=1.08, adj-p<.0001) compared to the regular
operations odds ratio (OR=1.07, adj-p<.0001), indicating that the effect from that dataset was
stronger, likely due to the larger number of patients. To address this and confirm the robustness of
our findings, we developed ten different regressions with a matched number of patients.

The results found in prior regressions could be replicated with randomly matched datasets
containing a balanced number of patients (Table 4b), indicating robust results. The odds ratio for

the number of uncontrolled diabetes DX predicting if our DX sequence appeared before or after
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the high HbAlc value remained above 1, ranging between 1.08<OR<1.17 (0.001<adj-p>0.03).
Time of operation also remained statistically significant (adj-p=0.001), with odd ratios remaining
above or below 1 and ranging between 1.23<OR<1.27 and .721<OR<.808, showing that the effect
was robust. Controlling for provenance also showed a robust effect. The odds ratio for the number
of uncontrolled diabetes DX predicting if our DX sequence appeared before or after the high

HbA1c value remained above 1, ranging between 1.07 and 1.16 (0.001<adj-p>0.025).

2.4 DISCUSSION

We compared data entry patterns during regular and confinement operations with respect
to the COVID-19 pandemic. Changes were detected in the number of DX reporting uncontrolled
diabetes between normal (OR=1.07, adj-p<.001) and confinement (OR=1.16, adj-p=.009)
operations for patients with an HbAlc lab results above 9%. Statistically significant differences
were found between data entry segments within our EHR database during both regular and
confinement operations, confirming prior findings.?” A sensitivity analysis confirmed changes in
DX entry remained consistent throughout ten iterations of randomly matched datasets. These
findings reveal that an external change affecting operations in healthcare organizations modifying
clinical practice (e.g., COVID-19 and increased telemedicine) is correlated with clinical data entry
patterns.37:8

Our findings underscore the idea that the variation in data entry across EHR segments
during different units of time potentially reflects systematic changes within clinical documentation
processes.®>*0 In understanding the secondary use of these data entry processes, this study supports
prior findings and a need to systematically explore the complex adaptive nature of the micro-
systems (e.g., having disparate providers and clinical departments) and macro-processes (e.g.,

clinical data entry patterns and ordering of diagnostics tests) in place.*! In clinical practice, these
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macro-processes span multiple micro-systems within a healthcare organization. Congruent with
that, our data show that clinical data entry may be fragmented *? and exacerbated by complex high-
level system factors outside clinical practice.***** For example, our analysis uncovered that the
number of departments had the most significant odds ratio (OR=2.405, adj-p<.0001) for regular
operations and (OR=4.108, adj-p<.0001) during confinement.

However, these marked differences may suggest that some of the variability in data
recording can be explained by providers from different units with different goals contributing to
patient care as a team, which is likely to increase the heterogeneity in data entry.* In addition, it
is important to consider that since many providers were using telemedicine, data were likely coded
differently. This consideration gives insight into why our findings revealed changes in the
likelihood of DX reporting uncontrolled diabetes after controlling for the number of departments
and units.*¢4” Furthermore, our findings align with the argument that one must acknowledge the
foundational aspect of diagnosis documentation for improved quality and organizational efficiency
to implement behavior change to transform clinical practice,3%:40:48-50

This study offers insight into the dynamic nature of clinical data entry and its potential
impact on secondary use and, by proxy, evidence-based health policy development. Clinical data
reuse is a useful tool for care quality improvement, and a deep understanding of its pitfalls and
limitations is crucial to improve policies such as cost and payment policies as well as policies
concerning EHRs and telehealth.*%-2 The goal to control spending in healthcare has led to budget
cuts in fundamental areas of clinical practice. For example, randomized laboratory financial
reductions are prevalent within healthcare. Laboratory expenses are only 3% of all clinical budgets,
and nearly 70% of all medical errors result from diagnostic errors. Thus, inadequate testing often

leads to inappropriate care delivery and misdiagnosis, supporting the idea that adequate lab results
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and testing have a noteworthy role in diagnostics.>® Furthermore, given that our models revealed
that an external societal change is correlated with modified clinical practice and data entry patterns,
there is a need to investigate the interactions between the environment, processes, workflows,
technological designs, patients, and the core operative nature of the system itself.?84%54 Although
some researchers 5> maintain that quality and safety have improved due to healthcare
digitization, resolving the “productivity paradox of health information technology” remains a
challenge, and clinical IT and human systems must not only co-exist but co-evolve
concurrently, 241:57:58

In the context of healthcare policy within North Carolina, identifying how to seamlessly
integrate clinical data while reducing waste and care costs remains largely untapped. Hence, the
call in 2015 by the North Carolina General Assembly for a statewide health information exchange
(HIE).*®® This act was partly developed to tackle one of the most challenging aspects of HIT,
otherwise known as “interoperability.” It was designed to cultivate a centralized database of
health data to strengthen the use of analytics for improved quality of care.%® Although this is a
remarkable effort, the purpose of the NC Health Information Exchange Authority (NC HIEA),
which is to bridge all systems of care across North Carolina to accelerate better-quality and timely
data sharing, is at risk of being diminished by data quality issues that may be unacknowledged and
unaccounted for.*? Such multi-site integrations are likely to increase the heterogeneity in databases
and present a clear threat to secondary data analysis and the reliability of the evidence generated
for downstream decision-making.®%6 In acknowledging this risk, policy changes must be made to
encourage and demand improved interoperability and EHR design in the effort to drive better care

quality for all patients, communities, and populations across North Carolina.?4362
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Limitations

Our analysis presents several limitations. First, our study was dependent on an EHR-
phenotype cohort of patients rather than a hand-curated patient cohort. We used a validated
phenotyping algorithm developed by the New York City Health Department 3 to inform our EHR
phenotyping techniques for our patient population since we did not have a clinician-developed
cohort available. Second, the odds ratios of the number of DX indicating uncontrolled diabetes for
pre-pandemic and confinement operations were rather small (i.e., 1.07<OR<1.16) compared to
other predictors. Third, we utilized clinical data from only one healthcare system. However, our
future work will use data from multiple health systems to increase generalizability and external
validity. Finally, given that we evaluated data from two different timeframes, the volume of both
datasets was incongruent. To account for this, we developed ten different samples with an equal
number of matched patients and replicated all regression models. Future work will focus on
addressing these limitations and verifying our findings through the development of further EHR-

based clinical and informatics research.

CONCLUSION

We consistently found changes in the number of DX reporting uncontrolled diabetes
between normal and confinement operations. Our results support prior evidence % that external
factors outside of clinical practice may affect data entry patterns. This evidence highlights the need
for innovative approaches to understanding complexities related to EHRSs, clinical documentation,
and diagnostics, which result in the third most common EHR-related adverse safety event (e.g.,
timely follow-ups for abnormal lab results).! If we effectively capture and utilize clinical data and
knowledge, we will have an improved chance of meeting our collective ambitions to ensure safe,

high-quality, and sustainable learning health systems.®>% In uncovering the digital infrastructure
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and data captured by providers in EHRs, it is particularly important to explore the emerging
opportunities in how EHRs impact adverse safety events and errors, as well as providers' and
patients’ perceptions of quality care within healthcare systems. With the evolution of patient-
focused HIT policy,* the pervasive disparities and inequities that exist within healthcare systems

must be evaluated to achieve more equitable data practices and decision-making.
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Table 1b: Dataset Descriptive Statistics

40

Regular Operations

Confinement Operations

Measures/Timeframe Overall Pre- Post-  Overall Pre- Post-
HbAlc HbAlc HbAlc HbAlc
Distinct Patients 12,620 6,042 11515 1,187 415 1,067
Number of DX Records 107,167 28,593 78,574 6,574 1,463 5111
Distinct DX Descriptions 1,748 1,135 1,524 430 226 363
Number of Uncontrolled 31,377 7,738 23,639 2,287 409 1,878
Diabetes DX Records
Distinct Providers 1,246 1,015 1,193 430 253 394
Distinct Hospital 633 472 584 212 126 192
Department/Unit
Days from HbAlc Result 9439 -33+31  24+29 1+11 -9+11 4+9

(MeanzStd.Dev.)
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Table 2b: Overall Regression Results. During regular operations, a 90-day DX sequence was
about 7% more likely to appear in the post-HbA1lc timeframe for each uncontrolled diabetes DX
included (adj-p<.0001). Whereas, for operations during confinement, a 90-day DX was 16% more
likely to appear in the post-HbAlc timeframe for uncontrolled diabetes (adj-p=.009).

Model | Term Odds | Confidence | Std. p- Adjusted
Ratio Interval Error | value | p-value
(exp(B)) | (95%)
Number of 1.07 1.05 | 1.08 | .009 |<.0001| <.0001
Uncontrolled
Diabetes DX
Number of DX 963 955 | 972 | .004 |<.0001| <.0001
g Number of Distinct 1.14 1.10 | 1.19 | .023 |<.0001 | <.0001
E= DX
g)_ Number of 1.30 1.23 | 1.39 | .041 | <.0001 | <.0001
% Providers
?i» Number of 2.40 2.26 | 255 | .072 | <.0001 | <.0001
% Departments/Units
§ DX Sequence 973 973 | .974 | .000 | <.0001| <.0001
O | Length (Days)
Number of 1.16 1.05 | 1.27 | .056 | 0.002 0.009
Uncontrolled
" Diabetes DX
S | Number of DX 919 865 | .977 | .028 | 0.007 0.013
§ Number of Distinct 967 823 | 1.13 | .079 | 0.682 0.682
S | DX
@)
£ | Number of 1.722 | 1.19 | 2.47 | .319 | 0.003 0.010
[«B]
§ Providers
€ | Number of 410 | 2.87 | 5.86 | .746 | <.0001 | <.0001
% Departments/Units
§ DX Sequence 928 918 | 937 | .004 | <.0001| <.0001
O | Length (Days)
Number of 1.07 1.04 | 1.08 | .009 |<.0001 | <.0001
Uncontrolled
@ | Diabetes DX
5 -% Number of DX 965 957 | .974 | .004 | <.0001| <.0001
> § Number of Distinct | 1.15 | 1.10 | 1.20 | .023 | <.0001| <.0001
04

DX




Number of 1.25 1.17 | 1.34 | .041 |<.0001| <.0001
Providers
Number of 2.76 2.60 | 294 | .087 |<.0001| <.0001
Departments/Units
DX Sequence 973 972 | 974 | .000 |<.0001| <.0001
Length (Days)
Provenance — 1 Ref | Ref Ref Ref Ref
Primary Encounter
DX (Ref.)
Encounter DX 121 .690 | .754 | .016 | <.0001| <.0001
Order DX 672 642 | .703 | .015 |<.0001 | <.0001
Problem List DX 1.25 1.19 | 1.30 | .026 | <.0001 | <.0001
Billing DX 812 776 | .847 | .018 |<.0001 | <.0001
Number of 1.17 1.05 | 1.28 | .058 | 0.002 0.01
Uncontrolled
= Diabetes DX
2 Number of DX .958 899 | 1.02 | .030 | 0.182 0.546
& [ Number of Distinct | .897 | .761 | 1.05 | .075 | 0.198 | 0.546
04 DX
T | Number of 1.56 1.08 | 2.26 | .294 | 0.018 0.07
S Providers
=4
= | Number of 4.93 3.42 | 7.08 | .911 | 0.000 0.001
o
g Departments/Units
%,), DX Sequence 926 916 | .935 | .004 | 0.000 0.001
& | Length (Days)
IS Provenance — 1 Ref | Ref Ref Ref Ref
2 | Primary Encounter
O | DX (Ref)
é Encounter DX 718 .608 | .847 | .060 | 0.000 0.001
£ | Order DX 545 | 457 | 649 | .048 | 0.000 | 0.001
[
S | Billing DX 916 779 | 1.07 | .075 | 0.290 0.546

42
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Table 3b: Regression Results Controlling for Confinement vs. Normal Operation Timeframes. A
DX sequence was less likely to appear after a high HbAlc during confinement (OR=.839,

p<.0001) compared to normal operations.

Model | Term Odds Ratio Confidence Interval p-value
(exp(B)) (95%)
Number of Uncontrolled 1.08 1.06 1.09 <.0001
Diabetes DX
Number of DX 961 952 .969 <.0001
Number of Distinct DX 1.14 1.09 1.18 <.0001
Number of Providers 1.32 1.24 1.40 <.0001
Number of 2.47 2.33 2.62 <.0001
Departments/Units
DX Sequence Length 973 972 974 <.0001
= (Days)

2 Dataset- Normal Operations 1 Reference | Reference | Reference

£ | (Ref)

[

S | Confinement Operations .838 787 .883 <.0001
Number of Uncontrolled 1.07 1.05 1.09 <.0001
Diabetes DX
Number of DX .963 .954 972 <.0001
Number of Distinct DX 1.14 1.10 1.19 <.0001
Number of Providers 1.26 1.18 1.35 <.0001
Number of 2.86 2.69 3.04 <.0001
Departments/Units
DX Sequence Length 973 972 973 <.0001
(Days)

Dataset- Normal Operations 1 Reference | Reference | Reference

X | (Ref)

w

= | Confinement Operations 917 .865 972 0.004

@

% Provenance — Primary 1 Reference | Reference | Reference

E Encounter DX (Ref.)

= | Encounter DX .819 .691 753 <.0001

[

S | Order DX 721 .638 697 <.0001
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Problem List DX .667 1.20 1.30 <.0001

Billing DX 1.25 .7185 .855 <.0001

Number of Uncontrolled 1.07 1.06 1.09 <.0001

Diabetes DX

Number of DX .961 .952 .969 <.0001

Number of Distinct DX 1.14 1.09 1.18 <.0001

Number of Providers 1.32 1.24 1.40 <.0001

Number of 2.47 2.33 2.62 <.0001

Departments/Units

DX Sequence Length 973 972 974 <.0001

(Days)

Dataset- Confinement 1 Reference | Reference | Reference
€ | Operations (Ref)

E Normal Operations 1.20 1.13 1.27 <.0001
Number of Uncontrolled 1.07 1.05 1.08 <.0001
Diabetes DX
Number of DX .963 .954 972 <.0001
Number of Distinct DX 1.14 1.10 1.19 <.0001
Number of Providers 1.26 1.18 1.35 <.0001
Number of 2.86 2.69 3.04 <.0001
Departments/Units
DX Sequence Length 973 972 973 <.0001
(Days)

Dataset- Confinement 1 Reference | Reference | Reference
Operations (Ref.)

Normal Operations 1.10 1.03 1.16 0.004
Provenance — Primary 1 Reference | Reference | Reference

o Encounter DX (Ref.)

E Encounter DX 721 .691 753 <.0001

'c% Order DX .667 .638 .697 <.0001

Tg Problem List DX 1.25 1.20 1.31 <.0001

S [Billing DX 819 785 855 <0001




Table 4b: Ranges of Odds Ratios and P-values for the Ten Matched-Patient Regressions. The
odds ratio for the number of uncontrolled diabetes DX predicting if our DX sequence appeared

before or after the high HbAlc value remained above 1, ranging between 1.08<OR<1.17 and
(0.001<Adj-p>0.03).

Model Term Odds Confidence | P-value Adjusted P-
Ratios Interval Range value Range
Mean (95%) (Min- (Min- (Min-Max)
(Min-Max) Max) Max)
Overall Number of 1.13 (1.08- 1.02-1.23 <.0001- 0.001-0.03
Normal Uncontrolled
Operations Diabetes DX 1.17) 0.006
Dataset — 1 Reference | Reference Reference
Confinement
Operations
(Ref).
Normal 1.25 (1.23- 1.14-1.37 <.0001 0.001
Operations 1.27)
Overall Number of 1.13 (1.08- 1.02-1.23 <.0001- 0.001-0.03
Confinement | Uncontrolled
Operations Diabetes DX 1.17) 0.006
Dataset — 1 Reference | Reference Reference
Normal
Operations
(Ref).
Confinement 794 (.786- .721-.874 <.0001 0.001
Operations .808)
Regular Number of 1.12 (1.07- 1.02-1.24 <.0001- 0.001-0.03
Operations Uncontrolled
Controlling Diabetes DX 1.16) 0.006
for EHR
Segment
Confinement | Number of 1.12 (1.07- 1.02-1.22 <.0001- 0.001-0.025
Operations Uncontrolled
Controlling Diabetes DX 1.16) 0.004
for EHR
Segment
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CHAPTER THREE. EXPLORING PROVIDERS’ PERCEIVED TELEMEDICINE AND EHR
IMPACT ON PATIENT SAFETY AND QUALITY DURING THE COVID-19 PANDEMIC

3.1 INTRODUCTION

Over the past decade, health information technology (HIT) has significantly transformed
clinical practice within the United States (US), although it was introduced into the healthcare
industry during the 1960s.! Health information technology incorporates electronic systems that
healthcare professionals and patients use to store, share, and analyze health information, data, and
knowledge for communication and decision-making. Despite the suggested promises of HIT %3
widening and troubling disparities persist and are often exacerbated using HIT within clinical
settings.*° Disparities are "differences in treatment between racial, ethnic or other demographic
groups that are not directly attributable to variation in clinical needs or patient preferences and
continue even after adjustment for socioeconomic factors."®

Although HIT has been cited for offering the potential ability to increase access to
healthcare, improve clinical outcomes, and advance care quality, the promise and capacity that
HIT offers have not been materialized, and a "digital divide" remains, in which technology and
digital utilization patterns differ across racial, ethnic, and socioeconomic boundaries.>’ Some
studies suggest that many novel health information technologies and practices such as artificial
intelligence (Al),2 big data,® 5G mobile networks,'® mobile health applications,***? telehealth,**
telemedicine,'>%® and health information exchange (HIE) services 178 contribute to the digital
divide we continue to see.*® However, despite these findings, the reliance on HIT to reduce
inequitable health outcomes and disparities continue to accelerate at an unprecedented pace.?°

A recent systematic review conducted in 2018 3 reported that roughly 81% of the medical
studies assessed demonstrated improved medical outcomes in terms of efficiency and effectiveness

resulting from HIT implementation. The authors also maintain that the one difference they had in
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common themes between their systematic review and other systemic reviews conducted since the
1990s is the limited knowledge and research correlated with HIE services. Despite this being a
noteworthy factor in HIT implementation, most data quality-focused HIT policies are poorly
implemented throughout health systems.?*2® Quality improvement has been suggested as a
significant area for strategic policy development and initiatives to decrease or eradicate healthcare
disparities. ® Given the pandemic-induced increase of HIT utilization in clinical settings and radical
debates on its usefulness, researchers 4 argue that it is essential to investigate the interactions
between health technology and disparities to improve care quality and delivery.

The effects of pandemic-induced telemedicine and healthcare provider and system
characteristics on perceived electronic health record (EHR) documentation have not been assessed
in the current population within public health and health services research. The findings of this
research can inform future evaluation, policies, and interventions geared toward HIT-related
patient error prevention and reduction, as well as reduction of disparities and inequities in patients,
populations, and communities. Accurate recording of patient health information, including
diagnosis, treatment, prescription, and lab result data in the EHR, is crucial for clinical practice
and learning health systems. Adverse events and preventable errors are the third leading cause of
death in the U.S.?* This demonstrates that although the industry has taken steps and conducted
research to improve patient safety and quality, little to no progress has been made. Patients today
are experiencing ten times the rate of preventable harm as they were in the 1990s, despite the
advancements in health information technology and tools.?®

This paper investigated the multidimensional relationship between pandemic-induced
telemedicine, care quality, and patient safety. Based on the current literature,* % the hypothesis

for this study was that healthcare providers (e.g., MDs, DOs, PAs, CNPs, & RNs) who report using



54

telemedicine or having a board certification perceive the EHR's impact on their ability to provide
quality healthcare and avoid errors as beneficial or highly beneficial, compared to non-
telemedicine providers with no board certification. The findings from this study emphasize the
need to give particular attention to demographic and health-system-related characteristics’
influence on perceptions of the satisfaction or utility of health information technology tools such

as electronic health records.
3.2 METHODS

Data Source
This study was based on a pilot cross-national, cross-sectional research design, which

included U.S. healthcare providers (e.g., MDs, DOs, PAs, CNPs, & RNs) who continually
practiced from the start of the COVID-19 pandemic in March 2020. This study was conducted
using an anonymous web questionnaire to determine the multidimensional relationship between
demographic and health system-related characteristics and perceived EHR impact on care delivery
through an equitable and sociotechnical lens. The study consisted of adult (18+), English-speaking
healthcare providers from various hospitals, health systems, and institutions. Providers were
excluded if they did not practice medicine from the start of the pandemic to when the study was
conducted. Eligible providers were informed of a 20-question anonymous online questionnaire
through an e-listserv (i.e., National Study of Long-Term Care Providers (NSLTCP) and various
social media platforms (i.e., Twitter, Facebook, Slack, and LinkedIn). The questionnaire, described
in detail (Appendix Al), was adapted from the National Electronic Health Records Survey
(NEHRS) ¢ and The Electronic Health Record End User Survey.?” The modified survey, designed
to be completed in 10 to 15 minutes, was validated based on results from a study conducted by
DesRoches et al.,?® where they employed the NEHRS with the use of a national survey including

2,758 clinicians. Their results indicated that clinicians reported positive effects of these systems
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on several dimensions of care quality and high levels of satisfaction. However, the DesRoches et
al.,?8 study validated the need to investigate healthcare providers’ perceptions of HIT and their
utilization practices.

Data collection occurred six weeks from March 1%, 2022, to April 11" 2022. Logistic
regression models were used to predict the odds of healthcare providers reporting that the EHR's
impact on care delivery was beneficial or highly beneficial during the COVID-19 pandemic, based
on telemedicine utilization and board certification. Descriptive and summary statistics for our
sample of providers are presented, along with statistical modeling results for hypothesis testing.
The descriptive information for the variables was also assessed graphically via histograms.
Researchers obtained approval from The University of North Carolina at Charlotte's Institutional
Review Board (IRB#: 22-0701). Our final sample consisted of N =159 healthcare providers after
16 providers, who did not practice medicine during the designated timeframe, and 24 providers,
who submitted incomplete questionnaires, were excluded (Table 1c).

Study Variables and Statistical Analysis

Electronic Health Record (EHR) Measures
Outcome Variables. The dependent variable, perceived EHR impact, was binary and

measured by the question, "Based on your experience during the pandemic, please indicate whether
you believe the effect of the EHR on your clinical practice has been detrimental, beneficial, or
neither, using the scale below:" Providers were asked to indicate their perceived level of EHR
impact by selecting a response ranging from 1 (highly detrimental) to 5 (highly beneficial). The
primary and secondary outcome measures were perceived EHR impact on quality of healthcare
and perceived EHR impact on avoiding errors. Quality of healthcare (herein referred to as “care

quality”) indicates the increased likelihood of desired health outcomes, and avoiding errors (herein
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referred to as “patient safety”) entails averting a preventable adverse event of care to the patient.
Care quality and patient safety are collectively referred to as “care delivery” throughout this study.

A validated instrument (The Electronic Health Record End User Survey) was utilized to
minimize measurement error and internal validity issues. The Electronic Health Record End User
Survey is a questionnaire designed in 2011 by the Michigan Public Health Institute for clinical
staff in an ambulatory setting.?” This instrument was designed to measure the existing state of
EHRSs, and this study used an adapted version of The Electronic Health Record End User Survey,
asking questions related to the EHR's impact on care quality, patient safety, diversity, equity, and
inclusion efforts, and other aspects of clinical practice (Appendix A2).

Demographic and Health System-Related Measures
Predictor Variables. Based on a review of literature related to EHR satisfaction and

utility, the following independent variables were 1) selected as predictor variables, 2) had ordinal
and nominal scaling, and 3) constituted two content-related groups: demographics and health
system-related factors. The demographic variables were geographic location, age, sex, race, and
ethnicity. The health system-related factors were telemedicine utilization, medical credentials,
professional experience, weekly patients, EHR experience, practice setting, and type of healthcare
organization (HCO). For the multivariable analysis, three variables (i.e., geographic location, race,
and board certification) were reduced in the number of categories to produce more meaningful
results and avoid multicollinearity. For example, in the variable ‘state of residency,’ various states
(n=12) were not represented throughout the sample. Therefore, the states were aggregated into
regions labeled 'Geographic Location.' The number of categories was also reduced for 'race’ in the
multivariable analyses. The following categories were aggregated into one category labeled
‘Other: American Indian or Alaska Native, Asian Indian, Asian, Native Hawaiian, and other or

prefer not to answer.
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To assess the primary exposure, telemedicine utilization, participants were asked, "During
the COVID-19 pandemic, did you deliver care via telemedicine technology?"; "What type(s) of
telemedicine tools do you use for your patient visits?”’; and "What, if any, issues affected your use
of telemedicine during the pandemic?" The validated National Electronic Health Records Survey
(NEHRS) was utilized to minimize measurement error and internal validity issues. The NEHRS is
an annual survey conducted by the National Center for Health Statistics (NCHS) in partnership
with RTI International and sponsored by the Office of the National Coordinator for Health
Information Technology (ONC).?® The survey has been conducted since 2008 and provides
information on EHR systems adoption and utilization practices within HCOs in the United States.?®
In addition, results from the NEHRS have been instrumental in providing data to progress toward
meeting the policy goals of The Health Information Technology for Economic and Clinical Health
(HITECH) Act.?® The NEHRS was developed with guidance from experts on survey research,
health information technology, and healthcare management and policy.? This study explored
telemedicine utilization during the COVID-19 pandemic using an adapted version of the NEHRS,
asking questions related to telemedicine deployment, the types of tools utilized, barriers faced with
telemedicine, and telemedicine care quality (Appendix A3).

Statistical Analysis. Summary statistics of providers' demographic and health system
characteristics and outcomes were calculated. Univariable logistic regression analyses were
conducted to determine whether the variables were statistically independent or correlated with
perceived EHR impact on care delivery, estimating the unadjusted odds ratios (ORs). Confounding
could be detected by comparing these unadjusted ORs with the adjusted ORs determined in the
multivariable analyses. Multivariable logistic regression analyses were utilized to examine the

joint explanatory power of the independent variables on perceived EHR impact on care delivery.
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One final model included eight of the explanatory variables. The reference categories were picked
to allow comparisons of polarized groups. The final model illustrates the statistical probabilities
of telemedicine utilization and having a board certification on perceived EHR impact when
controlling for demographic and other health system-related factors, including geographic
location, age, sex, race, ethnicity, medical credentials, years of EHR experience, and type of
healthcare organization. Through a series of collinearity diagnostics, multicollinearity was present
for various independent variables. Therefore, not all variables were included in the multivariable
analyses.

Variables not showing a statistically significant association with the outcome variable in
the univariable analysis were still included in the multivariable analysis to detect any apparent
non-associations and account for clinical or biological relevance. These variables were used as
control variables. Statistical significance was set at p=0.20 2° for the univariable and preliminary
multivariable models to identify factors for inclusion in the multivariable model. The statistical
significance was set to p=0.05 for the final multivariable model. All results are presented as odds
ratios (ORs), with the 95% confidence interval (95% CI) listed in the table. All statistical analyses
and data manipulation, such as scrubbing and reshaping, were done in StataCorp (version

2019.16.1, Stata Statistical Software, College Station, TX).

3.4 RESULTS

Among healthcare providers (HCPs) who utilized the EHR during the COVID-19
pandemic, perception disparities were present, with significant disparities according to
telemedicine utilization, board certification, diversity, equity, and inclusion efforts, sex, race,
ethnicity, medical credentials, weekly patients, EHR experience, practice setting, and healthcare

organization type.
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Demographic and Health System-Related Characteristics

Descriptive Findings
The study sample included 159 adult healthcare providers (Table 1c). Majority of the

sample identified as White (68.2%), men (52.6%), between the ages of 25 to 40 years (66.9%).
Participants were recruited online via an e-mail listserv (i.e., National Study of Long-Term Care
Providers (NSLTCP)) and social media platforms (i.e., Twitter, Facebook, Slack, and LinkedIn).
A purposive sampling strategy was employed for a geographically diverse sample across the US
to identify eligible healthcare providers. All participants were English-speaking and reported that
they delivered care during the COVID-19 pandemic. For the study to have 80% power to detect a
moderate effect size (f>=0.15) with a significance level of .05, 87 participants were required.

The final sample satisfied these requirements. Healthcare providers were roughly 35%
Physicians, 32% Physician Assistants, 20% Clinical Nurse Practitioners, 6% Registered Nurses,
and 7% Other. Most of the providers were board-certified in Anesthesiology (10.8%), Emergency
Medicine (10.1%), Dermatology (9.5%), Endocrinology (8.9%), Family Medicine (8.2%),
Obstetrics and Gynecology (7.6%), as well as Cardiology and Geriatrics (7%). Most healthcare
providers reported using telemedicine (92.9%) and experiencing at least one or two barriers to
delivering care via telemedicine (60.3%). Furthermore, providers identified numerous barriers to
implementing and adopting telemedicine. The most frequently cited barrier was limited internet
access or speed issues (22.8%), followed by patients' access to technology (e.g., smartphone,

computer, tablet, or internet) (18.5%).
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Perceived EHR Impact on Care Quality (Model 1)

Unadjusted Findings
Table 2c presents the unadjusted probabilities of a beneficial EHR impact on care delivery

(i.e., care quality and patient safety) reported by healthcare providers. Telemedicine utilization,
board certification, weekly patients, diversity, equity and inclusion efforts, and telemedicine
quality were all associated with significantly increased odds of reporting a beneficial perception
of the EHR’s impact on improved care quality. Providers who reported using telemedicine during
the pandemic had significantly increased odds of perceiving the EHR’s effect on care quality as
beneficial or highly beneficial (hereafter referred to as ‘beneficial’) (OR=4.48; p<0.05) compared
to non-telemedicine providers. Significantly increased odds of perceiving the EHR’s impact as
beneficial were found for providers who were board certified in emergency medicine (OR=12.00;
P<0.01), delivered care to 11 to 15 patients per week (OR=11.00; p<0.01), or perceived the EHR’s
impact as beneficial for diversity, equity, and inclusion efforts (OR=7.00; p<0.01).In addition,
providers who felt they could deliver the same quality of care ‘to some extent’ had significantly
increased odds of perceiving the EHR as beneficial (OR=2.08; p<0.05).

Telemedicine barriers, telemedicine quality, race, ethnicity, medical credentials, practice
setting, and type of healthcare organization were all associated with statistically significant
decreased odds of reporting a beneficial perception of the EHR’s impact on improved care quality.
Providers who experienced 3 to 4 telemedicine barriers had significantly lower odds of reporting
the EHR’s impact as beneficial (OR=0.24; p<0.001) compared to providers reporting more than 5
barriers, all the barriers listed, or none. Similar associations were found for providers who felt ‘to
a small extent,” they could deliver the same quality care via telemedicine compared to in-person
care (OR=0.16; p<0.05). Providers who identified as Asian or Asian Indian had significantly lower

odds of reporting the EHR’s impact as beneficial (OR=0.26; p<0.05, OR=0.17; p<0.05) than their
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White counterparts. Similar associations were present for providers of Hispanic, Latinx, or Spanish
origin (OR=0.42; p<0.05), along with providers who reported being Physician Assistants
(OR=0.42; p<0.01), practicing in an urban community (OR=0.10; p<0.01), or working for the
United States Department of Veteran Affairs (VA) (OR=0.10; p<0.01).
Adjusted Findings

Table 3c presents the adjusted probabilities of a beneficial EHR impact on care delivery
(i.e., care quality and patient safety) reported by healthcare providers. Telemedicine barriers,
telemedicine quality, professional experience, board certification type, and practice setting were
excluded from the model, and all other factors were retained as independent variables associated
with beneficial EHR impact on care quality. To account for multicollinearity in the model, board
certification type was aggregated into a binary variable (i.e., yes, or no) and labeled “Board
Certification.” Providers who reported using telemedicine during the pandemic had significantly
increased odds of perceiving the EHR’s impact on care quality as beneficial or highly beneficial
(hereafter referred to as ‘beneficial”) (OR=4.79; p<0.05) compared to non-telemedicine providers.
Providers who reported having a board certification versus not having a board certification were
roughly 37 times more likely to perceive the EHR’s impact on care quality as beneficial when
controlling for all other demographic and health-system-related variables (OR=36.68; p<0.01).
Similarly, healthcare providers who reported perceiving the EHR’s impact on diversity, equity,
and inclusion efforts as beneficial (OR=19.28; p<0.01) delivered care in the Northeast region of
the country (OR=5.86; p<0.05), saw 10 or more patients a week (OR=4.78; p<0.05), and were a
Physician Assistant (OR=2.13; p<0.05) had significantly increased odds of perceiving the EHR’s
impact as beneficial on care quality compared to other providers who saw less than ten patients a

week and delivered care in the Midwest, West, or South while holding all other variables constant.
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Physicians (OR=0.06; p<0.05) working for the VA (OR=0.10; p<0.001) with 6 to 10
(OR=0.10; p<0.05) or 10 to 15 years of EHR experience (OR=0.05; p<0.05) had significantly
lower odds of perceiving the EHR’s impact on care quality as beneficial, compared to their
counterparts while holding all other variables constant. Similar associations were found for
Hispanic (OR=0.25; p<0.05) providers aged between 25 to 40 years (OR=0.23; p<0.05) and

providers who identified as Black (OR=0.02; p<0.05) compared to their counterparts.

Perceived EHR Impact on Patient Safety (Model 2)

Unadjusted Findings
Care quality, telemedicine utilization, board certification type, diversity, equity and

inclusion, race, and gender were all associated with statistically significant increased odds of
reporting a beneficial perception of the EHR’s impact on increased patient safety. Providers who
reported the EHR’s impact as beneficial on care quality had significantly higher odds of perceiving
the EHR’s effect on patient safety as beneficial (OR=48.13; p<0.001) compared to providers who
reported the EHR’s impact as detrimental or highly detrimental on care quality (see Table 2c).
Providers who reported using telemedicine during the pandemic had significantly increased odds
of perceiving the EHR’s impact on patient safety as beneficial or highly beneficial (hereafter
referred to as ‘beneficial’) (OR=20.25; p<0.001) compared to non-telemedicine providers.
Providers board certified in Endocrinology (OR=13.33; p<0.05), Pathology (OR=11.67; p<0.05),
Emergency Medicine (OR=9.16; p<0.01), Family Medicine (OR=6.66; p<0.05), or Geriatrics
(OR=3.88; p<0.01) had significantly increased odds of reporting the EHR’s impact on patient
safety as beneficial. Similar associations were found for providers who reported a beneficial EHR

impact on diversity, equity, and inclusion efforts (OR=8.86; p<0.001), Black providers (OR=2.88;
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p<0.05), and those who identified as female (OR=2.32; p<0.05) compared to HCPs who identified
as White and male,

Telemedicine barriers, practice setting, weekly patients, EHR experience, healthcare
organization type, and race were all associated with statistically significant decreased odds of
reporting a beneficial perception of the EHR’s impact on increased patient safety. Providers had
significantly lower odds of perceiving the EHR’s impact as beneficial on patient safety if they
reported experiencing 3 or 4 telemedicine barriers (OR=0.38; p<0.05), served a suburban
community (OR=0.24; p<0.05), delivered care to 11 to 15 patients a week (OR=0.23; p<0.01), had
3to 5 (OR=0.20; p<0.05), or 6 to 10 (OR=0.19; p<0.05) years of EHR experience, delivered care
to 3to 5, or 6 to 10 (OR=0.15; p<0.05) patients a week, worked for the VA (OR=0.15; p<0.05),
or identified as Asian (OR=0.14; p<0.05).

Adjusted Findings

Providers who reported using telemedicine during the pandemic had significantly increased
odds of perceiving the EHR’s impact on patient safety as beneficial or highly beneficial (hereafter
referred to as ‘beneficial’) (OR=21.96; p<0.001) compared to non-telemedicine providers (see
Table 3c). Telemedicine barriers, telemedicine quality, professional experience, board
certification type, medical credentials, weekly patients, geographic location, ethnicity, and practice
setting were excluded from the model, and all other factors were retained as independent variables
associated with beneficial EHR impact on patient safety. To account for multicollinearity in the
model, board certification type was aggregated into a binary variable (i.e., yes, or no) and labeled
“Board Certification.” There was a significant association between providers who reported a
beneficial EHR impact on diversity, equity, and inclusion efforts (OR=21.96; p<0.001) and those

who reported having a board certification (OR=16.10; p<0.05). Similarly, providers who identified
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as female (OR=3.72; p<0.05) also had significantly increased odds of perceiving the EHR’s impact
on patient safety as beneficial.

In contrast, providers between 25 and 40 years of age (OR=0.29; p<0.05) who identified
as Black (OR=0.28; p<0.05) or Other (i.e., American Indian or Alaska Native, Asian Indian, Asian,
or Native Hawaiian) (OR=0.27; p<0.05), and worked for the VA (OR=0.04; p<0.01) had
significantly lower odds of perceiving the EHR’s impact on patient safety as beneficial, compared

to their counterparts and holding all of the variables constant.

Perceived Impact on Care Delivery (Model 3)

Adjusted Findings

Providers who reported the EHR’s impact as beneficial on care quality had significantly
higher odds of perceiving the EHR’s impact on patient safety as beneficial (OR=81.19; p<0.001)
compared to providers who reported the EHR’s impact as detrimental or highly detrimental on
care quality while holding all other variables constant (see Table 3c). Telemedicine barriers,
telemedicine quality, professional experience, board certification type, medical credentials, EHR
experience, weekly patients, geographic location, ethnicity, and practice setting were excluded
from the model, and all other factors were retained as independent variables associated with
beneficial EHR impact on care delivery. To account for multicollinearity in the model, board
certification type was aggregated into a binary variable (i.e., yes, or no) and labeled “Board
Certification.” There was no significant association between providers who reported using
telemedicine during the pandemic and perceiving the EHR’s impact on care delivery as beneficial
or highly beneficial (hereafter referred to as ‘beneficial”) compared to non-telemedicine providers

while holding all other variables constant.
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Although no significant association was found between telemedicine providers and
beneficial EHR impact on care delivery; providers aged between 41 to 56 years (OR=49.87,
p<0.05) and 25 to 40 years (OR=20.34; p<0.05) had significantly increased odds of reporting the
EHR’s impact on care delivery as beneficial compared to providers aged between 18 to 24 years,
while holding all other variables constant. Similar associations were found for providers who
reported a beneficial EHR impact on diversity, equity, and inclusion efforts (OR=32.64; P<0.05)
and identified as female (OR=2.77; P<0.05).

In contrast, providers had significantly lower odds of perceiving the EHR’s impact as
beneficial on care delivery if they identified as Black (OR=0.03; p<0.05) and worked for the VA
(OR=0.01; p<0.05).

3.4 DISCUSSION

We employed quantitative research methods to explore and understand the relationship
between healthcare provider demographics and health system-related characteristics on how
providers perceive the EHR’s impact on care delivery. Our findings align with existing literature
and extend it in two ways. First, we found that not only are providers who use telemedicine more
likely to perceive the EHR’s impact as beneficial for care quality and patient safety independently,
but they are also more likely to perceive the EHR as beneficial given the type of board certification
they hold. Providers board certified in endocrinology,* dermatology,® geriatrics,® emergency
medicine,® family medicine,3* and pathology® had positive perceptions of the EHR for patient
safety, but not care quality. This is concerning considering quality improvement is one of the most
widely cited benefits of EHRs from organizations such as the Agency for Healthcare Quality and

Research (AHRQ),*® and the Office of the National Coordinator for Health Information
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Technology (ONC).3 Few studies to date 3% have highlighted that various healthcare specialists
have diverse needs and, therefore, differing perspectives.

Second, we found that perceptions of the EHR differed by the provider’s race, age, gender,
geographic location, and practice setting for both care quality and patient safety. The COVID-19
pandemic ignited further use of telehealth and telemedicine services; and engendered a heightened
call of action for safe, equitable, high-quality care that cannot be simply ignored. The potentially
significant impact of a provider’s characteristics on developing and promoting an efficient and
robust safety culture to improve care and reduce harm should be highlighted.** Future policy
efforts need a focus on developing or augmenting telehealth clinical guidelines and standards, as
well as value-based care, not just telemedicine reimbursement or incentivizing increased
utilization of telemedicine without addressing barriers to safe, equitable delivery of care.*>*? Prior
research #* has found that safety culture is associated with how healthcare providers perceive
diversity and equity. Therefore, to acknowledge the unintended consequences of HIT and avoid
worsening disparities and inequities, we must emphasize equity being at the heart of technological

design and all efforts to achieve the promising future of health information technology.

Limitations

This study had several limitations. First, considering this study had a pilot cross-national
design, our sample size was relatively small, likely due to the limited timeframe. Future studies
will conduct this work on a larger scale and extend the length of recruitment to increase the
generalizability of the findings. Second, the study focused on providers who delivered care
between March 2020 and April 2022; perceptions of the EHR’s impact on care delivery for
providers who delivered telemedicine services before then may differ. Third, the data was limited

to a six-week timeframe. Changes in telemedicine volume, as well as recent policy updates (for
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example, The 21% Century Cures Act and Cures 2.0), which focused on policies to advance the
delivery of treatments and innovations to patients via telehealth across the U.S. and provides
federal guidance to CMS to extend telehealth access and coverage to beneficiaries of Medicare,
Medicaid, and Children’s Health Insurance Program (CHIP),*® may cause the findings to change
over time, signifying a need for continued assessment of the evolution of healthcare perceptions.
Future work will focus on addressing these limitations and verifying our findings through the

development of further equity and health information technology-based qualitative research.

Future Directions

Our findings underscore the complex relationship between providers, technology, and their
environments. Current policies and initiatives focused on telemedicine and HIT practices must
consider the multidimensional factors outside the clinical setting that impact how providers
perceive and deploy digital tools. This is of particular importance, the federal government has
spent almost $36 billion over the past decade on the transition to EHRs.** Our findings are a
necessary first step toward acknowledging that we must not ignore the factors influencing
providers' perceptions regarding the EHR’s impact because research suggests that EHRs provide
an opportunity to achieve health equity.*®

To achieve health equity through the lens of digital transformation, providers must value
digital tools such as the EHR in all aspects of care. If not, researchers, public health officials,
policymakers, health administrators, and care teams must find strategies to dissolve barriers that
often obstruct the path to health equity, such as poor data documentation and quality; increased
medical errors, morbidity, mortality, and disparities; and interpersonal and institutional level
biases. To further enable learning health systems, we propose for further investigation to be

conducted on the patient’s perspective and experience with pandemic-induced telemedicine and
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the corresponding patient health outcomes. We also suggest more qualitative efforts to better
understand and frame the impact of health information technology on patient outcomes, disparities,

and inequities.

CONCLUSION

Secondary use of EHR data is repeatedly employed for comparative effectiveness
research,*® cohort development,*~*°, and building artificial intelligence and machine learning
models.>® Efforts to attain the promised benefits of tools such as the EHR among healthcare
providers are essential to promoting equitable, safe, high-quality care. Our findings suggest that
demographic and health system-related factors influence the extent to which healthcare providers
perceive the EHR’s impact to benefit care delivery. This study aligns with and extends the current
literature by demonstrating that differences in provider characteristics such as race, ethnicity, age,
and board certification influence their perceptions.3%40°151-53 Thys, there are massive practical
implications for patients, considering the quality and safety of care are being influenced by their
providers' understanding and interpretation of the EHR’s impact on their care delivery, often not

accounting for their own perspectives.3>*-



Table 1c: Demographic and Health System-Related Characteristics of Healthcare Providers
Reporting EHR Impact on Care Delivery (N=159)

Demographic and Health System- Frequency Percent
Related Characteristics (n) (%)

Perceived EHR Impact on Care Delivery

Quality of healthcare

Highly Detrimental or 29 24.79
Detrimental Overall

Highly Beneficial or Beneficial 88 75.21
Overall

Avoiding Errors

Highly Detrimental or 28 25.23
Detrimental Overall

Highly Beneficial or Beneficial 83 74.77
Overall

Diversity, Equity, and Inclusion

Highly Detrimental or 72 45.28
Detrimental Overall

Highly Beneficial or Beneficial 87 54.72
Overall

Telemedicine Utilization

Telemedicine Use
No 11 7.14
Yes 143 92.86

Telemedicine Barriers
One to Two 91 60.26
Three to Four 42 27.81
More than five 6 3.97



All

None

Telemedicine Quality

Demographic and Health System-Related Characteristics

Fully

To a great extent
To some extent
To a small extent
Not at all

Geographic Region

Age

Sex

Race

Northeast
Midwest
West
South

18-24
25-40
41-56
57-64
65 or older

Male
Female
Non-binary/Other

White or Caucasian

29
62
58

65
24
37
32

15
105
35

82
71

107

4.64
3.31

18.24

38.99

36.48
5.66
0.63

41.14
15.19
23.42
20.25

9.55
66.88
22.29

0.64

0.64

52.56
45.51
1.92

68.15

70



Black or African American 15 9.55

American Indian or Alaska 15 9.55

Native

Asian Indian 7 4.46

Asian 9 5.73

Native Hawaiian 2 1.27

Other or prefer not to answer 2 1.27
Ethnicity

No 75 50.34

Hispanic, Latinx, or Spanish 64 42.95

Origin

Other or prefer not to answer 10 6.71
Medical Credentials

Physician (MD, DO) 54 34.39

Physician’s Assistant (PA) 51 32.48

Certified Nurse Practitioner 31 19.75

(CNP)

Registered Nurse (RN) 10 6.37

Other 11 7.01
Professional Years of Experience

Less than 2 9 5.81

3-5 72 46.45

6-10 53 34.19

11-15 15 9.68

More than 15 6 3.87

Average Number of Patients/Week
Less than 2 8 5.19



3-5 35 22.73

6-10 58 37.66
11-15 26 16.88
More than 15 27 17.53

Board Certification (Binary)
No 10 6.33
Yes 148 93.67

Board Certification

Anesthesiology 17 10.76
Cardiology 11 6.96
Endocrinology 14 8.86
Dermatology 15 9.49
Geriatrics 11 6.96
Emergency medicine 16 10.13
Family medicine 13 8.23
Radiology 7 4.43
Neurology 6 3.80
Obstetrics and Gynecology 12 7.59
Pathology 4 2.53
Psychiatry 3 1.90
Infectious Disease 2 1.27
Internal medicine 3 1.90
Pediatrics 4 2.53
General surgery 5 3.16
Oncology 3 1.90
Orthopedics 2 1.27
None 10 6.33

EHR Experience



Less than 2
3-5

6-10

11-15

More than 15

Practice Setting
Rural
Suburban
Urban

Type of HCO
Academic
Community
VA
Other

30
63
39
16

23
61
72

60
76
13

20.00
42.00
26.00
10.67
1.33

14.74
39.10
46.15

38.96
49.35
8.44
3.25

73

Abbreviations: EHR, Electronic Health Record; HCO, Healthcare Organization; VA, Veteran

Affairs



Table 2c: Unadjusted Odds Ratios and 95% Confidence Intervals for the Association between
Demographic and Health System Characteristics and Perceived EHR Impact on Care Delivery

Demographic and Health Care Quality? Patient Safety®
System Characteristics

OR 95% CI OR 95% CI

Perceived EHR Impact on Care Delivery

Quality of healthcare

Highly Detrimental or 1.00 Referent 1.00 Referent
Detrimental Overall

Highly Beneficial or ¢ ¢ 48.13*** 10.47 -
Beneficial Overall 221.08

Avoiding Errors

Highly Detrimental or 1.00 Referent 1.00 Referent
Detrimental Overall

Highly Beneficial or 48.13*** 10.45 — - £
Beneficial Overall 221.08

Diversity, Equity, and

Inclusion

Highly Detrimental or 1.00 Referent 1.00 Referent
Detrimental Overall

Highly Beneficial or 7.00%** 2.73 - 8.86*** 3.29 -
Beneficial Overall 17.92 23.79

Telemedicine Utilization

Telemedicine Use

No 1.00 Referent 1.00 Referent
Yes 4.48* 0.93 - 20.25*** 2.23 -
21.36 183.14
Telemedicine Barriers
One to Two 1.00 Referent 1.00 Referent
Three to Four 0.24*** 0.20 - 0.38* 0.12 -
0.73 0.93
More than five 0.24 0.56 — 0.83 0.08 —
7.80 8.26
All 0.39 0.02 - 0.52 0.08 —
1.12 3.07
None 0.47

Telemedicine Quality
Fully 1.00 Referent 1.00 Referent



To a great extent
To some extent
To a small extent

Not at all

0.67

2.08*

0.16*

0.21 -
2.19
1.56 -
7.80
0.02 -
1.12
C

Demographic and Health System-Related Characteristics

Geographic Region
Northeast
Midwest

West

South

Age
18-24
25-40

41-56
57-64

Sex
Male
Female

Non-binary/Other

Race

White or Caucasian
Black or African
American
American Indian or
Alaska Native
Asian Indian

Asian

Native Hawaiian

1.00
1.33

1.40

0.71

1.00
1.31

3.13

1.00
0.59

1.00
1.04

1.04

0.17*

0.26*

Referent
0.37 —
477
0.43 -
452
0.24 —
2.16

Referent
0.29 —
5.71
0.54 —
17.84
C

Referent
0.28 —
1.28
C

Referent
0.20 -
5.43
0.26 —
4.16
0.02 -
1.13
0.06 —
1.16
C

0.44

1.03

0.46

1.00
1.02

0.69

0.78

1.00
0.34

0.75

1.00
2.32*

1.00
2.88*

1.29

0.28

0.14*

0.10 -
1.81
0.23 -
451
0.05 -
3.81
C

Referent
0.27 -
3.83
0.23 -
2.06
0.24 -
2.53

Referent
0.04 —
2.96
0.07 —
7.88
C

Referent
1.96 —
5.62
C

Referent
1.34 -
24.13
0.25 -

6.58
0.03 -
2.20
0.02 -
0.85
C

75



Ethnicity

No 1.00
Hispanic, Latinx, or 0.42*
Spanish Origin

Medical Credentials

Physician (MD, DO) 1.59
Physician’s Assistant 0.42**
(PA)

Certified Nurse 1.14
Practitioner (CNP)

Registered Nurse (RN) 1.42
Other 1.00
Professional Years of Experience
Less than 2 1.00
3-5 0.91
6-10 1.60
11-15 2.40
More than 15 1.20

Average Number of Patients/ Week

Less than 2

3-5

6-10

11-15

More than 15
Board Certification
Anesthesiology
Cardiology

Endocrinology

Dermatology

2.83

2.7

2.57

11.00**

1.00

1.00

1.00

3.50

4.00

Referent
0.16 —
1.05

0.27 —
9.30
0.07 —
2.37
0.17 —
7.76
0.09 —
20.43
Referent

Referent
0.15 -
5.21
0.26 —
9.81
0.26 —
22.10
0.07 -
12.89

0.44 —
18.04
0.46 —
15.64
0.41 -
15.91
1.27 -
95.17
Referent

Referent
0.15 -
6.41
0.47 —
25.90
0.54 —
29.10

1.00
0.27**

0.66

0.26

0.42

1.00

1.00

1.17

1.45

2.75

0.15*

0.15*

0.23**

1.00

1.00

8.33

13.33*

2.66

76

Referent
0.10 -
0.72

0.07 -
6.25
0.03 -
2.47
0.04 -
4.23
C

Referent

Referent
0.19 -
7.19
0.22 —
9.16
0.28 —
26.61
C

0.02 -
0.85
0.03 -
0.75
0.04 -
1.31
Referent

Referent
0.63 -
110.02
1.06 —
166.37
0.43 -
16.38



Geriatrics
Emergency medicine
Family medicine
Radiology
Neurology
Obstetrics and
Gynecology
Pathology
Psychiatry
Infectious Disease
Internal medicine
Pediatrics
General surgery
Oncology
Orthopedics

None

Years of Experience with EHR

Less than 2
3-5

6-10

11-15

More than 15
Practice Setting
Rural
Suburban
Urban

Type of HCO
Academic

_C _C
12.00** 1.10 -
130.58
3.00 0.49 -
18.16
4.00 0.32 -
49.59
4.00 0.32 -
49.59
1.75 0.30 -
10.02
3.50 0.47 —
25.90
_C _C
_C _C
_C _C
_C _C
_C _C
_C _C
_C _C
3.09 0.39 -
22.71
1.00 Referent
0.25 0.05 -
1.24
0.25 0.04 -
1.32
0.16 0.02 -
1.10
_C _C
1.00 Referent
0.86 0.33 -
2.24
0.10** 0.01 -
0.64
1.00 Referent

3.88**

9.16**

6.66*

5.00

3.33

10.00

11.67*

1.66

1.00
0.20*

0.19*

0.30

1.00
0.24*

0.70

1.00

0.07 -
37.72
0.63 -
110.02

Referent
0.03 -
0.96
0.04 -
0.99
0.04 -
2.11
_C

Referent
0.04 -
1.21
0.13 -
3.67

Referent

77
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Community 0.87 0.33 - 0.55 0.21 -
2.24 1.43

VA 0.10** 0.01 - 0.15* 0.02 -
0.64 1.06

Other £ £ £ £

2 Model measured the primary outcome: quality of healthcare (care quality)

b Model measured the secondary outcome: avoiding errors (patient safety)

“Not applicable or omitted due to multicollinearity

Abbreviations: ClI, Confidence Interval; EHR, Electronic Health Record; HCO, Healthcare
organization; OR, Odds Ratio

P-Values: *p<0.05 **p<0.01 ***p<0.001
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Table 3c: Adjusted Odds Ratios and 95% Confidence Intervals for the Association between
Demographic and Health System Characteristics and Perceived EHR Impact on Care Delivery

Care Quality? Patient Safety® Care Quality &
Patient Safety®
OR 95% ClI OR 95% ClI OR 95% CI

Perceived EHR Impact on Care Delivery

Quality of healthcare

Highly Detrimental or 1.00 Referent 1.00 Referent 1.00 Referent
Detrimental Overall
Highly Beneficial or d —d —d —d —d —d

Beneficial Overall

Avoiding Errors

Highly Detrimental or 1.00 Referent 1.00 Referent 1.00 Referent
Detrimental Overall

Highly Beneficial or d —d —d —d 81.19 6.11-
Beneficial Overall *Ax o 161.31

Diversity, Equity, and Inclusion

Highly Detrimental or 1.00 Referent 1.00 Referent 1.00 Referent
Detrimental Overall

Highly Beneficial or 19.28* 3.26 — 21.96* 3.93 - 3264 1.44-

Beneficial Overall * 113.76 *k 122.63 * 117.18

Telemedicine Utilization
Telemedicine Use

No 1.00 Referent 1.00 Referent 1.00 Referent
Yes 4.79* 0.00-7.03 4.19* 0.26 — 1.81 0.02 -
66.98 24.30

Demographic and Health System Characteristic
Board Certification

No 1.00 Referent 1.00 Referent 1.00 Referent

Yes 36.68* 3.47 — 16.10* 0.23 - 0.61 0.00 -
* 196.24 114.92 50.12

Medical Credentials

Physician (MD, DO) 0.06* 0.00 - 0.58 d d d d

Physician’s Assistant 2.13* 0.11-38.74 —d —d —d d

(PA)

Certified Nurse 0.56 0.00 - 3.75 —d —d —d —d

Practitioner (CNP)

Registered Nurse (RN) d —d d —d d —d

Other 1.00 Referent 1.00 Referent 1.00 Referent



EHR Experience
Less than 2

3-5

6-10

11-15

More than 15

HCO Type
Academic
Community

VA
Weekly Patients

Less than 10
Ten or more

Geographic Location

Northeast
Midwest
West
South

Age
18-24
25-40
41-56
Sex

Male
Female

Race

White or Caucasian

Black or African
American
Other

Ethnicity
No

1.00
0.19
0.10*
0.05*

d

1.00
0.74

0.01**

1.00
4.78*

5.86*
1.00
9.23
2.65

1.00
0.23*

0.45

1.00
5.02*

1.00
0.02*

0.33

1.00

Referent
0.03-1.48
0.01-0.94

0.01-0.67
d

Referent
0.81-3.70

0.00-0.41

Referent
1.10-10.21

1.01 - 63.26
Referent
0.54 -94.31
0.36 - 19.23

Referent
0.00-0.60

0.00-2.02

Referent
0.23-37.74

Referent
0.00-0.48

0.05-2.24

Referent

1.00
0.20
0.08*
0.12

d

1.00
0.55

0.01**

1.00

1.00

1.00
0.29*

1.00
3.72*

1.00
0.28*

0.27*

1.00

Referent
0.02-1.60
0.01-0.88

0.00-2.24
d

Referent
0.14-2.16

0.00 -0.36

Referent
d

d

Referent
d

d

Referent
0.00-2.88

d

Referent
0.97 —
25.29

Referent
0.00-1.93

0.00-1.37

Referent

1.00

1.00
2.90

0.01*

1.00
d

1.00
d

d

1.00
20.34

*

49.87
*

1.00
2.77*

1.00
0.03*

1.10

1.00

80

Referent
d

_d
_d
_d

Referent
0.19 -
42.12
0.00 -

1.07

Referent
d

d

Referent
d

d

Referent
1.29 -
94.33
1.57 -
158.10

Referent
0.98 —
48.13

Referent
0.00 -
1.23
0.08 —
13.73

Referent
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Hispanic, Latinx, or 0.25*  0.02-1.17 —d —d —d —d
Spanish Origin

@ Model measured the primary outcome: quality of healthcare (care quality); adjusted for DEI
efforts, telemedicine use, board certification, medical credentials, EHR experience, type of
healthcare organization, weekly patients, geographic location, age, sex, race, and ethnicity

b Model measured the secondary outcome: avoiding errors (patient safety); adjusted for DEI
efforts, telemedicine use, board certification, EHR experience, type of healthcare organization,
age, sex, and race

¢ Model measured the primary and secondary outcomes: care quality and patient safety; adjusted
for adjusted for DEI efforts, telemedicine use, board certification, type of healthcare
organization, age, sex, and race

9 Not applicable or omitted due to multicollinearity

Abbreviations: CI, Confidence Interval; EHR, Electronic Health Record; HCO, Healthcare
organization; OR, Odds Ratio

P-Values: *p<0.05 **p<0.01 ***p<0.001
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3.6 APPENDIX A: SUPPLEMENTARY MATERIALS FOR CHAPTER THREE

Appendix Al. Healthcare Provider Screening Questions, Consent, and Questionnaire

Qualtrics Survey Software 1422422, 11:46 AM

Screening Questions

Please answer the following eligibility question:

Do you or did you work as a healtheare provider (e.g., MD, DO, PA, CNP, RN) for a hospital
or health system within the United States during the COVID-19 pandemic (March 2020-

Current)?

O No
O Yes

Please answer the following eligibility question:

Have you used your EHR system for at least one month as a healthcare provider, prior to

today?

O No
O Yes

Thank you for your interest in our research study!

Unfortunately, based on your response to our pre-screening question, you are not eligible

for participation at this time.

htips:ffcerexmsa?y26vgvplwrg.qualtrics.com/QIEditSectionBlocks/A. tSurveyl D=8V_7PcLQBEdxJrd UM &ContextLibraryl D=UR_1QE4A5HR2FVbtOyh Page 10l 13
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Letter to Participants

As you know, the COVID-19 pandemic has affected the lives of everyone in our
communities. We are collecting information that will be used to identify the effects of
pandemic-induced telemedicine, and provider and system characteristics on perceived

EHR impact on care quality and patient safety.

You will be asked to complete a questionnaire that is a segment of dissertation work
being conducted by Kala S. Wilson from the Public Health Sciences Ph.D.
program at UNC Charlotte,

You have been selected from among healthcare providers for this research. We estimate
that it will take you approximately 15 to 20 minutes to complete the survey
questionnaire. For your convenience, the questionnaire can be completed online via a
protected website. Please enter a unique 4-digit identifier (e.q., 0101) in the box
below to maintain confidentiality. It is very important that you enter a 4-
digit ID# that will be easy for you to remember. You will be asked to re-enter
your 4-digit ID# at the end of the survey to be considered for our gift card

tncentive,

Responses to this survey will not be shared outside of the research team. In addition, none

of the responses to the questions will be shared or discussed with any third party.

While taking the survey, if you encounter a question that you would rather not answer,
you may skip that question and eontinue to move further along in the survey. You may
decide to exit the survey at any time. This study is voluntary and is not tied to any health
practice(s) or health service(s) you may provide to any patient. We thank you in advance
for your time and consideration. Thanks to the generosity of individuals like you, our
research can make an important contribution to what is known about the multifaceted
impact of system factors such as COVID-19 and increased telemedicine on our healthcare

communities and ecosystems.

https:ficorexmsg7y26vgvplwrg.qualtrics.com/QfEditSection/Blocks/A...tSurveylD=SV_7PcLQ8EdxJrdUfl&ContextLibrarylD=UR_1QE45HR2FVbtOyh Page 2 of 13



89

Qualtrics Survey Software 1/22{22, 11:46 AM

For your voluntary participation and time, you will be asked to provide an email
address, your 4-digit ID#, and gift card preference to be included in a drawing to

recetve one of five $25 gift cards to your choice of either Amazon or Starbucks.

If you have questions about the survey, please feel free to contact Kala Wilson at

kwilsis4@unce.edu, I would be happy to discuss questions or concerns with you.

Sincerely,

Kala S, Wilson, MPA

Consent

Thank you for taking the time to answer this survey. This survey's purpose is to investigate
the impact of pandemic-induced telehealth on healtheare provider EHR impact

perceptions.

The results of this survey will be used for dissertation work being completed at the

University of North Carolina at Charlotte. All answers are confidential.

To move forward with the survey process, please select either statement below
that applies to you. To advance to the survey, you must consent to participate

and be at least 18 years of age.

O I agree to take part in the study
O 1do not agree to take part in the study

https:/fcorexmsq7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks/A...tSurveylD=SV_7PcLQ8EdxJrd Ufl&ContextLibrary|D=UR_T1QE45HR2FVbtOyh Page 3 of 13
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INSTRUCTIONS

INSTRUCTIONS: For each of the following questions, please select or enter the response
that best describes you:

TELEMEDICINE UTILIZATION

TELEMEDICINE UTILIZATION: Understandably, due to the COVID-19 pandemic
many healthcare systems have needed to make the transition to provide virtual care to

their patients. Questions 1-4 will ask about Telehealth utilization in your practice.

During the COVID-19 pandemic (Between March 2020-Present), did your practice use
telemedicine technology?

ONo

O Yes
O Idonotknow

What type(s) of telemedicine tools do you use for your patient visits? PLEASE CHECK
ALLTHAT APPLY.

O Synchronous videoconference software with audio (e.g., Zoom, WebEx, Facetime,
or other interactive video connection

(O Asynchronous videoconference software (e.g., sending images or medical data to
vour healthcare provider via secure web server, encrypted e-mail, or electronic
health record (EHR)

(O Telephone audio

ecure private messaging (e.g., via web portal such as electronic health recor
O s i ing ( ia web portal such as el ic health d
(EHR), encrypted e-mail)

https:/fcorexmsq7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks/A...tSurveylD=SV_7PcLQ8EdxJrd Ufl&ContextLibrary|D=UR_T1QE45HR2FVbtOyh Page 4 of 13
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[ Remote patient monitoring (e.g., wearables such as continuous glucose
monitoring device (glucometer), activity trackers, or heart rate device)

What, if any, factors affected your use of telemedicine? PLEASE CHECK ALL THAT
APPLY.

Limited internet access or speed issues
Telemedicine platform not easy to use or did not meet our needs
Telemedicine is not appropriate for my specialty or type of patients

Improved reimbursement and relaxation of rules related to the use of
telemedicine visits

Limitations in patients' access to technology (e.g., smartphone, computer, tablet,
internet)

Patients’ difficulty using technology or telemedicine platform
All the above

o0 0O 0o0oOgao

None

To what extent are you able to provide similar quality of care during telemedicine visits as

yvou do during in-person visits?

O ruly

O Toa great extent
O To some extent
O To a small extent
O Notat all

EHR IMPACT

https:/fcorexmsq7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks/A...tSurveylD=SV_7PcLQ8EdxJrd Ufl&ContextLibrary|D=UR_T1QE45HR2FVbtOyh Page 5 of 13
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EHR IMPACT: Questions 5-7 will ask about your perception of the EHR’s impact during
the COVID-19 pandemic on high-quality care and patient safety, as well as bias,

disparities, and inequities.

Based on your experience during the pandemic, please indicate whether you believe the
effect of the EHR on your clinical practice has been detrimental, beneficial, or

neither, using the scale below:

Neither
detrimental
Highly Detrimental nor Beneficial Highly
detrimental overall beneficial overall beneficial

Quality of
healthcare O O O O O

Avoiding errors
(such as

overlooking a O @) O O @)
drug

interaction)

Clinicians'
access to up-to- O O O O O

date knowledge

Interaction

within the O O O O O

healthcare team

Enjoyment of '®) 'e) O o) '®)

clinical practice

Clinicians' O O O O O

stress-level
Personal and

professional O O O O O

privacy

https:/fcorexmsq7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks/A...tSurveylD=SV_7PcLQ8EdxJrd Ufl&ContextLibrary|D=UR_T1QE45HR2FVbtOyh Page 6 of 13
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Diversity and
inclusion efforts
of clinical
practice

Patients'
satisfaction with
the quality of
care they
receive

The efficiency of
clinical practice

O

O

@) @)

O
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O

@)

How do you believe the EHR can help healtheare providers decrease bias, disparities, and

inequities in patient care?

Please provide your response in the space provided below.

How do you believe the EHR can impact standardization and overcoming bias, disparities,

and inequities within the healthcare system?

Please provide your response in the space provided below.

HEALTHCARE PROVIDER DEMOGRPAHIC AND HEALTH SYSTEM

HEALTHCARE PROVIDER DEMOGRAPHIC AND HEALTH SYSTEM

CHARACTERISTICS

https:/fcorexmsq7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks/A...tSurveylD=SV_7PcLQ8EdxJrd Ufl&ContextLibrary|D=UR_T1QE45HR2FVbtOyh Page 7 of 13
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CHARACTERISTICS: Questions 8-20 will ask about your demographics and the

characteristics of your healthcare system.

What state did you or do you practice medicine in? CHOOSE FROM THE
DROPDOWN BOX BELOW. (Responses are listed by region within the United States)

A
A/

Did you receive care via telemedicine from any of the following health systems within
North Carolina? PLEASE CHECK ALL THAT APPLY.

O Wake Forest Baptist Medical Center
[ Novant Health

[ Atrium Health

[0 Duke Health

[J UNCHealth

[ WakeMed Health

What is your age?

O 18-24
O 25-40
O 41-56
O s57-64
O 650rolder

What is your sex?

https:/fcorexmsq7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks/A...tSurveylD=SV_7PcLQ8EdxJrd Ufl&ContextLibrary|D=UR_T1QE45HR2FVbtOyh Page 8 of 13
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O Male
O Female
O Non-binary

QO Other or prefer not to answer

What is your race and ethnicity?

O White or Caucasian

O Black or African American

O American Indian or Alaska Native
O Asian Indian

O Asian

O Native Hawaiian

QO Other or prefer not to answer

Are you of Hispanic, Latinx, or Spanish origin?

O No
O Yes

O Prefer not to answer

What are your medical credentials?

O Physician (MD, DO)

O Physician's Assistant (PA)

QO Certified Nurse Practitioner (CNP)
O Registered Nurse (RN)

https:/fcorexmsq7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks/A...tSurveylD=SV_7PcLQ8EdxJrd Ufl&ContextLibrary|D=UR_T1QE45HR2FVbtOyh
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O Other

How many vears of experience do you have in the profession?

@) Less than 2
O 35

O 6-10

O 11-15

O More than 15

How many patients do you see on average per week?

@) Less than 2
O 35

O 6-10

O 11-15

O More than 15

Do you have a board certification in the profession?

@) Anesthesiology

O cCardiology

QO Endocrinology

O Dermatology

O Geriatrics

O Emergency medicine
O Family medicine

O Radiology

https:/fcorexmsq7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks/..tSurveylD=8V_7PcLQ8EdxJrdUfI&ContextLibrary|D=UR_1QE45HR2FVbtOyh Page 10 of 13
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Neurology

Obstetrics and gynecology
Pathology

Psychiatry

Infectious Disease
Internal medicine
Pediatrics

General surgery

Oncology

Orthopedics

ONONONORONONONONONONG

None

How many vears of experience do you have working with the EHR?

@) Less than 2
O 35

O 6-10

O 11-15

O More than 15

What type of community do you serve?

O Rural
O Suburban
O Urban

What type of hospital or health organization do you work for?

https:/fcorexmsq7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks/..tSurveylD=8V_7PcLQ8EdxJrdUfI&ContextLibrary|D=UR_1QE45HR2FVbtOyh
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O Academic
O Community

O va
QO Other

How many beds does your hospital or health facility have?

O Under 25 beds

O 26-75beds

QO 76-150 beds

O 151-300 beds

O 1donotknow

O o(tisa freestanding health facility)

END OF SURVEY

WE THANK YOU FOR TAKING THIS SURVEY.

You have reached the end of the survey. If you have questions or concerns about the study,
vou may contact Kala Wilson, via email at kwils154@uncc.edu.
Thank you again for your feedback and for taking the time to complete this survey.
We really appreciate your time, and we will be in contact if you are selected to receive one

of the $25 gift cards!
If you are interested in receiving a $25 gift card, please choose

Yes or No to enter your email address, 4-digit ID #, and gift card
preference.

https:/fcorexmsq7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks/..tSurveylD=8V_7PcLQ8EdxJrdUfI&ContextLibrary|D=UR_1QE45HR2FVbtOyh Page 12 of 13



Qualtrics Survey Software

O Yes
O No

Click here to fill out our Gift Card Form!

https:/fcorexmsq7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks/..tSurveylD=8V_7PcLQ8EdxJrdUfI&ContextLibrary|D=UR_1QE45HR2FVbtOyh

1122422, 11:46 AM

Page 13 of 13
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Appendix A2. Healthcare Provider Recruitment Flyer

/
fi&"’“

Healthcare

PROVIDER?
qguestionnaire and
/ getenteredinto a

drawing to
receive $25!

How has the COVID-19 pandemic and
telemedicine affected the impact of
the EHR?

CLICK HERE TO TAKE OUR COVID-19
PROVIDER SURVEY!
OR SCAN QR CODE ON THE BOTTOM
LEFT

Survey takes less
than 15 mins to
complete.

4

UNIVERSITY OF NORTH CAROLINA

Kala Wilson CHARLOTTE

kwils154@unce.edu
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Appendix A3. Healthcare Provider Draft Recruitment Email

Dear XX,

As you know, the COVID-19 pandemic has affected the lives of everyone in our
communities. This survey is being conducted by UNC Charlotte researchers to collect information
that will be used to identify the effects of pandemic-induced telemedicine, and provider and system
characteristics on perceived EHR impact on care delivery. For your voluntary participation and
time, you will be asked to provide an e-mail address to be included into a drawing to receive one
of five $25 gift cards to your choice of either Amazon or Starbucks. If you have questions about

the survey, please feel free to contact Kala Wilson at kwils154@uncc.edu, or Michael Dulin at

mdulin3@uncc.edu. We would be happy to discuss questions or concerns with you.

For additional information or access to the survey, please click the following link:

. You can also click the link or scan the QR code on the informational flyer

attached below.

Thank you,

Kala S. Wilson, MPA

University of North Carolina at Charlotte

Doctoral Candidate | PhD in Public Health Sciences
Instructor | HSMT 4400 001 & 002

College of Health and Human Services

9201 University City Blvd. | Charlotte, NC 28223
kwils154@uncc.edu | 614.546.9951

Michael F. Dulin, MD, PhD

University of North Carolina at Charlotte

Professor | Department of Public Health Sciences

Director of the Academy for Population Health Innovation (APHI)
CHHS 341C

9201 University City Blvd. | Charlotte, NC 28223
Mdulin3@uncc.edu | 704.687.7899



mailto:kwils154@uncc.edu
mailto:mdulin3@uncc.edu
mailto:kwils154@uncc.edu
mailto:Mdulin3@uncc.edu
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Appendix A4. Gift Card Google Form

Gitt Card Drawing Information 1121)22, 210 PM

Gift Card Drawing Information

Thank you for your participation and time!

Please fill out the information below, including a valid email address that can be used to contact you if you
are selected to receive a $25 gift card.

Kala Wilson will be in contact if you are chosen!

In the meantime, if you have any questions or concerns about the study, you may contact Kala Wilson via

email at kwils154@uncc.edu.

Best,
Kala Wilson

* Required

1. Email *

2. Please place the 4-digit unique ID number you entered at the beginning of the survey in the box below. *

3. Would you prefer a gift card for Amazon or Starbucks?

Mark only one oval.

- Amazon

| Starbucks

This content is neither created nor endorsed by Google

ntipsyidocs.google.comforms u/0/d1U3rVowz RKAMGGOOWT TUXIARWNFXXhCHINIGE S92 XJ28/printtorm Page 1ot 3



Appendix A5. Adapted Version of the National Electronic Health Record Survey (NEHRS)

Healthcare Provider:

1.

During the COVID-19 pandemic (March 2020-Current), did you deliver care via
telemedicine technology?

What type(s) of telemedicine tools do you use for your patient visits?

What, if any, issues affected your use of telemedicine during the pandemic?

To what extent are you able to provide similar quality of care during telemedicine

visits as you do during in-person visits?
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Appendix A6. Adapted Version of the Electronic Health Record End User Survey

1.

104

Based on your experience during the pandemic, please indicate whether you believe the
effect of the EHR on your clinical practice has been detrimental, beneficial, or neither, using
the scale below:
Detrimental Neither Beneficial Highly
detrimental overall detrimental overall beneficial
nor
beneficial
Quality of O 0 0 O
healthcare
Avoiding 0 0 0 O
errors
(such as
overlookin
g adrug
interaction)
Clinicians' O 0 0 O
access to
up-to-date
knowledge
Interaction O 0 0 O
within the
healthcare
team
Enjoyment 0 0 O O
of clinical
practice
Clinicians' O 0 O O
stress-level
Personal O 0 0 O
and
professiona
| privacy
Diversity 0 0 0 O
and
inclusion
efforts of
clinical
practice
Patients' O 0 0 O
satisfaction
with the
quality of
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care they
receive

Efficiency
of clinical
practice

Comprehen
siveness of
patient care

The rapport
between
clinicians
and
patients
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CHAPTER FOUR. INVESTIGATING THE IMPORTANCE OF PERCEIVED BARRIERS IN
CARE DELIVERY VIA TELEHEALTH DURING COVID-19
4.1 INTRODUCTION

Numerous healthcare professionals maintain that inaccurate and incomplete data in the
electronic health record because of poor EHR-documentation can jeopardize patient safety and is
a significant barrier to providing coordinated, patient-centric care.! Many legislative efforts have
been made to improve care quality and patient safety. This was illustrated on July 29th, 2005,
when President George W. Bush signed Public Law (PL) 109-41, the Patient Safety and Quality
Improvement Act of 2005 (PSQIA), in response to the IOM’s report, “To Err is Human.”?
Although it has been nearly twenty years since this act was implemented, there have been
numerous technological advancements, including telehealth and telemedicine paired with a stark
increase in patient safety and quality research since 1999; medical errors, otherwise known as
preventable adverse events, are the third leading cause of death in the U.S., claiming up to 440,000
lives each year.® Moreover, patients are experiencing harm at ten times the rate as in the 1990s,
with more Americans dying from preventable adverse events than car accidents or breast cancer.*®

Prior research %° indicates that the U.S. health system is inefficient, and history will
continue to repeat without a data-driven systems approach to patient safety. Data on the impact of
HIT, patient safety, and care quality are conflicting. Some results ° maintain that HIT tools like
artificial intelligence (Al) and machine learning can improve patient outcomes. Whereas other
researchers 112 suggest that HIT tools are not associated with higher care quality and may even
exacerbate poor health outcomes and disparities, offering a flaw in our understanding of HIT
utilization, usability, and usefulness. To this end, Sivashanker & Gandhi ** argue that numerous

patient safety lessons and strategies have evolved over the past twenty years and can be applied to
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generate informed strategic efforts for increased promotion of health equity. For example, it is of
great concern to ensure that health systems prioritize having an infrastructure to lead equity efforts
within healthcare and that the step is not siloed but instead aligned with other quality and safety
efforts.?

With growing concerns such as these and digital transformation within healthcare, there
has been a concerted effort by healthcare professionals, policymakers, researchers, and other
stakeholders to move the needle toward digital health equity as well.*4® As digital solutions have
continued to increase, especially during the COVID-19 pandemic, it has been imperative to shift
the focus from solely assessing social determinants of health as they relate to patient safety and
quality, but digital determinants of health as well, such as digital access and literacy.*>'>1"-1° These
arguments demonstrate a demand to further explore and understand how we can achieve zero
inequity, the same way we aspire to achieve zero harm — because there is no such thing as improved
health technology and safe, high-quality care that is inequitable.*®?° Likewise, over 12 million
outpatients in the U.S. experience a diagnostic error every year, as well as roughly 6 to 17% of all
hospitalized patients.?* Prior studies 222 suggest that including the patient’s perspective and
encouraging patient activation can uncover the underlying causes of medical errors that may be
difficult to ascertain and improve the effectiveness, efficiency, and quality of care. Furthermore,
researchers have found that the patient's perceptions of care quality are associated with the
utilization of Electronic Medical Records (EMRs),?® Personal Health Records (PHRs),?” and
EHRs.?

This paper investigated the effects of patient demographic and healthcare-related
characteristics on perceived telemedicine barriers. Based on the prior literature,24-262%-33 the

hypothesis for this study was that patients who experience a medical error, have a high patient
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activation level (i.e., levels three or four), or use the EHR are more likely to face at least one
perceived telemedicine barrier within the healthcare system. The findings from this study
emphasize the need to give specific attention to demographic and healthcare-related
characteristics’ influence on perceptions of access to or the safety of health information technology

services such as telehealth or telemedicine care delivery.

4.2 METHODS

Data Source

This study was based on a pilot cross-national, cross-sectional research design and included
telemedicine (virtual care) patients in the U.S. This study used an anonymous web questionnaire
to determine the multidimensional relationship between demographic and healthcare-related
characteristics and perceived telemedicine barriers through an equitable and sociotechnical
systems lens. The study consisted of adult (18+), English-speaking telemedicine patients who
sought virtual care during the COVID-19 pandemic (March 2020-Current) across the U.S. from
various hospitals, health systems, and institutions. Patients were excluded if they did not receive
virtual care during the indicated timeframe. Eligible patients were informed of an 18-question
anonymous online questionnaire through multiple social media platforms (i.e., Twitter, Facebook,
Slack, and LinkedIn). Patients interested in the study could click the survey link or scan the QR
code for the electronic informed consent form and the web-based questionnaire. Prospective
respondents were invited to participate in the survey via Qualtrics (www.qualtrics.com). The
survey developed consisted of 18 questions divided into five sections: telemedicine utilization (3
questions), patient activation (1 question), patient-reported medical errors (1 question), EHR
impact on inequities (2 questions), and patient demographic and healthcare-related characteristics

(11 questions). The telemedicine utilization section contained questions adapted from the National
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Electronic Health Record Survey (NEHRS), a validated survey tool developed and conducted by
the National Center for Health Statistics (NCHS) in partnership with RTI International and
sponsored by the Office of the National Coordinator for Health Information Technology (ONC).%*
The survey items in the telemedicine utilization section used checklist and a 5-point Likert scale,
including fully, to a great extent, to some extent, to a small extent, or not at all.

Data collection occurred in a 6-week timeframe, from March 1%, 2022, to April 11", 2022.
Logistic regression models were used to predict the odds of patients reporting at least one
perceived telemedicine barrier during the COVID-19 pandemic based on patient activation level,
reported medical errors, and EHR utilization. Descriptive and summary statistics for our sample
of patients are presented, along with statistical modeling results for hypothesis testing. The
descriptive information for the variables was also assessed graphically via histograms. Researchers
obtained approval for this study from the University of North Carolina at Charlotte’s Institutional
Review Board (IRB#: 22-0700). Our final sample consisted of N=103 telemedicine patients after
26 patients, who did not receive telemedicine care during the stated timeframe, and 18 patients for
incomplete questionnaires were excluded (Table 1d).

Study Variables and Statistical Analysis

Telemedicine Measure
Outcome Variable. The dependent variable, perceived telemedicine barriers, was binary

and measured by the question, “What if any factors affected your use of telemedicine? Please
check all that apply.” This question was initially asked in checklist format, including 14 response
options. The response options were recoded into a dichotomous variable (‘none’ or ‘at least one
telemedicine barrier’) to avoid multicollinearity and produce more meaningful results. The
validated National Electronic Health Records Survey (NEHRS) was utilized to minimize

measurement error and internal validity issues. The NEHRS is an annual survey conducted by the
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National Center for Health Statistics (NCHS) in partnership with RTI International and sponsored
by the Office of the National Coordinator for Health Information Technology (ONC).? The survey
has been conducted since 2008 and provides information on EHR systems adoption and utilization
practices within HCOs in the United States.?® In addition, results from the NEHRS have been
instrumental in providing data to progress toward meeting the policy goals of The Health
Information Technology for Economic and Clinical Health (HITECH) Act.?® The NEHRS was
developed with guidance from experts on survey research, health information technology, and
healthcare management and policy.?® This study explored telemedicine utilization during the
COVID-19 pandemic using an adapted version of the NEHRS, asking questions related to
telemedicine deployment, the types of tools utilized, barriers faced with telemedicine, and
telemedicine care quality (Appendix B1).

Demographic and Healthcare-Related Measures
Predictor Variables. Based on a review of literature related to telehealth and telemedicine

access and utility, the following independent variables were 1) selected as predictor variables, 2)
had ordinal and nominal scaling, and 3) constituted two content-related groups: demographics and
healthcare-related factors. The demographic variables were geographic location, age, sex, race,
ethnicity, and education. The healthcare-related factors were patient activation level, patient-
reported medical errors, EHR utilization, telemedicine quality, insurance coverage, chronic
conditions, and healthcare facility. For the multivariable analysis, two variables (geographic
location and insurance coverage) were reduced in the number of categories to produce more
meaningful results and to avoid multicollinearity. For example, in the variable “state of residency,”
various states (n=23) were not represented throughout the sample. Therefore, the states were
aggregated into regions labeled ‘Geographic Location.” To minimize internal validity and

measurement error issues, the Patient-Reported Experiences of Safety — Primary Care (PREOS-
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PC) 35 and the Patient Activation Measure (PAM) 36 were used to measure the primary and
secondary exposure variables, perceived medical errors, and patient activation level.

Statistical Analysis. Summary statistics of telemedicine patients' demographic and
healthcare-related characteristics and outcomes were calculated. Univariable logistic regression
analyses were conducted to determine whether the variables were statistically independent or
correlated with perceived telemedicine barriers, estimating the unadjusted odds ratios (ORS).
Confounding could be detected by comparing these unadjusted ORs with the adjusted ORs
determined in the multivariable analyses. Multivariable logistic regression analysis was utilized to
examine the joint explanatory power of the independent variables on perceived telemedicine
barriers. One final model was tested that included ten of the explanatory variables. The reference
categories were picked to allow comparisons of polarized groups. The final model illustrates the
statistical probabilities of patient activation, patient-reported medical errors, and EHR utilization
on perceived telemedicine barriers when controlling for demographic and other healthcare-related
factors such as geographic location, age, sex, race, ethnicity, insurance coverage, education, and
the number of diagnosed chronic conditions.

Through a series of collinearity diagnostics, multicollinearity was present for various
independent variables. Therefore, not all variables were included in the multivariable analyses.
Factors not showing a statistically significant association with the outcome variable in the
univariable analysis were still included in the multivariable analysis to detect any apparent non-
associations and account for clinical or biological relevance. These factors were used as control
variables. Statistical significance was set at p=0.02 37 for the univariable and preliminary
multivariable models to identify factors for inclusion in the multivariable model. Statistical

significance was set at p=0.05 for the final multivariable model. All results are presented as odds



112

ratios (ORs), with the 95% confidence interval (95% CI) listed in the table. All statistical analyses
and data manipulation, such as scrubbing and reshaping, were done in StataCorp (version

2019.16.1, Stata Statistical Software, College Station, TX).

4.3 RESULTS

Among patients who sought virtual care during the COVID-19 pandemic, perception
disparities were present, with significant disparities according to patient activation level, patient-
reported medical errors, EHR utilization, telemedicine quality, geographic location, age, sex, race,

and the total number of diagnosed chronic conditions.

Patient Demographic and Healthcare-Related Factors
Descriptive Findings

The study sample included 103 adult telemedicine patients (Table 1d). Majority of the
telemedicine patients identified as White (51%) women (68%) between 18 to 40 years of age
(85%). Nearly 56% of patients obtained a patient activation level of 3, which indicates a patient
who takes action regarding their health and healthcare needs and has the perspective: “I am part
of my healthcare team.” Similarly, close to 38% of the patients obtained a patient activation level
of 4, which indicates a patient who maintains their behaviors and pushes further regarding their
health and healthcare needs and has the perspective: “I am my own advocate.” Compared to
patients who obtained an activation level of 3 or 4, about 7% of patients obtained a level 2,
indicating a patient who is becoming aware, but still struggling and has the perspective: “I could
be doing more,” and there were no patients who obtained a level 1, indicating a patient who is
disengaged and overwhelmed and takes on the perspective of: “My doctor is in charge of my

health.” The majority of patients reported experiencing a medical error via telemedicine (66%),

utilizing the EHR (89%), residing in the southern region of the country (53%), were not of
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Hispanic, Latinx, or Spanish origin (81%), had private insurance (63%), at least an undergraduate
degree (49%), had been diagnosed with anxiety (21%), depression (17%), or COVID-19 (13%),
currently living with 1 or 2 chronic conditions (54%), and received care during the pandemic at a
private or group practice (27%), or hospital (21%). Also, roughly 76% of patients reported
experiencing a telemedicine barrier and feeling as though they could receive the same quality of

care virtually to ‘a great extent’ (41%) compared to traditional care.

Perceived Telemedicine Barriers (Unadjusted and Adjusted)

Unadjusted Findings
Table 2d (Model 1) shows the simple logistic regression analysis findings. Telemedicine

quality, patient activation, medical errors, geographic location, and chronic conditions all were
associated with statistically significant increased odds of perceiving a telemedicine barrier.
Patients who felt like they could receive the same care quality via telemedicine to ‘a small extent’
(OR=9.75; p<0.01), ‘some extent’ (OR=5.00; p<0.05), or ‘a great extent’ (OR=4.22; p<0.05) were
more likely to perceive a telemedicine barrier than their counterparts. Patients living in the
Western, Northeastern, or Southern regions of the country (OR=10.39, p<0.01; OR=4.40, p<0.05;
3.36, p<0.01) or had been diagnosed with one or two chronic conditions (OR=4.55; p<0.01) had
increased odds of perceiving a telemedicine barrier. Similar associations were found for patients
who reported experiencing a medical error (OR=3.45; p<0.001) or with an activation level of 3
(OR=1.95; p<0.05).

In contrast, chronic conditions, race, age, and insurance coverage were associated with
statistically significant decreased odds of perceiving a telemedicine barrier. Patients were less
likely to perceive at least one telemedicine barrier compared to their counterparts if they reported

three to four diagnosed chronic conditions (OR=0.85; p<0.05) or identified as Black (OR=0.36;
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p<0.01), Asian (OR=0.24; p<0.05), or Native Hawaiian (OR=0.32; p<0.05). Similarly, patients
were also less likely to perceive a telemedicine barrier if they were between the ages of 41 to 56
years old (OR=0.20; p<0.01) or if they were uninsured or had VA insurance (OR=0.16; p<0.05).
Adjusted Findings

Table 2d (Model 2) shows the findings of the multiple logistic regression. Ethnicity and
education were excluded from the model, and all other factors were retained as independent
variables associated with perceived telemedicine barriers. Patients who felt they could receive the
same care quality to ‘a small extent’ (OR=82.42; p<0.05) or ‘some extent’ (OR= 33.43; p<0.05)
had increased odds of perceiving a telemedicine barrier compared to their counterparts and holding
all other variables constant. Similarly, patients living in the Northeastern (OR=97.23; p<0.05) or
Southern (OR=72.89; p<0.05) regions of the country between the ages of 41 to 56 (OR=67.83;
p<0.05) and 25 to 40 (OR=41.89; p<0.05) were more likely to report at least one telemedicine
barrier. Telemedicine patients utilizing the patient-facing EHR (OR=27.72; p<0.05), with an
activation level of 3 (OR=17.37; p<0.05), living with one or two chronic conditions (OR=10.06;
p<0.05), and experiencing a medical error (OR=1.22; p<0.05) also had increased odds of
perceiving a telemedicine barrier compared to their counterparts and holding all other variables
constant.

On the contrary, female patients (OR=0.06; p<0.05) who identified as Black (OR=0.10;
p<0.001) and were living with three or four chronic conditions (OR=0.10; p<0.01) were less likely
to perceive a telemedicine barrier compared to their counterparts while holding all other variables

constant.
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4.4 DISCUSSION

We employed quantitative research methods to identify which factors impact perceived
telemedicine utilization barriers during the COVID-19 pandemic. Our findings align with existing
literature and extend it in two ways. First, we found that patient's perceptions of care quality are
not only associated with EHRs, but also with their activation level and experiencing a medical
error. And second, we found that although the COVID-19 pandemic created an urgent need for
remote access to healthcare services,® disparities persist across various demographic
characteristics. Therefore, our findings underscore the impact of using data to promote equitable
telemedicine access and quality through rigorous and persistent data analysis addressing two
significant questions: First, how do utilization and access differ by key demographic measures,
and second, what barriers are intensifying these disparities, whether related to digital literacy,
patient-facing telemedicine utility, or access to high-speed broadband internet.

Current telemedicine and HIT practices reveal the blatant disparities and inequities in
healthcare access and health outcomes.314183%-41 OQur findings are a necessary first step toward
ensuring that telemedicine access and quality are equitably distributed. To further enable learning
health systems, we propose for further investigation to be conducted on the patient’s perspective
and experience with pandemic-induced telemedicine and the corresponding patient health

outcomes.

Limitations

Several limitations are noted. First, given that this study had a pilot cross-national design,
our sample size was relatively small, likely due to the limited timeframe for data collection. Future
studies will expand and conduct this work on a larger scale to increase the generalizability of the

findings. Second, our data were limited to patients who only sought virtual care during the
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pandemic. Some patients sought care via traditional in-person and virtually, potentially limiting
the results' generalizability. Third, the study focused on patients who sought care between March
0f 2020 and the present; perceptions of the EHR’s impact on care delivery for patients who sought
telemedicine services before then may differ. Fourth, the data was limited to a six-week timeframe.
Changes in telemedicine volume, as well as recent policy updates (for example, The 21 Century
Cures Act and Cures 2.0), which focused on policies to advance the delivery of treatments and
innovations to patients via telehealth across the U.S. and provides federal guidance to CMS to
extend telehealth access and coverage to beneficiaries of Medicare, Medicaid, and Children’s
Health Insurance Program (CHIP),* may cause the findings to change over time, signifying a need
for continued assessment of the evolution of healthcare perceptions. Future work will focus on
addressing these limitations and verifying our findings through the development of further equity

and health information technology-based qualitative research.

CONCLUSION

Telemedicine utilization has exponentially increased during the COVID-19 pandemic.
Still, it has done so without sufficient consideration and awareness of disparities by age, race,
geography, and various health system-related factors. Our findings suggest that aside from a
patient’s race, age, and geographic location, a patient’s activation level, experience with medical
errors, and use of the EHR all influence their perception of facing barriers with telemedicine as a
care modality. In particular, our findings indicated that Black women living with 3 or 4 chronic
conditions were less likely to report perceiving a telemedicine barrier. Interestingly, these findings
align with current literature suggesting that Black women, women of color, and individuals living
with chronic conditions are less likely to engage with their healthcare systems and lack trust in the

providers and health systems delivering their care.***’ Thus, future research should focus on



117

designing and promoting equitable digital tools that properly engage various populations and
communities based on their unique needs and preferences.*®°2 These findings may help inform
efforts to ensure equitable access to and adoption of high-quality telemedicine services and
promote a more-improved health equity design and infrastructure within healthcare systems that

is safer and patient-centered.
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Table 1d: Patient Demographic and Healthcare—Related Characteristics (N=103)

Variables Frequency (n) Percentage (%)

Telemedicine Utilization

Telemedicine barriers
No 25 24.27
Yes 78 75.73

Telemedicine Quality

Fully 5 4.85
To a great extent 42 40.78
To some extent 39 37.86
To a small extent 15 14.56
Not at all 2 1.94

Demographic and Healthcare-Related Characteristics
Patient Activation Level

Level 1 - -

Level 2 7 6.86
Level 3 57 55.88
Level 4 38 37.25

Medical Errors

No 35 33.98

Yes 68 66.02
EHR Use

No 11 10.68

Yes 92 89.32

Geographic Location



Age

Sex

Race

Northeast
Midwest
West
South

18-24
25-40
41-56

Male
Female
Other or prefer not to

answer

White or Caucasian

Black or African American
American Indian or Alaska
Native

Asian Indian

Asian

Native Hawaiian

Other or prefer not to

answer

Ethnicity

No
Hispanic, Latinx, or

Spanish Origin

13
18
14
52

41
44
13

27
70

52
24

14

81
16

13.40
18.56
14.43
53.61

41.41
44.44
14.14

26.21
67.96
5.83

50.49
23.30
1.94

2.91
6.80
0.97
13.59

81.00
16.00

119
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Prefer not to answer 3 3.00

Insurance coverage

Private 65 63.11
Public 28 27.18
Uninsured 4 3.88
VA 6 5.83
Education

High school graduate or less 8 8.60
Some college or trade 39 41.94
school

College graduate or more 46 49.46

Chronic condition

None 32 20.25
Angina/heart problem 6 3.80
Arthritis 12 7.59
Chronic pain 11 6.96
Depression 26 16.46
Anxiety 34 21.52
Diabetes 3 1.90
Hypertension 9 5.70
Cancer 1 0.63
High cholesterol 4 2.53
COVID-19 20 12.66
Total number of chronic conditions
One to two 53 54.64
Three to four 14 14.43

5 or more 2 2.06
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None 28 28.87

Healthcare facility

Hospital 41 21.35
Emergency Department 21 10.94
Urgent Care center 29 15.10
Nursing home 5 2.60
Rehabilitation center 5 2.60
Hospice 4 2.08
Mental health center 19 9.90
Birth center 3 1.56
Community health center 14 7.29
Private or group practice 51 26.56
clinic

Abbreviations: EHR, Electronic Health Record
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Table 2d: Unadjusted and Adjusted Odds Ratios and 95% Confidence Intervals for the
Association between Demographic and Healthcare—Related Characteristics and Telemedicine
Barriers

Telemedicine Barriers? Telemedicine Barriers®
Unadjusted? Adjusted®
Odds Ratio 95% Odds Ratio 95%
(OR) Confidence (OR) Confidence
Interval Interval (CI)
(Ch
Telemedicine Utilization
Telemedicine Quality
Fully 1.00 Referent 1.00 1.00
To a great extent 4.22* 1.62 —28.74 2.45
To some extent 5.00* 1.71-34.72 33.43* 1.22 - 57.23
To a small extent 9.75** 1.95-99.96 82.42* 1.73-181.04
Not at all —° —° ¢ —°

Patient Demographic and Healthcare-Related Characteristics
Patient Activation Level

Level 1 ¢ ¢ ¢ ¢
Level 2 1.00 Referent 1.00 Referent
Level 3 1.95* 1.77 -4.91 17.37* 1.97 - 62.37
Level 4 ¢ ¢ - ¢

Medical Errors

No 1.00 Referent 1.00 Referent
Yes 3.45%** 1.35-8.79 1.22* 1.08 - 14.77
EHR Use

No 1.00 Referent 1.00 Referent
Yes 0.66 0.13-3.31 27.72* 1.10 - 79.69

Geographic Location

Northeast 4.40* 1.75-25.84 97.23* 1.43-178.76
Midwest 1.00 Referent 1.00 Referent
West 10.39** 1.11-97.33 — —C

South 3.36** 1.05-10.69 72.89* 1.96 — 153.84



Age

18-24
25-40
41-56

Sex
Male

Female

Race

White or Caucasian

Black or African
American

American Indian or

Alaska Native
Asian Indian
Asian

Native Hawaiian

Ethnicity
No

Hispanic, Latinx, or

Spanish Origin

Insurance coverage

Private
Public
Uninsured/VA

Education

High school graduate or

less

Some college or trade

school

College graduate or more

1.00
0.93
0.20**

1.00
0.36

1.00

0.36**

0.18

0.24*
0.32*

1.00
0.85

1.00

1.96

0.16*

1.00

0.48

0.45

Total number of chronic conditions

One to two
Three to four
5 or more

4.55**
0.85*

_C

Referent
0.30-2.83
0.05-0.77

Referent
0.09-1.34

Referent
0.11-1.13

0.01-3.21

C

0.04-0.89
0.08 -0.94

Referent
0.24-2.98

Referent
0.59 - 6.50
0.02-0.98

Referent
0.05-4.40
0.05-4.11

1.34-15.33
0.22-3.29

_C

1.00
41.89*
67.83*

1.00
0.06*

1.00
0.10***

1.00
0.75
1.75

1.00

10.06*
0.10**

_C
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Referent
1.80-94.14
1.14 -128.03

Referent
0.00-1.24

Referent
0.00-0.33

c

0.01-35.81
0.00-5.72

Referent
0.04 — 13.67
0.00 —437.92

Referent

1.79-87.37
0.00 -0.67

_C
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None 1.00 Referent 1.00 Referent

& Model measured the primary outcome: perceived telemedicine barriers; unadjusted, no
confounders identified

b Model measured the primary outcome: perceived telemedicine barriers; adjusted for telemedicine
quality, patient activation level, perceived medical errors, patient-facing EHR use, geographic
location, age, sex, race, and total number of chronic conditions

“Not applicable or omitted due to multicollinearity

Abbreviations: Cl, Confidence Interval; EHR, Electronic Health Record; OR, Odds Ratio; VA,
Veteran Affairs

P-Values: *p<0.05 **p<0.01 ***p<0.001
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4.6 APPENDIX B: SUPPLEMENTARY MATERIALS FOR CHAPTER FOUR

Appendix B1. Patient Perceptions of EHR and Telemedicine Survey

Qualtrics Survey Software 2{11/22, 11:02 AM

LETTER TO PARTICIPANTS

As you know, the COVID-19 pandemic has affected the lives of everyone in our
communities. We are collecting information that will be used to identify the effects of
pandemic-induced telemedicine (i.e., virtual patient visit(s) and electronic health record
(EHR) patient portal engagement) and a patient’s activation level (i.e., patients'
willingness and ability to take independent actions to manage thetr health and care) on
self-reported medical errors to better understand system factors (COVID-19 and
increased telemedicine), and health information technology’s ability to improve

disparities and inequities, as well as care quality and safety.

You will be asked to complete a questionnaire that is a segment of dissertation work
being conducted by Kala S, Wilson from the Public Health Sciences Ph.D,
program at UNC Charlotte.

You have been selected from among individuals who have received care via telemedicine
during the COVID-19 pandemic for this research. We estimate that it will take you
approximately 10 to 15 minutes to complete the survey questionnaire. For
your convenience, the questionnaire can be completed online via a protected

website. Please enter a unique 4-digit identifier (e.g., 0101) in the box below to
maintain confidentiality. It is very important that you enter a 4-digit ID#
that will be easy for you to remember. You will be asked to re-enter your 4-
digit ID# at the end of the survey to be considered for our gift card
incentive. If you choose to partake in the gift card incentive, please know that your
survey responses will then be identifiable. However, the researchers will ensure that all
identifiable information is destroyed at the conclusion of the study and once all gift cards
have been distributed.

Responses to this survey will not be shared outside of the research team. In addition, none

of the responses to the questions will be shared or discussed with any third party.

https:ffcarexmsqg7y26vgvplwrg.qualtrics.com/Q/EditSection/Blocks/...tSurvey|D=SV_8HRdCmlUelfoX We&ContextLibrarylD=UR_1QE45HR2FVbtOyh Page 2 of 16
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Qualtrics Survey Software 2/11j22, 11:02 AM

While taking the survey, if you encounter a question that you would rather not answer,
you may skip that guestion and continue to move further along in the survey. You may
decide to exil the survey at any time. This study is voluntary and is not tied to any health
service(s) you may receive from any provider(s). We thank you in advance for your time
and consideration. Thanks to the generosity of individuals like you, our research can
make an important contribution to what is known about the multifaceted impact of
system factors such as COVID-19 and increased telemedicine on our health and receiving

equitable care throughout all patient communities.

For your voluntary participation and time, you will be asked to provide an email
address, your 4-digit ID#, and gift card preference to be included in a drawing to

recetve one of five $25 gift cards 1o your choice of either Amazon or Starbucks.

If you have questions about the survey, please feel free to contact Kala Wilson at

kwilsis54@uncc.edu or Michael Dulin at mdulin3@uncc.edu, we would be happy

to discuss questions or concerns with you.

If you have questions about your rights as a research participant, or wish to obtain
information, ask questions, or discuss any concerns about this study with someone other
than the researcher(s), please contact the Office of Research Protections and

Integrity at uncce-irb@unce.edu.

Sincerely,

Kala S. Wilson, MPA

CONSENT

https:/fcorexmsq7y26vgvplwrg.qualtrics.com/Q/EditSection/Blocks/..tSurveylD=8V_8HRdCmlUelfoXWe&ContextLibrarylD=UR_1QE45HR2FVbtOyh Page 3 of 16
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Thank you for taking the time to answer this survey. This survey's purpose is to investigate
the impact of pandemic-induced Telehealth on care quality and safety outcomes and

perceived EHR impact on disparities and inequities in health and healthcare.

The results of this survey will be used for dissertation work being completed at the

University of North Carolina at Charlotte. All answers are confidential. After this study is
complete, identifiers will be removed from the data and the data could be used for future
research studies or distributed to another investigator for future research studies without

additional informed consent.

To move forward with the survey process, please select either statement below that applies
to you. To advance to the survey, you must consent to participate and be at least 18 years of

age.

O I agree to take part in the study
O Ldonot agree to take part in the study

INSTRUCTIONS

INSTRUCTIONS: For each of the following questions, please select or enter the response
that best describes you:

TELEMEDICINE UTILIZATION

TELEMEDICINE UTILIZATION: Understandably, due to the COVID-19 pandemic
many healthcare systems have needed to make the transition to provide virtual care to

their patients. Questions 1-3 will ask about your telemedicine utilization experience.

https:/fcorexmsq7y26vgvplwrg.qualtrics.com/Q/EditSection/Blocks/..tSurveylD=8V_8HRdCmlUelfoXWe&ContextLibrarylD=UR_1QE45HR2FVbtOyh Page 4 of 16
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What type(s) of telemedicine tools did you use for your patient visit(s)? PLEASE CHECK
ALLTHAT APPLY.

O
O

oo

Synchronous videoconference software with audio (e.g., Zoom, WebEx, Facetime,
or other interactive video connection

Asynchronous videoconference software (e.g., sending images or medical data to
vour healthcare provider via secure web server, encrypted e-mail, or electronic
health record (EHR)

Telephone audio

Secure private messaging (e.g., via web portal such as electronic health record
(EHR), encrypted e-mail)

Remote patient monitoring (e.g., wearables such as continuous glucose
monitoring device (glucometer), activity trackers, or heart rate device)

What, if any, factors affected your use of telemedicine? PLEASE CHECK ALL THAT
APPLY.

O 00 0O 000 0O OO

https:/fcorexmsq7y26vgvplwrg.qualtrics.com/Q/EditSection/Blocks/..tSurveylD=8V_8HRdCmlUelfoXWe&ContextLibrarylD=UR_1QE45HR2FVbtOyh

Limited internet access or speed issues

Limitations in my access to technology (e.g., smartphone, computer, tablet,
internet)

Limitations in my access to my data or health information in the electronic health
record (EHR) patient-portal

Telemedicine platform not easy to use or did not meet my needs overall
Difficulty in my ability or knowledge to use technology or telemedicine platforms

Lack of awareness and understanding of telehealth offerings from my health
system or provider

Lack of awareness and understanding of insurance coverage for telehealth for my
health system or provider

Lack of health insurance coverage

Privacy and confidentiality (e.g., privacy in the home or security of the internet
connection)

Poor patient-provider communication

136
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(O Preference for in-person visits

O Poor patient-provider engagement
[ All the above

D None

To what extent are you able to receive similar quality of care during telemedicine visits as

you do during in-person visits?

O ruly

O Toa great extent
O To some extent
O To a small extent
O Notatall

PATIENT ACTIVATION

PATIENT ACTIVATION: Question 4 will ask about your willingness and ability to take

independent actions to manage your health and care.

Please indicate whether you Disagree, Agree, or Neither for the following statements.

Neither
Strongly Disagree Strongly
Disagree Disagree  nor Agree Agree Agree

When all is said
and done, I am the

person responsible O @) O O O

for taking care of
my health

https:/fcorexmsq7y26vgvplwrg.qualtrics.com/Q/EditSection/Blocks/..tSurveylD=8V_8HRdCmlUelfoXWe&ContextLibrarylD=UR_1QE45HR2FVbtOyh Page 6 of 16
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Taking an active

role in my own

health care is the

most important O O O O O
thing that affects

my health

I know what each

of my prescribed O O O O O

medications do

I am confident that
I can tell whether I
need to go to the

doctor or whether I O O O O O

can take care of a
health problem
myself

I am confident that

I can tell a doctor

concerns I have O O O O O
even when he or

she does not ask

Neither
Strongly Disagree Strongly
Disagree Disagree  nor Agree Agree Agree

T am able to

maintain (keep up

with) lifestyle O O O O O
changes, like eating

right or exercising

I know how to

prevent problems O O O O O

with my health

T am confident I
can figure out

solutions when O O O O O

new problems arise
with my health

https:/fcorexmsq7y26vgvplwrg.qualtrics.com/Q/EditSection/Blocks/..tSurveylD=8V_8HRdCmlUelfoXWe&ContextLibrarylD=UR_1QE45HR2FVbtOyh Page 7 of 16
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I am confident that
I can maintain
lifestyle changes,
like eating right
and exercising,
even during times
of stress (e.g.,
COVID-19)

EXPERIENCE OF A SAFETY PROBLEM

139
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EXPERIENCE OF A SAFETY PROBLEM: Question 5 will ask about your experiences

of any safety problems you may have experienced during any of your telemedicine visits

with a healthcare provider during the pandemic.

Thinking about the healtheare you have received via telemedicine since the beginning of

the COVID-19 pandemic (March 2020-Current), do you believe you experienced a problem
related to any of the following: PLEASE MARK NO, YES, or 1 DO NOT KNOW

Diagnosis of your
problem (e.g.,
wrong diagnosis)

The medication
prescribed or
given to you via
telemedicine? (e.g.,
receiving a
medication that
was meant for a
different patient or
diagnosis)

Yes I do not know

O @)

https:/fcorexmsq7y26vgvplwrg.qualtrics.com/Q/EditSection/Blocks/..tSurveylD=8V_8HRdCmlUelfoXWe&ContextLibrarylD=UR_1QE45HR2FVbtOyh Page 8 of 16
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Vaccines

prescribed via

telemedicine or

administered at

your chosen health O O O
facility (e.g.,

receiving a vaceine

that you already

knew you were

allergic to)

Blood tests or

other lab tests

ordered via

telemedicine or

performed at your O O O
chosen health

facility (e.g., the

test results being

misplaced)

Diagnostic and
monitoring
procedures other
than blood and lab
tests (e.g.,
biopsy) ordered
via telemedicine or @) O O
performed at your
chosen health
facility (e.g., not
receiving a
procedure when

needed)

No Yes I do not know

https:/fcorexmsq7y26vgvplwrg.qualtrics.com/Q/EditSection/Blocks/..tSurveylD=8V_8HRdCmlUelfoXWe&ContextLibrarylD=UR_1QE45HR2FVbtOyh Page 9 of 16
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Patient-provider O @) O

communication
via telemedicine
(e.g., not receiving
important
information about
your health issues
or healtheare in
general)

Provider-
Provider
Communication
and
Coordination
within your health O O O
facility (e.g.,
important health
information was
not passed along
between providers)

Provider-
Provider
Communication
and
Coordination
outside of your @) O O
health facility (e.g.,
miscommunication
between primary
provider and
specialist)

Appointments

(e.g., not getting an o) 0O '®)

appointment when
needed)

https:/fcorexmsqg7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks...Survey|D=8V_8HRdCmlUelfoXWe&ContextLibrarylD=UR_1QE45HR2FVbtOyh Page 10 of 16
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Health records O O O
(e.g., your health

records are not

available or

accessible when
needed)

EHR IMPACT ON INEQUITIES

EHR IMPACT ON INEQUITIES: Questions 6 & 7 ask about your perceptions of the
Electronic Health Record’s (EHR’s) impact on patient activation and overcoming

disparities and inequities in healthcare.
How can the Electronic Health Record (EHR) help patients (especially during times such
as COVID-19 and telemedicine) become more active participants in their healthcare

journey to decrease bias and disparities in care?

Please provide your response in the space provided below.

How do you believe a patient’s access to the EHR, their visit notes, and health information

data can impact overcoming biases, disparities, and inequities within healthcare systems?

Please provide your response in the space provided below.

PATIENT DEMOGRAPHIC, HOSPITAL, AND HEALTH SYSTEM
CHARACTERISTICS

https:/fcorexmsq7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks/... SurveylD=SV_8HRdCmIUelfoXWe&ContextLibrarylD=UR_1QE45HR2FVbtOyh Page 11 0f 16
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PATTIENT DEMOGRAPHICS AND HEALTH SYSTEM CHARACTERISTICS: The
following questions (8-18) ask about your background and characteristics of your health

facility or facilities you received care from during the COVID-19 pandemic.

What state do you currently live in? CHOOSE FROM THE DROPDOWN BOX
BELOW. (Responses are listed by region within the United States)

A
v,

Did you receive care via telemedicine from any of the following health systems within

North Carolina? PLEASE CHECK ALL THAT APPLY.

O Wake Forest Baptist Medical Center
[ Novant Health

O Atrium Health

[ Duke Health

[0 UNC Health

[ wakeMed Health

What is your age?

@) 18-24
O 2540
O 4156
O 57-64
QO 650rolder

What is your sex?

https:/fcorexmsqg7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks...Survey|D=8V_8HRdCmlUelfoXWe&ContextLibrarylD=UR_1QE45HR2FVbtOyh Page 12 of 16
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@) Male
O Female
O Non-binary

QO Other or prefer not to answer

What is your race and ethnicity?

White or Caucasian

Black or African American
American Indian or Alaska Native
Asian Indian

Asian

Native Hawaiian

ONONONONONONSO

Other or prefer not to answer

Are you of Hispanic, Latinx, or Spanish origin?

O No
O Yes

O Prefer not to answer

What type of health insurance do you have?

O Private
QO Public
O Uninsured

QO va

https:/fcorexmsqg7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks...Survey|D=8V_8HRdCmlUelfoXWe&ContextLibrarylD=UR_1QE45HR2FVbtOyh Page 13 of 16
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What is your highest level of education?

@) High school graduate or less
O Some college or trade school

O College graduate or more

How would you rate your overall health currently?

O Poor

QO Fair
O Good
O VeryGood
O Excellent

How would you rate your mental or emotional health currently?

O Poor
QO Fair
O Good
O Very Good
O Excellent

145
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Please mark if you have currently or in the past been diagnosed with any of the following

chronic conditions: PLEASE CHECK ALL THAT APPLY.

D None

https:/fcorexmsqg7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks...Survey|D=8V_8HRdCmlUelfoXWe&ContextLibrarylD=UR_1QE45HR2FVbtOyh
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O Angina or heart problem
[ Arthritis

O chronic pain
O Depression

O Anxiety

[ Diabetes

(O Hypertension
O Lung disease
[ Kidney disease
D Cancer

O High cholesterol
O covib-19

What type of healthcare facility or facilities did you engage with during the COVID-19
pandemic? PLEASE CHECK ALL THAT APPLY.

O Hospital

O Emergency Department
O Urgent Care center

O Nursing home

[ Rehabilitation

O Hospice

[0 Mental health center

[ Addiction treatment center
[ Birth center

O Community health center

O Private or group practice clinic

https:/fcorexmsqg7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks...Survey|D=8V_8HRdCmlUelfoXWe&ContextLibrarylD=UR_1QE45HR2FVbtOyh

146

2{11j22, 11:02 AM

Page 15 of 16



147

Qualtrics Survey Software 2/11j22, 11:02 AM

END OF SURVEY

WE THANK YOU FOR TAKING THIS SURVEY.

You have reached the end of the survey. If you have questions or concerns about the study,

you may contact Kala Wilson, via email at kwils154@uncc.edu.

Thank you again for your feedback and for taking the time to complete this survey.
We really appreciate your time, and we will be in contact if you are selected to receive one

of the $25 gift cards!

If you are interested in receiving a $25 gift card, please choose Yes or No to
enter your email address, 4-digit ID #, and gift card preference.

O Yes
O No

Click here to fill out our Gift Card Form!

https:/fcorexmsqg7y26vgyvplwrg.qualtrics.com/Q/EditSection/Blocks...Survey|D=8V_8HRdCmlUelfoXWe&ContextLibrarylD=UR_1QE45HR2FVbtOyh Page 16 of 16
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Appendix B2. Patient Recruitment Flyer

/

Have you experienced

Telemedicine

Complete the
guestionnaire and
getentered into a

drawing to
receive $25!

How has the COVID-19 pandemic and
telemedicine affected your quality of

care and safety?

CLICK HERE TO TAKE OUR COVID-19
PATIENT SURVEY!
OR SCAN QR CODE ON THE BOTTOM
LEFT

Survey takes less

than 15 mins to
complete. WEWANT TO HEAR FROM YOU.

For questions about the study,

please contact via CHARLOTTE

email at
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Appendix B3. Patient Draft Recruitment Email
Dear XX,

As you know, the COVID-19 pandemic has affected the lives of everyone in our
communities. This survey is being conducted by UNC Charlotte researchers to collect information
that will be used to identify the effects of pandemic-induced telemedicine and a patient’s activation
level on care quality and patient safety to better understand system factors (COVID-19 and
increased telemedicine) and health information technology’s ability to improve disparities and
inequities. For your voluntary participation and time, you will be asked to provide an email address
to be included into a drawing to receive one of five $25 gift cards to your choice of either Amazon
or Starbucks. If you have questions about the survey, please feel free to contact Kala Wilson at

kwils154@uncc.edu, or Michael Dulin at mdulin3@uncc.edu, we would be happy to discuss

questions or concerns with you.

For additional information or access to the survey, please click the following link:

. You can also click the link or scan the QR code on the informational flyer

attached below.

Thank you,

Kala S. Wilson, MPA

University of North Carolina at Charlotte

Doctoral Candidate | PhD in Public Health Sciences
Instructor | HSMT 4400 001 & 002

College of Health and Human Services

9201 University City Blvd. | Charlotte, NC 28223
kwils154@uncc.edu | 614.546.9951

Michael F. Dulin, MD, PhD

University of North Carolina at Charlotte

Professor | Department of Public Health Sciences

Director of the Academy for Population Health Innovation (APHI)
CHHS 341C

9201 University City Blvd. | Charlotte, NC 28223
mdulin3@uncc.edu | 704.687.7899
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Appendix B4. Adapted Version of the Patient Activation Measure — 10 (PAM-10)

1.

2.

10.

When all is said and done, | am the person who is responsible for taking care
of my health.

Taking an active role in my own healthcare is the most important thing that
affects my health.

| know what each of my prescribed medications do.

I am confident that I can tell whether | need to go to the doctor or whether |
can take care of a health problem myself.

I am confident that | can tell a doctor concerns | have even when he or she
does not ask.

I am confident that | can follow through on medical treatments | may need to
do at home.

| have been able to maintain (keep up with) lifestyle changes, like eating right
or exercising.

| know how to prevent problems with my health.

I am confident I can figure out solutions when new problems arise with my
health.

I am confident that | can maintain lifestyle changes, like eating right and
exercising, even during times of stress (e.g., COVID-19).

150



151

Appendix B5. Adapted Version of the Patient Reported Experiences of Safety — Primary Care
(PREOS-PC)

1. Thinking about the healthcare you have received via telemedicine since the beginning of
the COVID-19 pandemic (March 2020-Current), do you believe you experienced a
problem related to any of the following: Answer Yes, No, or | do not know.

Diagnosis of your problems (e.g., wrong DX)

The medication prescribed or given to you via telemedicine (e.g., receiving a
medication that was meant for a different patient)

Vaccines prescribed via telemedicine or administered at your chosen health
facility (e.g., receiving a vaccine that you already knew you were allergic to)
Blood tests and other laboratory tests ordered via telemedicine or performed
at your chosen health facility (e.g., the test results being misplaced)
Diagnostic and monitoring procedures other than blood and laboratory tests
(such as an ear examination, or biopsy, etc.) ordered via telemedicine or
performed at your chosen health facility (e.g., not receiving a procedure when
needed)

Communication between you and the healthcare professionals via
telemedicine in your health facility (e.g., not receiving the information needed
about your health problems or healthcare in general)

Communication and co-ordination between the healthcare professionals in
your health facility (e.g., important information about your healthcare not
being passed between the healthcare professionals)

Communication and co-ordination between professionals in your health
facility and other professionals outside of the health facility (e.g.,
communication missing from primary provider to a specialist)

Your appointments (e.g., not getting an appointment when you needed one)
Your health records (e.g., your health records not being available or
accessible when needed)
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CHAPTER FIVE. DISCUSSION

MAIN CONCLUSIONS
We examined the impact of the pandemic and subsequent transition to telehealth on 1)

clinical EHR data quality and data entry patterns, 2) provider perceptions of the EHR’s influence
on care delivery, and 3) patient perceptions of barriers related to pandemic-induced telemedicine.
We found that an external change to healthcare operations — which modifies clinical practice — is
correlated with clinical data entry patterns. Congruent with that, we found marked differences in
the macro-processes (e.g., clinical data entry patterns or ordering diagnostic tests), which spanned
multiple micro-systems (e.g., having disparate providers and clinical departments) within the
healthcare organization. These marked differences aligned with the findings in Chapter 3,
indicating that some variability in data recording can be explained by providers from different
units — having distinct goals, thus, contributing to patient care and outcomes.

Furthermore, our data showed that clinical data entry is fragmented and exacerbated by
complex systematic factors,>®183-185 and for health systems to leverage the potential of data and
technology in healthcare, one must acknowledge the importance and foundational aspect of high-
quality clinical documentation and the antecedents influencing those health information patterns
and behaviors, such as demographics and other related characteristics at multiple levels.*®¢18 To
that end, this research demonstrates that although there is an established need to achieve more
equitable and standard-based data practices and decision-making in terms of safe, high-quality
care delivery; perception disparities were present by providers based on diversity, equity, and
inclusion (DEI) efforts, sex, age, race, ethnicity, board certification, and the number of years of

experience with the EHR.



153

Unfortunately, it does not appear that providers’ perceptions of the EHR’s impact held the
same value for care quality as it did patient safety. We uncovered that providers using the EHR
and telemedicine were roughly 59 times more likely to report the EHR as beneficial for patient
safety (OR=58.78; p<0.05), compared to approximately only 18 times more likely for care quality
(OR=17.88; p<0.05). However, consistent with our findings in the first manuscript and prior
literature, we found significant differences in perceptions of the EHR by the type of board
certification a provider held. Providers board certified in Endocrinology, Dermatology, Geriatrics,
Emergency Medicine, Family Medicine, and Pathology was significantly associated with
perceiving the EHR as more beneficial for patient safety than care quality.'®% These findings
have considerable implications for practice and policy, given that personal, contextual, and
technological factors all interrelate and affect perceptions and subsequent adoption and use of
digital technologies.?88:89.164.196-201

Despite some of the findings from this comprehensive study indicating that pandemic-
induced telemedicine impacts clinical data entry patterns and that most telemedicine providers
found the EHR’s impact on patient safety as beneficial overall, we found conflicting evidence
when assessing patient perceptions of telemedicine barriers and their reported health outcomes.
Our findings emphasized prior research indicating that patients continue to experience harm, and
processes within the U.S. health system — whether in-person or virtual care — are inefficient and
fragmented.>+-°6:64-66.202 poljcy and systems interventions must address the social and digital
determinants of health related to patient safety and quality. As well as understand the patient
perspective and other related characteristics to maximize the benefits of data and technology for

attaining highly efficient, safe, and equitable care. Our findings highlighted this need, considering
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that roughly 76% of patients faced at least one telemedicine barrier, and 66% experienced a
medical error via telemedicine during the pandemic.

Similarly, we uncovered patients were more likely to experience at least one telemedicine
barrier if they utilized the patient-facing EHR (OR=27.72), had an activation level of three
(OR=17.37), had been diagnosed with one or two chronic conditions (OR=10.06) and experienced
a medical error. These findings suggest that more activated patients are further engaged in their
healthcare compared to their counterparts and therefore have increased odds of identifying a
barrier.2%3-2% Interestingly, patients were less likely to report experiencing a telemedicine barrier
if they identified as Black or Female or reported three to four diagnosed chronic conditions
(OR=0.10; p<0.001, OR=0.06; p<0.05). These findings align with prior literature indicating the
historically pervasive inequities and disparities amongst these subpopulations in healthcare. Black
women, women of color, individuals living with multiple chronic conditions, and patients who
identify their role and status as subordinate or passive to clinicians are more likely to be less
engaged in their healthcare and have a lack of trust in the systems that serve them. 3161821~
23,32,43,75,172,207

These results, combined, have significant implications for health information technology's
design, implementation, and utilization at the systems, provider, and patient levels. Prior research
94129208 and policies 4142146209210 have focused on investing in digital technology and tools to
improve the quality, efficiency, safety, and equity of care. However, we find that solely investing
in digital transformation without understanding the multidimensional and multilevel
interrelationships between people, technology, and their environments, actually creates additional
and often unintended inefficiencies in the system. The contributions of this dissertation

demonstrate that many distinct elements or agents of a system (e.g., clinical data entry processes
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(manuscript 1), provider perceptions (manuscript 2), patient characteristics (manuscript 3),
and pandemic-induced telemedicine (all manuscripts)) have a hidden order and work with each
other to shape the system and its outcomes, as well as how each component within a system
changes over time.'%1%! These results suggest that behavioral responses and perceptions of
elements related to health systems — in this case, health technology, and data affected by external
influences such as COVID-19 — must be ingrained in the fabric of healthcare evaluations and
interventions when attempting to improve the efficiency, quality, safety, and equity of care

delivery.

FUTURE DIRECTIONS
Our findings underscore the need for further analysis to understand the interactions

between the environment, processes, workflows, technological designs, patients, and the core
operative nature of the system itself.?123 Health administrators, policymakers, and researchers
must acknowledge that technology and data can act as a roadblock to achieving health equity
throughout this nation’s healthcare systems if human and information technology systems continue
to co-exist but not co-evolve concurrently.?2 In policy and practice, we must pull back the
curtain and recognize the many forms of coded inequity 2*° throughout our healthcare systems by
becoming more aware of the social dimensions of technology that generate dominant and
discriminatory structures encoded in apps, algorithms, and payment data used in health and

healthcare, as well as the general architecture of the United States.
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