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Abstract
Implementing an Electronic Health Record (EHR) system is a costly and complex organizational
endeavor that may result in users, particularly physicians, using the EHR’s rich features in a limited
manner. The goal of EHR implementation is to move beyond limited, mandatory use towards the
full extended and productive use of the EHR system to realize the full scope of benefits. To realize
these benefits, users must utilize an EHR effectively; this is challenging due to the time and effort
required to document patient encounters in an electronic system. Utilizing an organizational
learning perspective and theorizing around extended use for EHRs, this study investigates how
EHR System Use Experience may affect EHR Task Length for physicians, how EHR Extended Use
is influenced by EHR System Use Experience, and in turn how EHR Extended Use may affect EHR
Task Length. This study utilizes a longitudinal dataset of individual EHR use metrics (e.g., EHR
features used, navigation clicks, time spent documenting) accumulated during the four-year roll-
out of an EHR system across a network of military hospitals and clinics. This study will utilize a
combination of statistical approaches including correlation, factor analysis, t-tests, linear
regression and structural equation modeling to investigate these relationships. Utilizing a large
data set of actual system log data in this analysis, this study indicates that as EHR System Use
Experience (measured as months of use and cumulative patients seen) increases, EHR Task Length
(measured as time in EHR and time spent documenting) decreases. Empirical analyses also
indicate that EHR Extended Use increases with experience, contributing to a modest increase in
task length. Comparative analyses of EHR user experience for physicians vs. nurses and students,
in clinics vs. hospitals, for earlier adopters vs. later adopters, and for the subset of advanced users
vs. basic users of the EHR highlight nuances in these relationships. The study informs practice by

demonstrating how to identify extended users, how to develop additional organizational and usage
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insights from system-generated performance metrics, and how to better assess the potential return
on investment on an electronic health record system.

Keywords: EHR; extended use; system use; SEM; IS experience;
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Chapter 1. Introduction

Electronic health record (EHR) systems are heralded as essential elements in the digital
transformation of healthcare (Agarwal et al., 2010). However, numerous studies have indicated
that EHR systems cost nearly $100,000 per physician per year to implement fully (Fleming et al.,
2011). The US Government paid more than $13B in incentives for the adoption and “meaningful
use” of EHR systems in private sector U.S. hospitals and small practices (Cohen, 2016). The
U.S. Department of Veterans Affairs (VA) also recently adopted a new EHR system at an
estimated cost of $16B over a 10-year implementation timeline to replace 130 instances of their
homegrown EHR solution.! To provide context, $29B exceeded NASA’s budget in 20132, as well
as prince Facebook paid to acquire WhatsApp.® To justify this high level of investment in EHRs,
clinical staff and physicians must use these systems effectively to garner organizational and
patient care benefits.

The healthcare sector is an important context for research in the Information System (IS)
field. Health IT research has grown considerably over the past two decades and become a robust
specialized area of IS research (Chiasson & Davidson, 2004; Davidson et al., 2018). This field
now includes a considerable amount of research and most major IS conferences have health IT
tracks where IS researchers present and collaborate. One branch of IS research is the study of the
adoption, implementation, and use of electronic health record systems. IS researchers generally

consider an EHR system to be a type of enterprise information system (EIS). Enterprise

' VA Cermner Restart $16B EHR Overhaul Planned October Go Live
(https://www.fiercehealthcare.com/tech/va-cerner-restart-16b-ehr-overhaul-planned-october-go-live)

2 Wikipedia - Budget of NASA (https://en.wikipedia.org/wiki/Budget of NASA)

3 7 Other Things Facebook Could have Bought for $16B (https://gizmodo.com/7-other-things-
facebook-could-have-bought-for-16-billi-1526411053)




information systems are large, integrated systems meant to increase organizational productivity
and efficiency, but these systems are expensive and implementation projects often fail or fail to
deliver substantive benefits (Tomblin, 2010). In addition to productivity and efficiency gains
from EISs, EHR systems should also improve patient outcomes and make healthcare more
affordable.

However, EHR implementation can also lead to adverse effects not only for the hospital
but also for patients, including medication errors (Berger & Kichak, 2004), decreased
appointment availability (Bishop et al., 2015), and no quality-of-care improvement (Yanamadala
et al., 2016). There is also a long history of physician resistance to the use of health information
systems (HISs), which has led to EHR systems being rejected or underutilized because of the
additional workload and stress placed on physicians’ practices (Bhattacherjee & Hikmet, 2007;
Kruse et al., 2016; Lapointe & Rivard, 2005). Given the societal importance of healthcare and
the unique concerns about EHR implementation and use, these enterprise systems require
research and understanding that builds on the existing general enterprise IS literature and
accounts for the contextual issues specific to EHR systems (Kohli & Tan, 2016).

In this study, I will utilize the term “electronic health record” (EHR) rather than similar
terms, such as “health information system” (HIS), “computerized provider order entry” (CPOE),
or “electronic medical record” (EMR). A HIS is a generalized information system used by
providers for patient care in hospitals or clinics. CPOE is the functional area of an EHR that
allows clinicians to input patient data, medication orders, and laboratory tests into a computer,

rather than using paper order forms.* The term EMR is clinic-centric and applies to the patient’s

4 HealthIT.cov - What is CPOE? (https://www.healthit.gov/fag/what-computerized-provider-

order-entry)




medical record at one practice. The patient-centric electronic health record (EHR) contains many
of these older clinical elements (CPOE, EMR) but is broader. An EHR includes the history of a
patients’ experiences in a health care system and has the ability to facilitate data exchange with

other providers to obtain a complete patient record.

Research Motivation

For an EHR system to achieve its potential benefits, the system must be effectively used
in clinical settings at multiple levels — individual user, clinic, hospital, and system. Studies of
the implementation and use of health IS have focused on different clinical roles or settings: the
physician (Bhattacherjee & Hikmet, 2007; Gagnon et al., 2016; Kohli & Kettinger, 2004), the
nurse (Carayon et al., 2011), the hospital (Angst et al., 2017; Baird et al., 2017; Chiasson &
Davidson, 2004; Davidson & Chismar, 2007; Park et al., 2015), and the government (Braa et al.,
2004, 2007). Physicians play vital roles in clinical patient care and thus are critical users of EHR
systems. Moreover, in the past, much of the resistance to EHR implementation has come from
physicians. However, there is also evidence of other roles influencing EHR usage. (Venkatesh,
Zhang, et al., 2011). Therefore, studying all users’ use of EHRs is essential for understanding and
monitoring EHR implementation effectiveness. It is important to understand the use of EHR
systems at both the individual level, where healthcare professionals use EHRs in their patient
care, and the organizational level. Physicians and other hospital staff communicate with each

other through social networks, professional mentorship, research collaboration, patient care, and

3 HealthIT.gov - EMR vs EHR Difference (https://www.healthit.gov/buzz-blog/electronic-health-
and-medical-records/emr-vs-ehr-difference)




administrative committee membership. Through these interactions, users engage in

organizational learning that influences EHR implementation beyond their individual use.

Research Question

This dissertation will address how extended use of an EHR system may develop after its
initial implementation as individuals gain experience with these complex technologies, as well as
whether their productive use of EHR systems improves as a result of experience and extended
use. The three primary research questions are addressed below:

RQI: Does a user’s extended use of an EHR system's features develop with

increasing IS experience, and what are the implications of extended use for
user task performance within the EHR system?

Research question 1 is addressed in “Chapter 5. Study 1 — Development of Empirical
Constructs,” where the constructs of extended use and task length are developed for further
studies. RQ1 is also addressed in “Chapter 6. Study 2 — Comparative Analysis of EHR Usage
Amongst Groups,” where correlation and linear regression are used to examine the relationships
between extended use, experience and task length. Finally, RQ1 is decisively answered with
structural equation modeling in “Chapter 7. Study 3 — EHR Usage Structural Equation Model.”

RQ2: Are patterns of extended use and task length different for various groups?

This question is the primary topic of “Chapter 6. Study 2 — Comparative Analysis of EHR
Usage Amongst Groups” where I examine the relationships among control variables using
independent sample t-tests.

RQ3: Given extended use and controlling for known factors, does a user’s

increasing experience using the EHR improve their efficiency in performing

tasks in the EHR?



Research question 3 is addressed in both “Chapter 6. Study 2 — Comparative Analysis of
EHR Usage Amongst Groups” and “Chapter 7. Study 3 — EHR Usage Structural Equation
Model.” Study 2 examines RQ3 using correlation and multiple linear regression, while Study 3

builds upon Study 2 using structural equation modeling.

Contributions

This research answers calls to arms for more health IT research and EHR studies
(Davidson et al., 2018; Kohli & Tan, 2016; Romanow et al., 2012). In particular, this study
addresses the limitations of previous EHR implementation and use studies (cross-sectional,
survey, qualitative interviews) by using actual system log data and a longitudinal design, thereby
allowing for the detection of change patterns in extended use and productivity over time. The
research advances understanding of the concept of “extended use” by its association with user
productivity. In these ways, this study will help integrate a clearer understanding of the extended
use literature into health IT research.

There are multiple practical outcomes of this research study. The analytic methods I
develop and apply to the EHR use data will help establish metrics that could be critical for
assessing adequate progress in implementing EHRs. The study highlights the potential for, and
issues with, user productivity improvements that might be gained by fully utilizing the features
in an EHR system. In the face of growing pushback from physicians related to EHR use (e.g.,
physician burnout) and investments in costly alternatives (e.g., scribes), the study will help
inform both administrators and physicians about the potential to improve physician productivity
and efficiency through full and effective use of the EHR system’s features. The study will help
hospital administrators understand the impact and learning required to reach full use of an EHR

system by creating organizational initiatives such as training campaigns, sharing time-saving



macros, or identifying more efficient users. The research developed in this study could help plan
timelines for the implementation and training required to reach extended use.

This research will also help the author understand how a manager can assist the effective
deployment and implementation of an electronic health record system. My background as a
military officer in health information technology, and my experience with federal acquisitions,
have left me well-positioned to make changes from within. Through data analysis of information
produced by the system, I expect to be better able to identify gaps in training, unused features,
and communication issues related to EHR use.

The remainder of the dissertation is organized as follows: I present the theoretical
foundations for this research in Chapter 2, building upon system and extended use literature. I
then define my research model and propose the hypotheses that will be investigated in Chapter 3.
In Chapter 4 I go on to describe the research design, context, and development of the constructs
in the research model. I then analyze each of three studies individually in Chapter 5 through 7.
Finally, I discuss the major implications of the research, along with its limitations and

conclusions in Chapter 8.



Chapter 2. Theoretical Foundation
The proposed research questions draw from and build upon several IS literature research
streams. The first concerns information system use and later developments of extended use in the
post-adoption phase. The second research stream relates to organizational learning and seeks to
understand how and why an organization generates and diffuses knowledge. This study also
builds on earlier research on the implementation and use of health IT and, in particular, EHR use

by physicians.

Individual IS Use

Understanding how and why an individual utilizes a given information system has been
the subject of considerable research in the IS field. The practical reason for this is that
organizations invest significant resources (time and money) in the success of information
systems. If few employees use the system, the investments and expected benefits will not
materialize. The general issues with the individual use of information systems that previous
research identify also apply to the EHR systems; although contextual factors must be accounted
for. This section examines research findings from the system use literature and then highlights

literature focusing on extended use to obtain more substantial practical benefits.

System Use

The system use research stream began with the technology acceptance model (TAM),
which states that for an individual to form an intention to utilize the system, they must perceive it
as both useful and easy to use (Davis, 1989). TAM’s applicability has held true for numerous
technologies. The TAM is also applicable at the organizational level, where an individual’s
intention to use a system was swapped with the organization’s decision to adopt it (Gangwar et

al., 2015). One of the TAM's limitations is that the dependent variable is the intention to use, not



actual use. In the TAM2, Venkatesh and Davis attempted to rectify this by tracking usage
behavior over time in both mandatory and voluntary use settings (2000). Their findings showed
that perceived usefulness, and perceived ease of use were significant predictors of system use
intention over time, as well as, actual system use. However, their longitudinal study lasted 3
months, and their data about usage behavior were collected via a survey question, not
observations of actual use.

The unified theory of acceptance and use of technology (UTAUT) rectified and corrected
for the limitations of the TAM2. The UTAUT model incorporated eight different models of
acceptance with 5 months of longitudinal system log data (Venkatesh et al., 2003). The UTAUT
model is useful as a predictor in many settings, but what about in a hospital? In an adaptation of
UTAUT to EHR systems, Venkatesh, Sykes, et al. (2011) proposed that voluntariness of system
use (i.e., does a user have to use the system) would not be present in physicians for EHR system
use. They however found evidence that voluntariness predicted the intention to use. It is worth
nothing, in early EHR implementations, hospitals did not mandate that physicians use the EHR
system, but mandatory use is more common today. The UTAUT model suggested that the
mandatory use of a system had a more substantial effect on a user’s behavioral intention to use
the system, but not their actual usage (Venkatesh, Thong, et al., 2011).

Bhattacherjee and Hikmet (2007) applied the TAM in a healthcare context by surveying
700 doctors at a large hospital that had deployed a voluntarily used EHR system in the early
2000s. Only a quarter of the physicians used the system regularly despite having what many
practitioners and scholars would agree were excellent principles for enterprise system
implementation: The hospital implemented convenient one-on-one training from a dedicated

team, had a steering committee with physician representation, and had a robust infrastructure to



prevent technical issues (Bhattacherjee & Hikmet, 2007). The presence of these implementation
principles meant that there was another reason (or reasons) physicians were actively resisting the
EHR system. The researchers found the physicians who perceived the EHR system as a
professional threat were less likely to use the system out of fear of “loss of control over their
work” (Bhattacherjee & Hikmet, 2007). This study highlighted that, in healthcare, system
implementers not only have to work through issues concerning ease of use and usefulness of an
EHR system, they also have to deal with user resistance from physicians, who are accustomed to
a large degree of professional autonomy and authority, as a barrier to EHR implementation.

Perceived usefulness and ease of use have been significant predictors of intention to use
in nearly all systems use literature. Examination of actual usage, system use in a healthcare
setting, and the voluntariness of using the system have yielded interesting conclusions, but those
factors tell only part of the story of system use. Burton-Jones and Straub (2006) developed a
conceptual understanding of system usage that began to incorporate the extent of system usage
between system, user, and task. They framed that looking beyond the antecedents of system use,
at post-implementation system use behaviors to more comprehensively understand the full

effects of information system use, but were difficult to research.

Extended Use

Users begin to learn a system by testing its features and applying them to their work after
their organization adopts an IS. Most users utilize only the basic features required to do their job
(Jasperson et al., 2005). Also, not all available features are necessary to use the system, and
many users may use only a small subset of potentially valuable, even powerful, system features.

Understanding the difference between the features that are available and those that are actively



used can inform managers’ understanding of whether and how benefits from the system might be
realized.

The concept of extended use, or “using more of the technology’s features to support an
individual’s task performance” (P.-A. Hsieh et al., 2007), has developed in the IS literature.
Similar IS concepts include depth of interaction, or how much of an IS’s functionality a user uses
(Kane & Alavi, 2008). System exploration, a related concept, is the extent to which users
experiment with features and explore new ways to use the system (Peng & Guo, 2019). All these
concepts rely on the user’s exploration and use of features to improve their work performance
once a system has been made available to them (i.e., by implementation in their organization). .

In a cross-sectional survey of the extended use of an ERP system in a mandatory use
setting, extended use was found to be significantly correlated with perceived ease of use (P.-A.
Hsieh et al., 2007). The researchers posited that because of the mandatory nature of the ERP
system, users were more likely to be familiar with the system and explore additional system
functionality. An individuals’ satisfaction with information system use and the perceived
usefulness of the IS were not significant factors contributing to their feature exploration. The
construct of extended use was measured by two survey items that asked if a user used most of the
features of an ERP system and if they used more features than their peers did in a given month.
Hseih et al. (2007) noted limitations to their study by being cross-sectional and using
respondent’s self-reports as its measure of extended use

In another cross-sectional survey, this one of an EMR system implementation, Raymond
et al. (2015) hypothesized that extended EMR use would be positively associated with enhanced
performance benefits. They defined the performance benefits in terms of the quality and

efficiency of care by the physicians, as well as the practices’ economic (increased revenue),
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social (increased community access to care), and operational performance (reduced no-shows).
The researchers found that extended use of the EMR system resulted in clinical performance
benefits and that the clinical features of the EMR explained the most variance in extended use.
However, the researchers measured the extended use of the EMR system through survey
questions and a binary indicator (used or not, with no time frame) of whether a physician used
the extended functionalities of the system, limiting the conclusions that could be drawn from the
study (Raymond et al., 2015).

In a similar study, Paré et al. (2015) surveyed 331 Canadian family medicine physicians,
hypothesizing between the relationship of individual and environmental factors affecting
extended EHR system use and changes in performance. Using the same definition of extended
use of an EHR system as Raymond et al. (2015), the researchers found that the physicians used
only 65% of the features available to them and that only the clinical and communicative features
were significantly related to a change in task performance (Paré et al., 2015). The researchers
also conducted a cluster analysis to assess individual differences between advanced and basic
users, finding prior EHR experience, gender, and perceived ease of use were the significant
predictors of advanced use (Paré et al., 2015). Finally, the researchers found that the advanced
EHR system use had the most impact on their task performance.

Effective use of the EHR system requires that users utilize the features available to them.
Previous IS studies of EHR extended use have relied on surveys and have involved limited
research designs that collect data at a single point in time and thus do no assess change over
time. They have also relied on users’ self-reports of their extended system use. A study that uses
system use data to corroborate how extended use evolves would add considerable value to the IS

literature.
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IS Use in Organizations

EHRs and other enterprise-wide systems have implications not only for individuals, but
also for how the organizations benefit (or fail to benefit) from the information system. Research
conducted at the individual, group, and organizational levels is essential for understanding the
dynamics of use, effective use, and system outcomes in organizational information systems.
Focusing on only one level yields an incomplete picture of IS outcomes. However, according to
one study, multi-level research accounted for less than 10% of IS research in one study (Hah &
Bharadwaj, 2012). To understand EHR use at multiple levels, it is necessary to examine how
organizational constructs, processes, and outcomes are similar to and different from individual-
level phenomena. This can be done by first understanding what goes into the decision to adopt an

IS and then understanding how an organization learns and grows toward effective use of that IS.

Organizational Assimilation of EHR Systems

Understanding how and why an organization decides to adopt a given information system
has been the subject of considerable research and many theoreies from the technology-
organization-environment (TOE) framework proposed by DePietro et al. (1990), to Moore and
Benbasat’s diffusion of innovation (DOI) theory (Moore & Benbasat, 1991), and lacovou’s
(1995) adoption model. The shared weakness of these theories is that they end at the adoption
decision, similar to the way TAM ends with the intention to use a system. Thus, these theories
are not helpful in situations where an information system is already in use at an organization, or
is required by external agencies, as is now common in healthcare.

In 2009, the United States Congress passed the Health Information Technology for
Economic and Clinical Health (HITECH) Act. This law updated Health Insurance Portability and

Accountability Act (HIPAA) compliance penalties, ensured that healthcare organizations
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maintain privacy and confidentiality, and provided incentives for physician practices and
hospitals to implement an EHR system.® Cooper and Zmud (1990) considered an IS successfully
implemented when its full benefits are realized. Similarly, the U.S. Government requires
healthcare organizations to “meaningfully use” an EHR system to improve coordination of care,
issue prescriptions, conduct health information exchanges, and improve population and public
health to receive the incentives specified in the HITECH Act. The idea is that just making the
decision to adopt EHRs is not enough; the system must be meaningfully used to improve patient
care. For U.S. physician organizations and hospitals that have participated in the HITECH
program, the organization's main question has been how to successfully implement the EHR
system and comply with the “meaningful use” criteria. Despite these mandatory criteria, in-depth
studies have indicated that physicians have retained considerable autonomy with respect to how
they use EHR system features and whether their use extends beyond cursory adoption (Baird et
al., 2017).

Reaching meaningful use by fully implementing an enterprise information system may
cause considerable change within an organization (Silva & Hirschheim, 2007). Davidson and
Chismar (2007) studied how organizational change occurs in a hospital when it implements a
new CPOE system (a precursor to a full EHR). By looking at both the technology and
institutional triggers, they noted out how roles had to adapt over time to adjust to the new CPOE

system. Physicians were required to have more advanced computer skills as many paper-based

6 HIPAA Journal - What is the HITECH Act? (https://www.hipaajournal.com/what-is-the-

hitech-act/)
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tasks (e.g., signing a prescription) became computer-based tasks, and they needed to amass
greater knowledge of the CPOE system. The researchers also noticed that hospital staff became
even more entangled with and dependent on the CPOE system, as it became the catalyst that
brought the disparate clinics to operate and communicate better together. One of Davidson and
Chismar’s (2007) core findings was that deference to physician preference on HIS use led to
inefficiencies in use and may also have prevented future optimal changes from occurring.

The research on physicians’ impact on EHR implementation and use continued. In a
multi-level survey study on EHR adoption in Canada, Gagnon et al. (2016) found that
organizational level characteristics had little effect on EHR adoption, but individual physicians’
characteristics did. In other words, the size, region, or setting of a given hospital had little to do
with why its physicians used the EHR system. However, the researchers found that the
professional and social norms, computer self-efficacy, and personal identity of the physicians did
correlate significantly with EHR use. Gagnon et al. (2016) stated as a limitation of their study
that it was a cross-sectional survey with a low response rate—a limitation that could be
overcome by a longitudinal study. Moreover, the study’s sample population included only
independent physicians whose EHR use was voluntary, which could have affected the behavioral
intention to use the EHR system.

Lapointe and Rivard (2005) tackled the concept of resistance to IT implementation using
a multilevel, longitudinal approach with three case studies of both successful and failed hospital
EMR implementations. They identified five factors of resistance to IS: behavior, threat, initial
conditions, the object of resistance, and subject (individual or group). For example, a physician
might resist the EHR implementation by signing a petition because of perceived threats to their

power. The researchers concluded that resistance evolves during implementation and can
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influence the next stage of resistance. They noted that once there is a convergence of resistance
at the group level, it becomes nearly impossible to successfully implement an EHR system
(Lapointe & Rivard, 2005).

Starting with the understanding that an EHR system does not end with implementation
and must reach meaningful use, Burton-Jones and Volkoff (2017) attempted to contextualize
effective use in a Canadian community care network. Knowing that physicians can be both a
barrier to information flow and help propagate information throughout an organization, the
researchers evaluated effective use as the actualization of affordances to achieve certain
outcomes. The physician affordances included decision-making at multiple levels, reporting, data
entry, data access, and coordination (Burton-Jones & Volkoff, 2017). For physicians to obtain the
desired outcomes, the EHR affordances must be effectively used. Effective use, as understood by
Burton-Jones and Volkoff, includes accurate data inputted and retrieved, consistent utilization
and meaning, and reflection of the patient and user in the EHR system. Therefore, an
organization can achieve more effective use of their EHR by training and relaying more
information to physicians on how their EHR use fits into the larger scope of patient care. The
study’s primary limitations included being a single-site case study with observational and
qualitative interviews.

Researchers have also looked at the investment viability of EHR systems. One study
sought to determine if a hospital’s financial performance and productivity were related to its
meaningful use and investment in health IT (Hah & Bharadwaj, 2012). However, answering this
question from a single hospital’s perspective would give only a portion of the picture. Hah and
Bharadwaj (2012) surveyed 2,557 hospitals over 3 years, evaluating their performance across

time, across states, and nationally. The researchers found that meaningful use and health IT
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investment were better than time alone for improving a hospital’s financial performance and
productivity.

From these studies, it can be concluded that the meaningful and effective use of an EHR
system requires considerable experience. The organization will undergo changes at many levels
(Davidson & Chismar, 2007) and require overcoming resistance to the system (Lapointe &
Rivard, 2005). In addition, the users must also overcome the changes inherent with
implementing a new EHR system (Gagnon et al., 2016). However, after overcoming these
changes, the effective use of the EHR system is shown to improve the performance and
productivity of the hospital (Hah & Bharadwaj, 2012) and increase desired patient outcomes

(Burton-Jones & Volkoft, 2017).

Advancing Enhanced Use of IS Through Organizational Learning

Understanding how an individual learns, grows, and adapts to using a system over time is
important, but organizational information system use is measured within the context of
individual system use. Thus, understanding how extended use relates to organizational learning
processes can bring insights into the translation of individual system use to organizational
learning of information systems.

Fiol and Lyles (1985) defined organizational learning (OL) as the process of improving
actions through better knowledge and understanding. Fichman and Kemerer (1997) integrated
OL theory into the study of how organizational software process improvement (e.g., adopting a
new enterprise IS) are adopted and assimilated into organizations, building on the organization’s
bundle of skills and knowledge to use a technology effectively. Lapré and Nembhard (2011)
defined organizational learning as an ongoing effort of an organization to obtain better

knowledge in order to improve its performance. What these definitions have in common is that
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organizational learning involves an improvement in knowledge for the benefit of the
organization.

Research on organizational learning has arranged itself into three primary research
streams (Basten & Haamann, 2018): organizational knowledge creation theory, the five building
blocks of OL, and single- and double-loop learning. Organizational knowledge creation theory
suggests that OL involves dynamic processes of conversion between tacit and explicit knowledge
(Nonaka, 1994). Explicit knowledge is transferred by written procedures and verbal training,
while tacit knowledge is gained through experience. One example of tacit knowledge conversion
for OL is the sharing of problems and how they were solved among technicians. The sharing of
knowledge contributed to improving technician problem solving abilities allowing them to solve
problems that the individual has never personally encountered, but the group has.

Single- and double-loop learning takes a human action approach to learning, where the
act of learning through interacting with others (Argyris & Schon, 1997). In single-loop learning,
the organization learns from consequences and rectifies the mistake or issue. Double-loop
learning also involves learning from consequences, but involves correcting organizational values
as well (Argyris & Schon, 1997). An example of this is a hospital whose decision to deny
administrative assistants access to the EHR system because of privacy concerns causes patient
scheduling issues. The organization could create a separate process for scheduling and integrate
appointments with the EHR (single-loop), or they could address the privacy concerns and
provide administrative assistants with role-based access that could correct the underlying issue
(double-loop).

The five building blocks of OL involve creating an organization devoted to improvement

that results in greater effectiveness or competitive advantage and includes learning from past
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experience, learning from others, experimentation, problem-solving, and knowledge transfer
(Garvin, 1993). These OL building blocks are not entirely different from the previous two
research streams, yet they are easier to understand. Past experience, knowledge transfer, and
learning from others are included in the organizational theory of knowledge creation, while
problem-solving and experimentation appear to be at the heart of single- and double-loop
learning.

What these research streams have in common is that organizational learning occurs in
many forms, but it has the capability to improve the effectiveness of the organization in which it
occurs. In the context of health and information systems, clinics and hospitals learn by
aggregating knowledge of individual EHR use and awareness. Reardon and Davidson (2007)
applied Fichman and Kemerer’s (1997) OL theory to the study of EMR adoption in small
physician practices, as an organization must first learn about an EMR system before learning
how it can be used more effectively. The researchers found that the resources required to
overcome the barriers to improving the organizational learning necessary for EHR assimilation
were not always available. By facilitating organizational learning, the clinics that used many
other information systems or were growing in size were better at overcoming the learning
barriers associated with integrating and implementing an EHR system.

Once an EHR system is in place, knowledge and awareness must be disseminated
through various meetings, emails, training events, policy memos, and social interchanges. Using
a combination of quantitative and qualitative data, Zheng et al. (2010) evaluated the work
practices that complement HIS implementation, and found that promoting teamwork, training,
communication, and discretion led to higher HIS use. The researchers argued that discretion

about how the system could be used led nurses to explore and adapt the system to their
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workflows. However, it could also be argued that teamwork and communication exemplify the
organizational learning of the hospital. In a small social network analysis, voluntary EHR usage
was found to be significantly influenced by interactions with friends, meaning that OL improved
by learning from others (Zappa & Robins, 2016). Another study showed that most knowledge
transfer ties occur within groups, and some out-of-group learning occurs when group members
have professional or social connections (Baird et al., 2017).

While knowledge transfer occurs mostly through known ties, Baird et al. (2017) aimed to
determine if it could be improved. The researchers facilitated EHR assimilation in small
physician practices by forming external communities of practice. They found that knowledge
sharing was critical for overcoming resource limitations and resulted in each practice embarking
on electronic prescriptions (2017). These studies noted that organizational learning does occur
within the healthcare setting and sometimes concerns improving EHR usage. However, this does
not yet answer the question of whether organizational learning has organizational performance
benefits.

Kane and Alavi (2008) theorized that in some organizations many users are required to
use multiple information systems, and the interaction between these systems may impact
organizational performance. Kane and Alavi studied this relationship in a healthcare
organization, where the interplay between the various patient and physician-centric information
systems can be measured in a more direct manner. They found that the frequency and depth of IS
use combine to create the tie strength between the nodes (people and systems). As users work
together, they share information with each other about using the system to help improve their
own IS use. Therefore, if a physician uses a specific information system frequently and broadly,

they become a de facto expert that their organization will seek out. The researchers found that the
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more prominent nodes (people or system) were significantly related to both efficiency (e.g.,
getting patients seen quickly) and quality of care (e.g., proper treatment of chronic conditions)
(Kane & Alavi, 2008).

Kane and Labianca (2011) qualitatively examined IS avoidance in a multi-level
healthcare context. They used IS avoidance as a proxy for a physician's resistance to using an
EHR system. This study found that the prominence of an [S-avoiding physician in their
organization was significantly correlated with degraded patient care. In other words, if a
physician chooses not to use the system but is a critical figure in a patient care workflow, the
quality of patient care tends to be reduced. Kane and Labianca (2011) hypothesized this could be
due to a bottleneck of information flow similar to that in Kane and Alavi’s (2008) findings. In
other words, these two studies revelead how EHR use and information sharing impact
organizational effectiveness and efficiency.

These studies on organizational learning showcased the various means through which
organizational learning occurs and is measured. In addition, the organizational learning
perspective provides a means to understand how an organization improves, learns, and grows,
specifically when discussing the implementation of an information system that can bring about
widespread changes. Understanding these changes is critical for reaching full effective use of an

electronic health record system.
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Chapter 3. Research Model
Based on the numerous research opportunities identified in Chapter 2. Theoretical
Foundation, my specific areas of interest are understanding how information system use—at both
the individual and organizational levels—following the implementation of an electronic health
record system changes and adapts over time toward a more robust, extended, and productive use
of the system. By utilizing system use log data, my research investigates the relationship between
users’ experience with an EHR system, the expansion of extended use with experience, and the

implications for efficient use of the EHR system (e.g., do the users get better?).

Individual-Level Analysis

Physician burnout affects 44% of doctors across all specialties, with 32% citing
computers as the primary cause.” Another study found that primary care physicians spend the
same amount of time in front of a computer that they spend treating patients (Wears, 2014). For
physicians, burnout is related to decreased quality of care and more medical errors. It also leads
physicians to avoid stressors by reducing clinical working hours, thereby reducing appointment
availability (Bishop et al., 2015). However, although time spent utilizing an EHR system can
have adverse effects, it can also lead to individual growth and adaptation when using the EHR
system.

Many physicians find HISs difficult to use (Ehrenfeld & Wanderer, 2018; Guo et al.,
2017; Shanafelt et al., 2016), which according to the technology acceptance model (TAM),

should reduce their intention to use these systems. Some clinics have attempted to create more

7 Medscape National Physician Burnout, Depression and Suicide Report
(https://www.medscape.com/slideshow/2019-lifestyle-burnout-depression-6011056)
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customized approaches that improve efficiency and cognitive load by decreasing the “click
burden,” — that is, the number of clicks required to perform a job (Guo et al., 2017).
Researchers found that when an emergency room lessened the click burden, this reduced
burnout, increased job satisfaction, and improved patient safety (Guo et al., 2017). Improving
task length may lead to potential benefits that could counteract the increased burnout caused by
using the EHR system and rebalance the time spent in front of the computer in favor of patient
interaction. That is why analyzing clicks within the EHR system is a goal of my research.
Logically, when an individual first begins learning a system, it will take them longer to navigate
and utilize the system correctly. As users increase their experience using the system, they can
better navigate the interface to complete their tasks.

A system that is difficult either to use or to learn lessens the intention to use it and can
lead to higher frustration levels, burnout and lower job satisfaction. The research model for this
study (Figure 1) highlights and hypothesizes the posited interactions of individual system use,
extended use, and EHR task length. The model suggests that as system experience is gained, task
length will also improve. In addition, extended use of the system will positively mediate the

relationship between system experience and task length.

EHR System Use
Experience

H1 > EHR Task Length

EHR Extended Use

Figure 1. Individual Model on Task Length
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EHR System Use Experience

In this section, I hypothesize specific empirical outcomes based upon research question 3:
“Given extended use and controls, does a user’s increasing experience using the EHR system
improve their efficiency in performing tasks in the EHR?” Understanding how an individual uses
an EHR system over time is the basis for the first hypothesis. The foundational theory of the
learning curve helps explain this effect. A learning curve is a measure of learning over time in
which there is an initial decrease in productivity and then a gradual increase in productivity as an
individual or organization learns how to complete a task (see Figure 2). A study by Bhargava and
Mishra (2014) showed a learning curve for post-EHR implementation that is relevant to the
hypothesized decreasing task length over time. Bhargava and Mishra measured productivity with
standard medical terminology — Relative Value Units (RVUs). RVUs measure the equivalent
value of a given procedure compared to other procedures and are used to calculate

reimbursements by Medicaid (Bhargava & Mishra, 2014).
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Figure 2. Post-EHR Implementation Learning Curve (Bhargava & Mishra, 2014)
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My study used EHR usage data without tapping into patient information, which
prevented calculating RVUs. In this research, I looked specifically at task effort. To compare
similar productivity measures, productivity can be assed in terms of efficient system use. System
use is quite broad, and in order to narrow it, I examined verifiable activities. For example, one
common task EHR users encounter is documenting a patient encounter. This documentation can
be verifiably measured using the time spent documenting per patient seen and the average time
spent in the EHR per patient. Both would measure the effort of working with patients and using
the EHR system to support that task. Another measured was the reduction in number of clicks
used to complete a specific task. The number of navigation clicks used to complete a specific
task would ideally decrease over time as a user increases their familiarity with the system. The
measure of a provider’s time using the EHR system and the “clicks” (e.g., interactions with the
interface, pages viewed, and so on) they use to accomplish specific tasks together yield a
measure of task length.

The learning curve is a process of adaptation over time. The time element is an indicator
of the information system experience. Experience with an information system is commonly
assessed by how long and how frequently the system is used. As a user acquires experience over
time with the EHR system, they should improve their efficiency in using the system for
documenting patient encounters. The other common measurement of system experience is
frequency. A user will likely use the system only when required, that is, for each patient visit. A
user who sees more patients may improve faster by acquiring experience with the EHR system
more quickly in a given period of time. Measuring IS experience as frequency and duration of

system use, I hypothesized the following:
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HI.  As auser’s EHR experience increases, their EHR task length will decrease.

EHR Extended Use

In this section, I present hypotheses based upon research question 1, “Does a user’s
extended use of an EHR system’s features develop with increasing IS experience, and what are
the implications of extended use for a user’s task performance within the EHR?” Extended use
develops when the users of a system go beyond basic use and begin to explore and utilize other
software features to their full effect. Following earlier studies of EHR extended use (Paré¢ et al.,
2015; Raymond et al., 2015), I defined these extended features as the clinical, communication,
and advanced features available to their use. This is discussed further in Chapter 4: Defining
Core Variables and Constructs and this construct is refined further in Chapter 5. Study 1 —
Development of Empirical Constructs. I believed that users would explore more functionality of
the EHR system over time, as suggested by other researchers (J. Hsieh & Wang, 2007). Do all
users use more of the system over time? Or is this only true of those apt at using technology?
Does a baseline threshold of EHR features need to be met? These questions are explored in the
examination of the mediation of EHR experience on EHR task length by extended use.
Therefore, I hypothesized the following:

H2.  As a user gains experience using an EHR system, they will utilize more
functionality of the EHR system.

One area of interest at the individual-level is advanced users—individuals who have learned to
use the system well enough to fully exploit it to their benefit. For example, users who have
learned to use advanced Excel functions (such as pivot tables, macros, or conditional formatting)
can utilize this software program to greatly expand the tasks they can perform with the software.
With EHR systems, a user who has learned about and adopted extended use practices will be

more efficient at utilizing the system than other users. Therefore, I hypothesized the following:
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H3.  The more features a user handles in the EHR system, the more improvement in the
user’s task length.

Group Comparison Differences

While investigating how an EHR system is used at the individual level, it is also
important to evaluate the differences in EHR use and efficiency. These differences are common
setting and study differences in the EHR literature. These comparisons are evaluated under the
guise of research question 2— “Are patterns of extended use and task length different for various
groups?” I made no specific hypotheses regarding these differences.

When discussing IS implementation, the size of the facility is often a predictor of IS
adoption and success. The reason is typically that additional resources in time and money allow
for more “waste” to occur without crippling the underlying organization. The opposite is true for
smaller organizations, where a bad misstep in IS implementation could have dire results.
Therefore, the post-implementation usage of an EHR system should be analyzed in light of the
differences between hospitals and clinics.

A critical question of EHR usage is the effect that different providers’ specialties or roles
have on learning and use. Different providers use the EHR system for the benefit of their
patients, but that benefit is different depending upon the specialty. For example, an ER visit with
documentation of applying stitches is vastly different than a visit for, and documentation of, the
ongoing treatment of diseases. These differences in specialties may be apparent in EHR use and
should be considered. In addition, the roles an individual takes on at a healthcare facility may
also impact their EHR usage. For example, do nurses and physicians use EHR systems
differently? They both have specific roles, and that may manifest itself in their EHR usage, the

features they use, or the task length.
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The implementation of an EHR system in many hospitals and clinics over a long period
of time raises the question of whether an organization learns from its prior mistakes in future
implementations. That is, does an organization make the most of a given system? Organizational
information systems use can be examined in two ways: as a simple summation of IS use by
individuals in the organization or as a collective achievement that is greater than the individual
efforts. The latter approach is taken in organizational learning theory and research, particularly
research on how learning may manifest and be sustained within an organization beyond the
learning of individuals. Evidence of organizational learning in EHR use might include more
rapidly improving task length in later implementation waves. By comparing the first
implementation wave to subsequent implementation waves, this study sought to reveal a

discernable difference.
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Chapter 4. Methodology and Research Design

Many studies have researched the implementation of EHR systems using survey data or
case study methods (Gagnon et al., 2014; Kane & Labianca, 2011; Raymond et al., 2015; Tavares
& Oliveira, 2016). However, little research on actual usage data can be found. Empirical studies
can complement qualitative findings and provide a level of precision and objectivity that self-
reported data or retrospective interviewing cannot achieve. A robust EHR usage data set would
ideally be longitudinal so that change over time could be assessed, and it would include data at
the individual user level. This study focused on EHR users. Information about each user’s
organizational unit and specialty (if a physician) allowed me to control for differences due to
these well-known factors and allowed comparisons at the organizational level. The data were
sufficiently detailed about the features used and efficiency of use to the support this analysis.

This study is premised on a data set from a massive implementation of an EHR system in
the U.S. military. As a member of the military, I was able to negotiate access to these data
(following institutional review board approval and privacy-preserving techniques). The sections
to follow describe the study context, data set, data cleaning, and data coding, as well as, the

research design and analytical techniques.

Study Context
The Military Health System (MHS) is one of the world’s largest health systems, with
over 9.5 million beneficiaries, 200,000 providers, 424 clinics, and 51 hospitals.® With the

introduction of the Composite Health Care System (CHCS) in 1988, the MHS was also among

8 Military Health System Health and Dental Facilities (https://www.health.mil/I-Am-
A/Media/Media-Center/MHS-Health-Facilities)
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the first health systems to begin to digitize health records. However, one of the CHCS’s major
deficiencies was its inability to communicate globally and the fact that it required
servicemembers to print their health records and bring them to each new duty station (every 2 to
3 years). In 1997, the MHS recognized the need to digitally integrate medical records, and it
planned to replace the CHCS with the Armed Forces Health Longitudinal Technology
Application (AHLTA). The MHS encountered issues with the deployment of AHTLT, which was
initially expected in 1999, but instead occurred from 2003 to 2007. Moreover, AHLTA was not a
complete replacement of CHCS, so both systems are still in use today. Other HIS's in use by the
MHS include inpatient, dental, and combat casualty care record systems.

In 2008, after numerous issues with maintaining accurate health records of injured war
veterans between the MHS and VA, the United States Congress mandated that the two agencies
create a lifetime servicemember electronic health record. The idea was a Soldier, Sailor, or
Marine entering basic training today would have a medical record that would cover them through
retirement and into the VA’s care. Because of the custom software of both the VA’s and MHS's
EHR systems, a truly integrated solution was determined to be too costly, and an acquisition
solution was evaluated. In 2015, the U.S. Department of Defense (DoD) awarded the MHS EHR
contract to the Leidos Partnership for Defense Health implementing a commercial-off-the-shelf
(COTS) EHR - Cerner’s Millennium EHR platform.

After 2 years of preparation and workflow identification, in 2017, the Defense Health
Agency (DHA) began implementing a Cerner-based EHR system in military hospitals and clinics
in the Pacific Northwest of the United States. The DHA rollout plan implements the EHR system
in waves, expanding globally over until 2023. The VA’s rollout of Cerner’s platform just started

in October 2020.
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Physician use data from the rollout of this EHR system were well-suited for my study for
several reasons. First, EHR was not a new concept in this setting. EHR systems did not introduce
and completely overhaul paper processes and workflows to meet HITECH requirements like the
subjects of other studies (Baird et al., 2017). Moreover, reducing the scope of the change
evaluated to the EHR system limited the potential variance (unlike studies that also include
initial digitalization of processes). Next, EHR use is mandatory within the MHS. When the use
of an EHR system is optional, physicians may limit system use because of various perceived
barriers, such as perceived loss of power (Lapointe & Rivard, 2005). Third, the EHR system is a
COTS solution from one of the largest EHR system vendors.” Thus, the findings of this study
may be applicable to the implementation of the same or similar COTS software in other settings.
Moreover, the analytical methods used here will allow for replication of the findings in private
hospitals and voluntary use settings, as well as in other countries and cultures using the same
EHR package. Finally, the system provides individual system use data that managers can access.
These data are organized in multiple levels, and these metrics have been accumulated since the

initial implementation in 2017.

Data Collection
This research was submitted to the University of Hawaii at Manoa's Institutional Review
Board (IRB) on November 25, 2020. The research was submitted as exempt, non-human subjects

research because it consisted of the analysis of de-identified system use data. I received

® Cerner holds 26% US market share (https://www.healthleadersmedia.com/innovation/epic-
dominates-emr-market-share-wars-cerner-loses-ground)
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institutional review board approval from the University of Hawaii at Manoa on December 11,
2020 (Appendix E - Institutional Review Board Approval).

The Cerner EHR platform provides analytical software called Lights On Network. This
module captures data to analyze system performance, adoption insights, configuration, and
physician efficiency.!? It also allows for comparison across its clients. For example, a hospital
can compare its metrics to those of its peers, and it has the ability to define its peers (e.g.,
hospitals using the same Cerner version, teaching hospitals, public or private, or large or small
hospitals). This comparison allows the hospital to focus on areas in which they are lagging
behind their peers or showcase their relative successes. Figure 3 captures the time spent in the
EHR system per patient seen within the MHS, ranking and comparing it to peers across the
nation. The average time within the MHS implementation of Cerner is 21 min 33 s, while the

national average is 16 min 58 s.

Peer Comparison

Time in EMR/Patient

Peers

Figure 3. Cerner Advance Chart Showing Peer Comparison of Actual and Adjusted Time per Patient in
EMR System and Comparison to the National Average and National Leaders, Dated 9/29/20

10 Cerner Lights On Network - Ten Years of Transforming Data Into Knowledge and Action
(https://www.cerner.com/perspectives/lights-on-network-ten-years-of-transforming-data-into-knowledge-

and-action)
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The Lights On Network also contains a module that pulls data sorted by facility, position,
or specialty. There are over 400 different metrics that can be analyzed. For this research, I was
interested in a subset of 50 applicable metrics. These metrics primarily fell into the categories of
record information, PowerNote usability, charting, documentation, and workflow metrics. On
January 25, 2021, I downloaded each monthly dataset from 2017 through 2020 resulting in 48
CSV files ranging from 330 KB to 23,111 KB in size. I merged the 48 CSV files into a combined
file with 528,228 lines using the PowerShell command Get-Content *.csv | Set-Content
allMonths.csv. Each line in the resulting data set is of a single user in a given month, and a
particular location, position and treatment type (e.g., If Dr. Jill worked in August at Hospital X in

an inpatient and outpatient capacity, as well as at Clinic Y, this resulted in 3 lines).

Data Filtering

The purpose of this section is to detail what data were precluded from analysis, why these
data were excluded, and how many records this affected. Excel was used for the majority of the
filtering. The merged allMonth.csv included header rows and average rows for each month,
resulting in 95 extraneous rows. These records were either duplicates of existing information or
averages that could be calculated at a more refined level. Deleting these rows left 528,133
records.

Next, the data were filtered by facility. Evaluation of the list of unique facilities revealed
that some facilities were test locations, as indicated by a “zz” prefix (e.g., “zzMilitary Baseline
medical Center”). Test locations did not have the actual use data needed for my analysis and
were excluded on these grounds. I then filtered by test locations and deleted 1,516 records.

The next filter concerned the position of the users. Some positions were clearly

administrative only and were outside the scope of this analysis. Such positions included Database
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Administrator and DNA-Cerner Support. Some positions also included the test prefix “zz”. After
filtering for these criteria, I deleted 9,864 records.

Finally, when evaluating the list of user names, I noted a clear indication of a user naming
convention employed by the organization. This naming convention was
firstName.lastName.000*, where * was the number of individuals with the same name. Utilizing
Excel’s text filter with “.000*” as the criteria, I identified 3,473 records that did not meet the
standard naming convention. Many included “Cerner”, “Test”, or “Service” in the full name of
the individual or held a position of “View Only”. All usernames that did not conform to the

naming convention described above were removed, resulting in a data set of 513,280 records.

3,473 Non-

1,516
Test |

| conforming | Facilities /
Accounts  /
9,864
Test and
Admin
Accounts

Ve

513,280 Records

Figure 4. Filtered Records for the Data Set

Data Anonymization and Deidentification
The resulting dataset of 513,280 records included some individually identifiable
information—namely, full names and EHR usernames containing first and last names. As this

information was not critical to the research, and the IRB approval was for analysis conducted on
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de-identified data, I removed all identifiable data from the data set. I will detail the
anonymization method used below.

I had initially planned to use an MD5 hashing algorithm with a salt known only to me in
order to anonymize all users. The idea was that if an analysis of future records was required, I
could pair users with their prior records without identification of the underlying individual.
However, because the data would remain available from the source and 64-character hashes
cannot be statistically analyzed, I decided to use an alternate approach.

The users were ordered by username using a Python script because Excel could not
handle sorting half-million records (Code D-4. Python Code to Sort CSV Files by Column
“UserHash”). Once that data set was sorted, it was imported back into Excel, and an algorithm
was used to rename each user as a numerical value. The algorithm compared each username to
the username before it. If it was the same as the preceding username, then the same userID was
used; othewrise the userID was increased by one (Code D-6. Excel Formula to Determine
UserID). Upon adding the numerical userIDs to the dataset, I deleted the name and username

columns. The resulting anonymized data set was the basis for all presented in this dissertation.!!

Data Cleaning and Coding

This section describes the data cleaning techniques and data coding needed to perform
statistical analysis on this dataset. For example, the Mplus software does not allow for any letters
or missing cells before the computation of a structural equation model (SEM). Therefore, the

names of each hospital and position had to be converted into coded integers. I began by

' User records did not contain other individually identifiable information such as age, rank, date
of birth.
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describing variables computed from existing variables and then coding the existing variables,
such as specialty.

The data set originally included a time-period column, such as “4/1/2017” or
“12/1/2020”. Utilizing various Excel methods, I converted each time-period column into three
columns. The first was year (i.e., 2017, 2018, 2019, 2020). The second was month (e.g., Jan =1,
Mar = 3). The third column was a computational column entitled “CumulativeMonth”, which
indicated to which month in the 4 years’ worth of data the record belonged to (i.e., 1 to 48).

The dataset included a column for the facility of the record. For example, a physician
might work at “0125A — Hospital Name”. The “0125” is the Defense Medical Information
System (DMIS) identifier, which is an identifier of past and current DoD medical facilities.!?.
Utilizing the DMIS data dictionary, I was able to obtain additional information about each record
such as the state, military service component, facility type, and treatment type. This was done

using a modified VLOOKUP table, where the DMIS code was used as the key.

Table 1. Number of Records per Facility Type With Coding

Facility Facility Type Number of Records Coding

HOSP Hospital 314,222 0

CLINIC Clinic 98,291 1

CB-CLN Community Based 6,628 2
Clinic

DENTAL Dental Clinic 7,676 3

Others Coast Guard Clinic, 17,021 4

Reserve Clinic, VA
Facility, Theater
Hospital
INACT Inactive 5,634 -99

12 Defense Medical Information System (DMIS) Identifier (ID) Tables
(https://www.health.mil/Military-Health-Topics/Technology/Support-Areas/Geographic-Reference-
Information/DMIS-ID-Tables)
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Facility Facility Type Number of Records Coding

-1 Unknown, Not 63,177 -1
Available

With this information, I codified the resulting data into usable, delineable results.
Working on the coding of the facility types, I coded the largest set of records—hospital—as 0.
The next largest set of records—clinics—was coded 1. Many results were “Unknown”, or the
record indicated the location was “Not Available”. I coded these records as -1. The next two
types of records were community-based clinics and dental clinics, coded 2 and 3 respectively.
Last, I coded all other records as 4. The breakdown of records per facility type is included in
Table 1. Number of Records per Facility Type With Coding.

A field in the data set was labeled “Physician Indicator”. I initially coded this in a new
field labeled “IsPhysician” and made 0 equal to “No” and 1 equal to “Yes.” However, through
analysis of positions and a discussion with one of my peers, I discovered that this field actually
indicated whether a user had provider credentials and could perform certain actions in the
system. Therefore, I could not use this field as a basis for determining if a user was a physician,
nurse, technician or student. This led me to code both positions and specialties. The data set
included 256 different positions. These positions were manually coded into four categories:
doctor, nurse, student, and other (see Table 2). The full breakdown of position to position-code

can be found Table C-1. User Position in Hospital to Position Coding.

Table 2. Coding and Breakdown of User Record Positions

Position Code Description Number of Records Code

DOCTOR Doctor, Physician, PA 89,684 0

NURSE Nurse, RN, NP 177,501 1

STUDENT Student/Resident 21,675 2

OTHER Unknown, Tech, 224,419 3
LPN, Admin
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Specialty coding was based on whether a given specialty, as designated by the system
was a primary care specialty or not. Primary care was defined as family medicine, internal
medicine, OBGYN, pediatrics, and primary care. The last coding required was of the EHR
implementation wave. The data set included three implementation waves. The first included
hospitals and clinics in the Pacific Northwest in 2017. The second wave included hospitals and
clinics in northern and central California in the fall of 2019. The final wave included southern
California and Nevada in the fall of 2020. The facilities were matched to their wave based on
their location and the first EHRs appearing in the data set. They were coded 0, 1, and 2,
respectively. A few locations were coded 3 if their location was unknown.

One additional screening criterion needed was a checksum. This was calculated by
adding up all the non-descriptive factors. As all of these factors were numerical, a summation of
them indicated whether any associate data were included in the record. This was used as a way to

quickly identify or slice out individual records with no associated data.

Defining Core Variables and Constructs

This section describes how metrics from Cerner’s Lights On Network apply to the
concepts of interest: extended use, task length, experience, and control variables. These
constructs were operationally defined first. Study 1 statistically evaluated the task length and
extended use construct further. Table 3 provides an overview of the components of interest, as

well as the naming conventions used in later chapters.
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Table 3. Constructs With Their Lights on Network Definition

Construct Name

Operational Definition

EHR Task Length

EHR System Experience

EHR Extended Use
Specialty

Waves

Position

Facility Type

Comprises Time in EHR System (TL1), Documentation Time in

EHR System (TL2), Navigation Clicks per Order with Deviations

(TL3), and Navigation Clicks per Order Without Deviations (TL4).

--TL1 = The total time (minutes) spent in the EHR system in a time

period divided by the number of unique patients seen in the same

time period

--TL2 = The total time (minutes) spent documenting in the EHR

system in a time period divided by the number of unique patients

seen in the same time period

--TL3 = The total number of navigation clicks (mouse button, Tab,

arrow key) in a time period to include any deviation away from the

order screen divided by the number of notes in the same time

period

--TL4 = The total number of navigation clicks (mouse button, tab,

arrow key) in a time period not including any deviation away from

the order screen divided by the number of orders in the same time

period

Comprises EHR Use Duration (XP1) and EHR Use Frequency

(XP2)

--XP1 = The number of months with active data since account
creation

--XP2 = The cumulative number of patients seen since account
creation

--EU = The number of unique features used in a given time as

identified by counting all features with use > 1.

Categorical variable of the physician’s specialty. 0 = Primary Care,

1 = Other Specialties

Categorical variable of the implementation wave the hospital

participated in. 0 = Wave 1, 1 = Wave 2-3.

Categorical variable of the position or role of the user.

0 = Physician, 1 = Nurse, 2 = Student.

Categorical variable of the facility type. 0 = Hospital, 1 = Clinic

EHR Task Length

The dependent variable of interest at both the individual and group levels was is task

length. The dependent variable in a systems use study is often task performance. Task

performance is a measurement of effectiveness and efficiency (Addas & Pinsonneault, 2018). In

healthcare, effectiveness is typically measured by quality-of-care metrics or independent reviews

of the task performed. The EHR system use information does not provide any quality metrics
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related to patient care, but it does provide efficiency metrics. Considering that physicians
complain of burnout in part due to the time they spend using an EHR system, efficiency (and
hence reduction in time spent on the EHR system) is a valuable outcome of extended use gains.

I defined task length as a construct that can be assessed both in terms of navigation clicks
per note and time spent in the EHR system per patient seen. By measuring the active time spent
in the EMR system per patient seen, it is possible to determine how quickly a physician (on
average) completes the EHR-related work of a patient encounter. This then allows comparison of
their time to those of other physicians. The Lights On system recognizes inactive time as
whenever more than 45 seconds elapse between a click, keyboard press, or movement of the
mouse over a set distance. This inactive time—when a physician may be conversing with the
patient or performing a procedure—is not included in the EHR use time. Thus, this measurement
closely reflects actual time using the EHR.

Another measurement of task length is efficiency of system use, measured by “clicks.”
Physicians (and other clinicians) often complain about “click burden” required to complete an
EHR documentation task (Guo et al., 2017). While the interface design will affect how many
menus and screens the user must interact with, the number of clicks used can also highlight a
user’s ability to navigate efficiently through the system to complete documentation tasks. As the
user gains experience with an EHR system, there should be a reduction in clicking errors within
the EHR system that result from backtracking and increase time spent in the system. The fewer
navigation clicks, the more likely a task was performed efficiently. Navigation clicks were
measured as the total clicks of a mouse button and uses of Tab, or arrow keys used to enter a

patient note or order into the EHR system during a patient encounter.
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EHR System Use Experience

EHR system use experience is defined as the frequency and duration of experience
utilizing the electronic health record system. One measurement of system use is a measurement
of time. The duration of EHR system use experience, is the amount of time users have used a
system (similar to other studies). In surveys, this is usually measured in years or months. My
data were at the month level, and therefore, I measured the duration of EHR use experience as
the number of months of experience in the system since a user’s account was created. I assumed
that this was the user’s first encounter with the Cerner EHR system. It is possible that a user had
prior experience with this EHR system from moonlighting or from experience prior to joining the
military. However, because of the recent implementation of the Cerner system across the military
health system, this would have been their first use of the system within the Department of
Defense.

The frequency of EHR use experience is often measured with how often the system is
used. For example, in an ERP study, a survey might ask how many times daily a user utilizes the
ERP. For my purposes, frequency could be directly measured as the number of patients seen. As
EHR use is mandatory, for every patient seen, the physician must utilize the EHR system to
document procedures, vitals, patient history, and other information. Therefore, the cumulative
number of patients seen can be an indicator of EHR use experience frequency. I used both the
cumulative patients seen and the number of weeks of experience in the IS to measure EHR

system use experience.

EHR Extended Use
One approach to categorizing a physician’s extended use of an EHR system utilizes the

clinical, administrative, and communication features of the EHR system, as shown and labeled in
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Figure C-1. Factor Analysis of System Functionality to Extended Use Factors From (Raymond et
al., 2015). Lights on Network includes metrics regarding clinical and communicative features,
but very few metrics regarding administrative features, such as creating an appointment.
Fortunately, Raymond et al. (2015) found little variance in the extended use of administrative
functions of an EHR system. Because the administrative features were not well tracked at the
physician level in my data set, I considered using the original theoretical definition of extended
use —utilizing many features within the EHR system. Parallel research into extended use
clustered users according to features used and defined them as” basic” and “advanced” (Paré et
al., 2015). My data set included several features that may be considered advanced features.
Therefore, I defined extended use in terms of the EHR system’s clinical, communicative and
advanced features used.

One example of an advanced feature is auto-text, which can reduce repetitive or complex
words and formulae into a shorthand. For example, a physician can create an auto-text that
expands “#ty” to “acetaminophen”. The use of advanced features indicates more robust, and
possibly more productive, work and would set a user apart from their peers. A full list of

advanced features can be found in Table 4.
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Table 4. Advanced Features Construct Lights On Network Metric Definitions

Advanced Features Metric Definition

Macros Used This metric identifies the total number of times macros
have been used by the user.

Smart Templates Used This metric identifies the total number of smart
templates used. Smart templates go out into a chart and
pick up the latest information (medications, allergies,
vital signs, etc.) and drop that current information into
the note. The allows the user to enter previously saved
data into a free-text area.

Auto Population Used This metric identifies the number of times that the user
uses the Auto Population functionality to bring data
into a note. This does not count instances where the
Auto Populate dialog box is shown to the user but they
do not select any data to pull into the note.

Auto Text Used This metric identifies the number of times that an
automatic text phrase is used. This can be done in a free
text section, a WHAT box, or a formatted text data
entry box.

Definitions captured from Cerner’s Lights On Network Metrics Help Page'”

Communicative features of extended use are captured through two means in Lights On
Network. These are the number of phone messages and documents sent and received. The use of
these features to communicate internally and externally, while being documented in the EHR

system shows a physician’s extended use of the communicative features of the HIS.

3 Lights on Network Metrics Help
(https:/wiki.cerner.com/display/lightsonHP/Lights+On+Network+Metrics+Help)
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*Type: Progess Note-Physician -
*Date : 06/13/2013 o E 1500 =
Title: Admission H&P *

| Encounter Pathway Ib_ﬂstung I Precompleted [Catalogl Recent I Eavorltes]

Search: il [Contains v I Add to Favarites
Restrict display by: [ Associated Diagnosis [7] Note Type
Name = Daeeription -
Acute Renal Failure * *2G Acute Renal Failure
Addesndum “ED Addendum “ED
ADHD (Pediatic) * *2G Attention Defcit Hyperactivity Disorder (Pediaric)
Admission H&F * *2G Admigsion H&P
Adrenal Cortical Resection, Macroscopic Adrend Cortical Fesection, Macrescopic
Adrenal Cortical Resection, Microscopic Adrend Cortical Resection, Microscopic -

Figure 5. PowerNote Creation Features

Clinical features are interesting both in how they may be used and what they track. As
shown in Figure 5, tthere are multiple options for a task as simple as creating a patient encounter
note. These options include using the search bar, choosing from a patient’s existing encounters,
and picking from a set of pre-completed forms, a catalog, a physician’s recent forms, or even the
notes they have marked as favorites. The differences in the use of these features show the full
range of system use. These differences in the normal encounter features used and the time spent

using them help explain the extended use of clinical features.

Studies
With a clean, coded, and anonymized data set, I determined the research designs needed
to support my hypotheses. This dissertation is split into three successive studies. The first study
analyzed the extended use and task length constructs. The second study was a comparative
analysis of groups. And the final study tested the structural equation model for individuals.
Study 1 utilized a combination of statistical approaches such as exploratory factor
analysis and principal component analysis to develop the construct of extended use. This study

answers research question 1: “Does a user’s extended use of an EHR system’s features develop
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with increasing IS experience, and what are the implications of extended use for a user’s task
performance within the EHR system?” Because of how extended use has been observed and
defined previously, I used a principal component analysis (PCA) and exploratory factor analysis
(EFA) to assess whether the objective features align with the extended EHR use features
described in previous research. A PCA was used to empirically explore how many factors the
data comprise. The purpose of the PCA was to cull features that had little to no value in the
overall construct and identify the number of useful components. The selected EHR features were
consolidated into a binary instantiation of whether the feature was used during that time period.
For example, if a user used phone messages, this would be indicated by a 1 in the record. In
addition, an EFA was conducted using both training and test sets of the data. The idea was to
determine the factors appropriate for the extended use construct in the training data set and
determine if the same factors were still valid for the test data set. The difficulty inherent in an
EFA is that binary data often consolidate less likely predictors. This could yield interesting
results that might not correlate with Raymond et al’s (2015) categories, and might reveal levels
of extended use involving default features, alternate features, or advanced features. I utilized the
features identified in Study 1 as the features comprising extended use in Studies 2 and 3.

The second study involved a deeper dive into the control variables and comparative
differences between groups. This study aimed to answer research question 2: “Are patterns of
extended use and task length different for various groups?” To answer this question, I separated
and coded the data according to the control variables identified in Table 3. I then ran independent
t-tests on each group. This provided statistical differences between the groups’ means. Based
upon these differences, the effect size, and my knowledge of hospital operations, I determined

some of the more effective controls that affect task performance and extended use.
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The third and final study involved the formation of a structural equation model that
mirrored the hypothesized relationships. After cleaning the data and sorting them into data sets
formatted for analysis, I analyzed the data in Mplus. Mplus is statistical software that specializes
in latent variable modeling and structured equation modeling. Using Mplus, changes to a model
can be done quickly and, with the appropriate outputs, I can identify statistically significant paths
and model fit characteristics based on theoretical relationships. With this software, the data set,
and the appropriate steps, I defended my hypotheses and model, concluding with the finalized

SEM and descriptions of the relationship between my constructs.
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Chapter 5. Study 1 — Development of Empirical Constructs

In study one, I intend to identify the extended use construct by evaluating various EHR
features captured in the dataset, as well as, come to a definition for the task length construct. The
theoretical definition of extended use is the breadth and variety of features utilized in a given
information system. In prior EHR research, extended use is defined as the communicative,
clinical, and advanced features used in the electronic health record (Raymond et al., 2015).
However, no studies have evaluated extended use from real system data and instead rely on case
study and survey methodologies. There is an opportunity to develop an approach to operationally
define extended use and link it to outcomes of interest such as productivity or adoption in a
healthcare setting. Task length could be this measure of productivity. Time is often the
measurement of task performance; however, performance also includes a sense of quality (Addas
& Pinsonneault, 2018). With the quality information lacking, understanding the efficiency in
performance of the task needs development. This study will begin with outlining and detailing
the procedures for analysis, the analysis conducted resulting in the proposed extended use

construct, and a discussion on the findings and limitations.

Procedures

This section will outline the procedures in identification of two constructs: extended use
and task length. The outline to identify the extended use construct using statistical methods is as
follows: (1) first an initial list of theoretical factors is included, (ii) next the dataset is reduced to
minimize missing data, and (iii) then descriptive statistics and interitem correlation are checked
for low variance or high correlation. With this reduced dataset, (iv) a principal component
analysis (PCA) is conducted, followed by (v) an exploratory factor anlysis on the first part of the

data set, and conclude (vi) with a confirmatory factor analysis on the second part of the data set.
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The outline to identify the task length construct begins with (i) an overview of the task length
proposed factors, (ii) determination of missing values handling, (iii) addressing of outliers, and

(iv) finally construct development using PCA and CFA.

Development of Extended Use Construct

In this section, I begin by taking the 38 features identified as potential features that fit the
extended use construct and reduce them by checking correlations, variance, and sample sizes and
assess this measurement with several analyses to determine the extended use construct. First, a
principal component analysis (PCA) is conducted. This is done both on the values as pulled from
the system, such as “Auto Population was used “five times in May 2020, and a binary value of
whether a feature was utilized in a given month, 1 for yes, 0 for no. An exploratory factor
analysis (EFA) is conducted on the first half of the data set based upon the PCA results. The
output of the EFA is then tested against the second half of the dataset to determine viability. |

then conclude with the resulting extended use construct.

Feature Reduction using Variance, Correlation and Sample Sizes

Study 1 begins with an initial factor selection criterion. These factors encompass features
used in the EHR and fit within the theoretical definition of extended use. The dataset contains 38
potential features that meet the objectives of this study, and the complete list can be found in
Appendix A. Starting with the 38 factors, I needed to filter the dataset of 513,280 records to a
useable subset of data intended for the research. The first step was to determine if the record had
extended use reported. Each record is a rollup of the EHR use data for a given user in a given
month at a particular location and treatment type. Therefore, adding the values for the 38
extended use features will provide whether a given record used any of the features in a given

month. Of the 513,280 records, only 239,761 had any extended use statistic for the EHR. The
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large number of records without any extended use could be due to the collection containing data
for all users, including technicians and administrators who do not use the EHR features
identified. The next cut was to remove any records that did not include any patients seen statistic
(i.e., the individual user had not directly treated a patient in that time and location). The
independent variable of the number of patients seen is a measure of EHR use intensity. It is an
independent variable in the research models and so was selected as an appropriate exclusion
criterion. I reduced the dataset further to 77,775 records after excluding records that had seen no
patients (i.e., no intensity of EHR experience). The last filter was of the dependent variable in the
research model, the adjusted time in EHR. 2,230 records were removed for having missing data
for the time spent in the EHR, reducing the data set for the factor analysis to 75,545.

I conducted a descriptive analysis on the factors within SPSS, which can be found in
Figure A-1. Descriptive Statistics on the Proposed Extended Use Construct. The first
consideration is low variance. Low variance of an item indicates the feature does not vary across
the population. For example, suppose I recorded whether a user logged into the system in a given
month. In that case, most of the target population will have logged on, thus reducing the
explanatory power of logging in. Item A7, Standard Templates Used, has a variance of .035 and
therefore would have minimal impact on the proposed extended use construct. The second
consideration is a low sample size. As expected, users don’t use all features extensively.
However, rare usage would also not allow for adequate analysis of the entire construct.
Therefore, I removed all variables with less than 5% of the total sample size (3,777), including

all features in the workflow category (W1-W9) and P1, Problem Added via Quick Search.!*

4 Workflow and Problems are not extensively used in this case study, but may be applicable to
other sites.
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The number of available factors for extended use is now reduced to 27. The next step is
to review each sub-factors’ interitem correlation, as indicated by the prefix letter of the extended
use factors. For example, D1 is diagnosis added via quick search, while D2 is diagnosis added
via Win32 search. They both highlight the use of the diagnosis feature but show different paths to
reach the same goal. It is possible that the pathway significantly overlaps with another and thus
is redundant. Another consideration within the interim correlation is sample size pairing. That is
the number of individual records that used both features. If the pairing is too low, there might not
be enough evidence to justify using the feature to model extended use. I set a soft limit of 10% of
the sample size for pairings of items for our exclusion criteria. Last, although this study excludes
certain factors, the specific elements that comprise extended use may vary across settings due to
inherent differences between the case study site and others.

The communicative features within extended use primarily include phone messages and
document approval within the user’s inbox. As shown in Table 5, the correlation amongst the
items is low, all less than 0.3. C2, documents reviewed, also has zero correlation to C3, phone
messages received. In addition, the sample pairings are large enough for statistical analysis. No

exclusion criterion was identified for the communicative factors.

Table 5. Inter-item Correlation of Extended Use — Communicative Factors

Cl C2 C3 C4
Cl1 1
C2  .193** 1
C3  .222%* .000 1
C4  .204** .0209** 225%* 1

* p<.05, ** p<.01.

The advanced note features include the number of notes created, auto-population used,

auto text, copy forward, macros, and smart templates; A1-A6. Evaluating the inter-item
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correlation amongst these factors reveals good correlations between A1-A2 and A2-A6. So, an
individual who creates notes is likely to use auto-population and this use is correlated with using
smart templates. However, A4, copy forward, is not highly correlated with any other inter-items.
This could mean the copy forward is a feature not often utilized. The use of each feature in the
advanced note factor is less than 10% of the dataset. This means the feature use in advanced may
not adequately be represented in our final model. Therefore, this set may need to be reduced to a

single encompassing factor.

Table 6. Inter-item Correlation of Extended Use - Advanced Note Factors

Al A2 A3 A4 AS Ab
Al 1
A2 790%* 1
A3 523 A73%* 1
A4 218** 268%* 150%* 1
A5 .493%* 543%* 394k 221%* 1
A6 582 637%* A443%* 304%* 380%* 1

*p<.05, ** p<.01. High Correlation Bolded

The different ways a diagnosis was added to medical records by a user and their relations
are shown in Table 7. Diagnosis added via Win32 search (D2) and the number of times diagnosis
assistant opened (D3) both have a lower use than the quick search (D1). In addition, the pairings
of D1/D2 and D2/D3 both have a low overlap in sample sizes. Individuals who use the quick
search are less likely (but not significant) to use the diagnosis assistant. Overall, we don’t see a

high correlation or very low sample size which may preclude inclusion.

Table 7. Inter-item Correlation of Extended Use - Diagnosis

DI D2 D3

DI (35,986)

D2 .024* (10,492) (23,211)

D3 -011(16,028) .128%* (10,265) (25,227)

* p<.05, ** p<.01. Negative correlation indicated by Red.
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Evaluating the problem subset of features, a few issues are immediately identified. The
first is there is no significant correlation amongst the items. This means using one method to fill
in problems, is not likely to indicate using another method. The second is there is low sample
size across all pairings. This means that problems are not used often by the users in the dataset.
We did however remove P1 previously due to a low sample size, but the pairing of P2/P3 has
only a little over 1% of the entire dataset that has used both in a given month. The highest sample
size is for those that use the Win32 search for problems. This would likely mean excluding

another item within the problem feature set (P3) based upon sample size.

Table 8. Inter-item Correlation of Extended Use - Problems

Pl P2 P3
Pl 1 (1.600)

P2 .01 (606) 1 (8,970)

P3  -.023(187) 050 (961) 1 (5,815)

* p<.05, ** p<.01. Negative correlation indicated by Red.

N1 through NS5 cover the percentage of notes opened with various pathways in the EHR.
The first thing to observe is all the correlations are negative. Since these factors measure the
percenta of notes opened via a pathway, a large increase in one pathway will decrease the
possible usage percentage of the other pathways. The highest correlation is between those
opened via Encounter (N2) and those opened via Favorites (N3). That is the more an individual
uses the notes opened via encounter the less they are to use favorites (R?= -.409) or pre-
completed (R? = -.338). The sample size for notes is approximately 10% of the dataset, which

could skew the results slightly.
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Table 9. Inter-item Correlation of Extended Use - Notes Pathways

n=7,402 N1 N2 N3 N4 N5
N1 1

N2 - 138** 1

N3 -.090** -.409** 1

N4 -.081** -328%* -.220%* 1

N5 -.060** - 222%* - 160** - 117%* 1

* p<.05, ** p<.01. Negative correlation indicated by Red.

Similar to the percentage notes, the workflow feature measures are also percentages and
are largely negatively correlated. However, the workflow sample size is small across the board,
with the highest being the percentage of workflows opened from encounter pathway (W5) with
2,246. As previously addressed, these low numbers are concerning and will preclude inclusion
into the extended use construct. This feature may be of additional value in a different setting but

is not for this study.

Table 10. Inter-item Correlation of Extended Use - Workflows

W1 W2 W3 W4 W5 W6 W7 W38 W9
W1 1
W2 -.193 1
W3 408 -520*%* 1
W4 -- -412*  -.005 1
W5 -.113 -526%* - 448*%* -609** 1
Wo6 -.103 -567%% 507 - 474%*%  -.668%* 1
W7 126 -.651%* -510* -- -.898** -.825*%* ]
W8 -949  -.600* -488 1.00%* -281 -.322 -1.00*%* 1
W9 -- -.535 -.362 -.532 -.444 -.595%* 336 .032 1

* p<.05, ** p<.0l. Negative correlation indicated by Red. High Correlation Bolded

Table 11 includes the interitem correlation for the new orders and the pathway they are
selected. The new orders factor has a high general usage at 61,013. The highest correlation is
between new orders selected via favorites (NO1) and search (NO3) with a correlation value

of .140 (p<.01).
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Table 11. Inter-item Correlation of Extended Use - New Orders

NOI1 NO2 NO3
NOl 1
NO2 036%* 1
NO3 140%* 0517%* 1

*p<.05, ** p<.01. Sample N is within Parentheses. Negative correlation indicated by Red. High
Correlation Bolded

Orders selected and the four pathways’ correlation is shown in Table 12. Orders selected
all have a high usage at 70,527. All the relationships are significant, with the highest between
quick orders (OS2) and the summary Mpage (OS3). Interestingly, the orders selected via

workflow MPage is negatively correlated to all other factors.

Table 12. Inter-item Correlation of Extended Use - Orders Selected

OS1 OS2 OS3 0S4
OS1 1
082 109#* 1
OS3 .060%* 279%* 1
0S4 -.027%* -.041%* -.031** 1

* p<.05, ** p<.01. Negative correlation indicated by Red. High Correlation Bolded

Based on the inter-item correlation and the descriptive statistics, several factors were
dropped due to low incidence of use in the sample, therefore impacting the extended use
construct. W1-W9 and P1 were dropped due to the low sample size. Other factors were dropped
due to low variance. Meaning the overall impact of the variable on the construct is minimal. A7
was dropped for low variance. Several other factors were dropped for a combination of reasons
that precluded inclusion. Primarily, low sample size or correlation issues amongst the features.
P3 was dropped due to no significance with the other problem features, but P2 was kept since it
had the largest sample size. This allows capturing whether problems as a feature were used while
removing the potential issues by capturing the no significance P3. Similarly, diagnoses had

issues where the correlation amongst them was low or non-existent. However, we still want to
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capture the usage of diagnoses and so retained D1 since it had the largest sample size. The 24

remaining factors comprising the extended use construct are shown in Table 13.

Table 13. Extended Use Construct for further Analysis

Variable Full Feature Name

Cl Documents Endorsed From Inbox

C2 Documents Reviewed From Inbox

C3 Phone Messages Received

C4 Phone Messages Sent

D1 Diagnosis Added via Quick Search
P2 Problem Added via Win32 Search

Al Notes Created

A2 Auto Population Used

A3 Auto Text Used

A4 Copy Forward Used

AS Macros Used

A6 Smart Templates Used

N1 % of Notes Opened via Catalog

N2 % of Notes Opened via Encounter

N3 % of Notes Opened via Favorites

N4 % of Notes Opened via Pre-Completed
N5 % of Notes Opened via Reason for Visit
NO1 New Orders Selected via Favorites
NO2 New Orders Selected via Folders
NO3 New Orders Selected via Search

OS1 Orders Selected via PowerOrders
0S2 Orders Selected via Quick Orders
0OS3 Orders Selected via Summary MPage
0S4 Orders Selected via Workflow MPage

Principal Component Analyses

Principal components analyses are used when several variables are correlated, and the
goal is to reduce the number of predictors while maintaining the predictive powers. The PCA
using real values was conducted with SPSS 27.0. The first eight components had an eigenvalue
greater than 1, while explaining 77% of the total variance. The varimax rotated component
matrices are shown in Table 14 (the non-rotated can be found Figure A-3. Non-Rotated Principal
Component Analysis for Extended Use Construct). The component loadings less than .4 were

excluded to ease understanding of how the factors are oriented. In the non-rotated PCA,
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component 1 includes some communicative features, some notes, and some orders selected.
Component 2 contains advance note features, problems, notes, and orders selected, while
component 3 overlaps with both components 1 and 2. For example, P2 in component 2 has a
value of .554, while a -.500 in component 3. Component 4 includes C2 and No2 and negative
A3/N3. Overall, it is difficult to understand these components, in terms of the user’s practices
and requirements using an EHR system. The rotated model is somewhat better because there are
some clear delineations of which factors are contained in which component. For example,
Component 6 in the rotated model contains N1 and component 7 contains D1. While this
measurement works sufficiently for further analysis, I wanted to determine if there was a better

method to measure this construct by checking breadth of feature use only.

Table 14. PCA with Varimax Rotated Component Loading

Variable 1 2 3 4 5 6 7 8

C1 — Docs Endorsed .739

C2 — Docs Reviewed .703

C3 — Phone Revd .665 .602

C4 — Phone Sent .685 611

A1l — Notes Created 765 573

A2 — Auto Population 935

A3 — Auto Text .895

A4 — Copy Forward .634

A5 — Macros .886

A6 — Smart Templates 187

D1 — Diagnosis Quick Search .859

P2 — Problem Win32 .805

N1 — Notes Catalog .803

N2 — Notes Encounter -.424 496
N3 — Notes Favorites 452 612

N4 — Notes Pre-Completed 531

N5 — Notes Reason for Visit -.695
NOI1 — New Orders Favorites .760 519

NO2 — New Orders Folders 745

NO3 — New Orders Search 812

OS1 — Orders - PowerOrders .898

OS2 — Orders - Quick 923

OS3 — Orders - Summary .804

0S4 — Orders - Workflow 672

Loadings between -0.400 and 0.400 excluded from chart
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In order to obtain the breadth of extended use, I calculated a binary indicator for each
extended use factor. Each is preceded by a “B_” to indicate it is a binary calculation. A value of 1
means that the feature used was reported in a record, while a 0 means it was not. Analyzing this
dataset using SPSS, the PCA reveals that the factors have been reduced to 5 while also
explaining 88% of the total variance. A variance between 70 and 80% is optimal. Reviewing
Table 15, the components are grouped closer to their overall feature and easier to understand.
However, there are many similar loadings; B NO1-3 are all the same, B_OS-1-4 are all the
same, and N1-N5 are the same. This likely means that the additional predictive powers of each
pathway for notes, orders selected and new orders can be reduced to a single factor each. I reran
the PCA selecting B NO1, B_OS1, and B N1 as the predictors for their respective extended use
features. The new PCA resulted in a reduced 4 factor (eigenvalue > 1) model and a slightly

reduced variance explanation of 79.4%.

Table 15. PCA of Binary Features with Varimax Rotated Component Loadings

Variables 1 2 3 4 5
C1 — Docs Endorsed 677

C2 — Docs Reviewed .674

C3 — Phone Revd 71

C4 — Phone Sent 743

A1l — Notes Created 982

A2 — Auto Population 982

A3 — Auto Text 963

A4 — Copy Forward 982

A5 — Macros .963

A6 — Smart Templates 963

D1 — Diagnosis Quick Search .680

P2 — Problem Win32 930
N1 — Notes Catalog 977

N2 — Notes Encounter 977

N3 — Notes Favorites 977

N4 — Notes Pre-Completed 977

N5 — Notes Reason for Visit 977

NO1 — New Orders Favorites 940

NO2 — New Orders Folders .940
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Variables 1 2 3 4 5

NO3 — New Orders Search 940
OS1 — Orders - PowerOrders 976
OS2 — Orders - Quick 976
OS3 — Orders - Summary 976
0S4 — Orders - Workflow 976

Loadings between -0.400 and 0.400 excluded from chart

The rotated component matrix of this reduced set appears to fall into the following
components. Factor 1 is comprised of the advanced features, B A1 through B_A®6, and notes
created, B N1. Factor 2 includes the communicative features B_C1 through B_C4 and also
B DI, diagnosis. Factor 3 is formed by B NO1 and B_OS1, new orders selected via favorites
and orders selected via PowerOrders, respectively. Factor 4 is only made up of whether a
problem was added via Win32 search.

The results of the PCA further reduce the extended use construct from 25 factors to 15
factors, with clear delineations of how they load in 4 separate components. This information
helps inform the exploratory factor analysis as a starting point, since inclusion of the additional
10 factors may skew the result outside of comprehension. Prior to conducting the EFA and CFA,
the dataset needs to be split into two relatively equal groups. Using the original dataset, the total
number of users was divided by two to create the cut line of users to approximately equal split
amongst all categories. The cut line number was applied to the dataset analyzed in study 1, and
the resulting breakup of data is shown in Table 16. The breakdown was 5,290 unique individuals
for the EFA and 5,264 for the CFA. At the same time, the total number of records analyzed was
38.129 for the EFA and 49,646 for the CFA. While not precisely 50% it is close with more users

and fewer records in the EFA, while the opposite in the CFA.
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Table 16. Factor Analysis Data Split

EFA CFA Total
Unique Individuals 5,290 (50.1%) 5,264 (49.8%) 10,554
Number of Records 38,129 (49%) 39,646 (50.9%) 77,775

Exploratory Factor Analysis

Exploratory factor analysis is a statistical method that identifies the fewest factors that
can explain the covariance of a latent construct. An EFA requires good covariance coverage, low
variance on each factor, and good correlation. The EFA was run utilizing MPlus 8.4. The first
issue encountered was cumulative patients seen. The number of cumulative patients seen had too
large of a variance. This was adjusted by translating the value by dividing each by 100, that is,
making the variable cumulative 100 patients seen. The next issue encountered was correlation
among some variables. Variables B_ A1 through B A7 were all nearly perfectly correlated. This
was not identified initially since there was a difference between the number of times each feature
was used, but not whether a feature was used at all. Through further analysis, I determined that
“Auto Population per Note” was not tracking the number of auto populations used each time a
user created a patient note, but rather a note was a very particular free form text outside the
ordinary usage in the EHR. This meant that B_A1, the number of notes created, accurately
reflected the usage of the “advanced features” hypothesized. Therefore B A2 through B_A6
were removed, keeping only B_A1l. The EFA was rerun using the resulting 10 variables
comparing three, four and five factors. The model fit characteristics are good for each model and
meet joint criteria in four and five factors. However, upon evaluating the loadings, B P2 did not
load well (<.147) across the three and four factor model. In the 5-factor model, B P2 had a
loading of 5.163 and a negative residual variance. These indicate, that B_P2 either has little
impact or too much impact on the extended construct. Therefore, I reran the EFA without B_P2.

The model comparisons in Table 17, compare the Chi Square values of each model, the root
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mean square error of approximation (RMSEA), and the standardized root mean square residual
(SRMR) values for each factor. The EFA for Model 2 and Model 3 meet joint criteria values for a
good model fit with SRMR <= .09 and RMSEA <= .06 (Hu & Bentler, 1999). However, the fifth
factor has an eigenvalue less than 1 and many of the loadings are not adequate. Therefore, Model
2, the 4-factor extended use construct without B_ P2 and B_ A2 through B_A6 is the model of
choice to run with a confirmatory factor analysis. This model is comprised of four components
with the dichotomous factors of the extended use features: Component 1- (C1, C2, D1),

Component 2 (A1, N1), Component 3(C3, C4) and Component 4 (NO1, OS1).

Table 17. EFA Model Fit Information Comparison

EFA — 3 Factors EFA — 4 Factors EFA — 5 Factors
. 4720.110%* df=12 107.209** df=6 4.063* df=1
RMSEA .101 .021 .009
SRMR 041 .004 0.000
¥’ Difference 4612.902** df=6 103.145%* df=5

% p< (01, *p<.05

Confirmatory Factor Analysis

A confirmatory factor analysis (CFA) is a statistical method to verify the construct’s
validity. Since I determined the structure of the extended use factor in the EFA, the next step is to
run a CFA on the 2" half of the data. Major differences may indicate issues with the concept or a
non-normally distributed dataset. The code in Code, was run in the statistical software Mplus.
This resulted in a model fit with a statistically significant chi square test of model fit, an RMSEA

of .056, CFI of .983 and a SRMR of .028. This means the construct is technically a good fit.
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Table 18. Extended Use CFA Model Fit Information

Model Fit Information

Loglikelihood -99,328.431
Akaike Information Criteria 198,722.862
(AIC)

y? Test of Model Fit 2603.556** df=21
Root Mean Square Error of .056
Approximation (RMSEA)

CFI 983

TLI 970

Standardized Root Mean Square .028

Residual (SRMR)

Figure 6. Extended Use 4 Factor Construct with Standardized and Significant Path
Estimates contains the standardized model estimates and standard errors. Orders selected has a
lower power on the extended use construct, and both new orders (NO_1) and notes created (A1)
have a standardized estimate greater than one. Last, both ‘F3 with F2’ and ‘F2 with F1” have a

negative estimate. This could indicate some dampening effect between the two sub factors.
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Figure 6. Extended Use 4 Factor Construct with Standardized and Significant Path Estimates

The CFA on the extended use construct did result in a potential error with the analysis.
That is the binary representation of features used is a dichotomous outcome and thus each factor
needs to be indicated as a categorical variable. One consequence of continued categorical SEM
analysis is the time required to run each analysis, especially on a dataset as large as the one in
this study. I reran the SEM analysis with categorical predictors and the monte carlo integration
method (Code). This revealed a few factors may have more impact on the outcome of extended
use, for example B_A1l and B_N1, both factors measuring usage of notes in the EHR are closer
to zero indicating they are less often used. While orders selected and new orders are closer to 1

indicating they are used more often.
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Table 19. Extended Use Features Used Proportions

Feature Not Used (%) Used

B Cl 76.9% 23.1%
B C2 66.9% 33.1%
B C3 29.1% 70.9%
B C4 36.1% 63.9%
B Al 91.9% 8.1%

B D1 53.0% 47.0%
B N1 91.2% 8.8%

B NO1 19.8% 80.2%
B OS1 9.4% 90.6%

The model fit information of the categorical confirmatory factor analysis was a
loglikelihood of -142,293.180, AIC=284,634.360 and a Pearson Chi-Square test of model for
binary outcomes of 6547.118, df=486 (p<.001). This indicates a good model fit for the extended
use construct. While we could refactor this to remove more variables, the resulting number of
features is good to also create a formative construct for extended use, while keeping true to the

theoretical definition.

Development of Task Length Construct

Task length is separate into 4 potential variables for the analysis. The first being average
time in EMR per patient seen in a given month (TL1). This is the total number of minutes spent
in the EMR by an EHR user divided by the number of patients seen in a month. The second
measure of task length is the average documentation time per patient seen (TL2), which is the
number of minutes spent actively documenting divided by the number of patients seen during the
month. This measure is lower than TL1, but measures a similar task; time spent on patient
encounters. The next two task length measures are a specific calculation within orders, a feature
of the EHR, looking at the number of navigation clicks taken to perform the order. The

difference between the two is in the inclusion or exclusion of deviations. A deviation is the
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performance of any other task that isn’t relevant to the order. For example, if during the orders
process the physician navigates back to the user’s allergies tab to verify the compatibility that
would be a deviation. Therefore, navigation clicks per order with deviations (TL3) is the monthly
average number of mouse clicks completed during an orders sessions to include any deviation,
while navigation clicks per order without deviations (TL4) is the monthly average number of
navigation clicks per order excluding those clicks performed during deviations completed during
the PowerOrders workflow.

The task length variables have a significant number of missing values. Calculating a
factor without any data becomes difficult, especially with the amount included in the resulting
dataset. TL1 and TL2 both had 20,042 missing values. Since TL1 and TL2 capture the time
spent, the presence of missing values in this case indicates that the unique patients seen does not
necessarily reflect time spent with a patient. This becomes a unique issue with the dataset;
variables sometimes don’t capture exactly what they appear to. TL3 and TL3 both have 16,762
missing values. TL3 and TL3 both measure the navigations clicks per order, therefore, these
missing values indicate the records did not perform an order in that time period. Due to some

overlap, 30,245 records were deleted, leaving 47,530 for the analysis.

Checking for Outliers

Detecting outliers can be difficult, but there are a few questions to ask to determine if an
outlier should be excluded. The first is called leverage, which is when a predicted value is
unusual for a particular observation. This is indicated by a leverage value greater than two times
the number of parameters divided by sample size. The second is the studentized residual and
studentized deleted residual, which is when an independent variable is unusual at a given

observation, or when either is larger than 3. The last is checking the Cook’s D or DFFITS values
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being greater than 1, which suggests that the omission of an observation would noticeably
change the parameter estimates

The first variable checked for outliers is TL1 using XP1 and XP2 as the predictors. Using
linear regression in SPSS, the unstandardized regression equation becomes TL1 = 42.806 + .383
* XP1 -1.035 * XP2 with an R? of .002. Removed studentized residuals greater than 3, leaving
47,163 records. This increases the R?to .049 and new equation 32.104 + .331 * XP1 - .665*XP2.
Using linear regression in SPSS, the unstandardized regression equation for TL2 is 8.523
+.163*XP1 - .196*XP2 with an R? square of .038. I removed the studentized residuals greater
than 3, leaving 46,392 records. This increases the R? to .051 and new linear regression for TL2 is
7.276 +.144*XP1 - .147 XP2. Using linear regression in SPSS, the unstandardized regression
equation for TL3 is 27.949 +.423 * XP1 - .206 * XP2 with an R? of .003. Removing the
studentized residuals greater than 3 left 45,822 records. Slightly increasing the R? to .005 and
new linear regression equation for TL3 being 24.972 + .250 * XP1 - .132 * XP2. Again, for TL4
the linear regression equation is 17.067 - .059 * XP1 - .064 * XP2 with an R? of .01. Removing
the deleted and studentized residuals greater than 3 left 45,001 records. The resulting increase
from removal of the outlier increased the R?to .016 and new equation 15.551 - .071*XP1 - .034
* XP2.

Checking for outliers using the studentized residuals resulted in 2,529 records being
removed for abnormal effects on the outcome. In addition, all correlation equations increased
after the outlier removal. This provides a good sign that the most impactful outliers were
correctly removed. After the second regression, the studentized residuals were recalculated again.
Several hundred records for each of the four variables were still above 3. I removed these as

well, refining the dataset to 41,377 useable records for the remaining analysis.
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Construct Development

In this study, task length is defined as the speed at which to accomplish a task of seeing a
patient. I have previously identified four variables that measure the speed at which tasks are
accomplished. The first is TL1, the average time spent in the EHR per patient seen. The second is
TL2, the average time spent documenting per patient seen. The third is TL3, the average number
of navigation clicks per order with deviations. A deviation is another task that disrupts from the
original task, such as checking email or reviewing allergies. The last is TL4, the average number
of navigation clicks per order without deviations. These four variables measure the efficiency at
using specific elements of the EHR.

To develop the construct, first I will check if the four elements converge into one factor.

Then I will run an exploratory factory analysis (EFA).

Table 20. Correlation/Covariance Matrix of Task length Factors

Factors Mean TL1 TL2 TL3 TL4

TL1 22.823 1 (286.862)

TL2 6.601 .662 (62.574) 1(31.174)

TL3 21.723 214 (58.997) 253 (22.959) 1 (263.885)

TL4 13.159 .103 (11.992) .058 (2.215) 491 (54.580) 1 (46.824)

The first check is to determine if these four factors do converge into a task length latent
construct. This would ideally skip analysis not required. Utilizing MPlus, I conducted a factor
analysis using the four task length factors. The model fit is not great with RMSEA=.369,
CFI=.707, and SRMR=.121. In addition, the loadings of only TL1 and TL2 loading greater
than .4, which is generally the minimum for adequate construct loading. This means that the
four-factor task length model is not adequate and needs additional analysis to determine its actual

definition.
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Figure 7. Task length Four Factor Standardized Construct

Running a principal component analysis in SPSS revealed there were two factors with
eigenvalues greater than 1. Once varimax rotated there existed two distinct components
consisting of TL1 and TL2 for component 1 and TL3 and TL4 for component 2 (see Table A-3.
Task Length Construct Varimax Rotated Component Loading). This is reasonable since
navigation clicks are only measured for orders, while the TL1/TL2 are time based. While
initially combining them seemed to measure the performance at the EHR, the statistics say
otherwise.

Unlike the previous extended use construct, the task length construct has only two
possible factors which allows us to skip the exploratory factor analysis and jump straight to
confirmatory factor analysis. Running the analysis in mplus (see Code D-3) revealed a great
model fit with the CFI=.993, the SRMR=.014 and the RMSEA=.079. Meeting joint criteria with
CFI > .96 and SRMR <09 for a good model fit. However, when inspecting the model some issues

arise. TL3 has a standardized loading greater than 1 and no residual variance. In addition, it has
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an undefined R? value. These indicators warrant further theoretical investigation. As we are

measuring the construct of navigation clicks as a measure of efficiency, we obtain both the sheer

number of clicks to create an order (TL4), as well as, the total navigation clicks including

distractions or other activities (TL3). It is possible the other activities may not have a lot to do

with the efficiency of creating an order.
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Figure 8. CFA Loading for Two Factor Task length

This leaves us with two options. The first is we can drop the navigation clicks altogether,

or keep only TL4 with the time variables for the task length construct. When I ran a task length

model with TL1/TL2/TL4 the standardized loadings became 1.087, .609 and .095 respectively.

The low loading on TL4 indicates the variable does not fit well with the other two. Meaning

consideration of dropping navigation clicks altogether is worthwhile. However, while navigation

clicks may not fit well with task length, it still may have relationships to other variables and be

included in future analysis.
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Discussion

In this study, I utilized empirical data to craft the latent construct extended use and task
length, in order to later evaluate the overall impact of extended use on productivity within a
hospital system implementation of an electronic health record. The overall construct model in
Figure 9 depicting extended use is comprised of 4 primary features factors. They are
communication by inbox along with adding diagnoses, creating notes, phone messages, and then
ordering. This differs slightly from previous research (Raymond et al., 2015), which separated
the construct into communicative, clinical and advanced features. The task length construct is
comprised of average time spent in EHR and average documentation time per patient. In
addition, we will keep the navigation clicks per order without deviations as an additional
dependent variable for consideration.

Starting with the theoretical definition of extended use and an empirical data set with 38
different variables, I conducted a descriptive analysis to pair the factors down to 24. I then
conducted a principal component analysis that identified several issues with non-existent loading
and similar measurements that reduced the factors to 15. Upon conducting an exploratory factor
analysis, several factors had the same loading on the component, while one had no loading
orthogonally or rotationally within normal parameters. Therefore, a reduced set of 9 factors were
inputted into the confirmatory factor analysis on the second part of the dataset resulting in a good
model fit. I believe this rigorous factor analysis of the extended use construct meets our
theoretical definition, while also achieving statistical validity for future studies. The analysis in
study 1 also shows that the dichotomous usage of the 9 features in a given month is significantly
different amongst individuals. This means it has a fair likelihood to have a significant

relationship in our overall model of EHR experience and use on task length.
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Figure 9. Extended Use Construct

The core dependent variable for this dissertation is the performance of an individual
using the EHR. This will be primarily measured using two time variables. The first being how
long on average a user spend with each patient within the EHR. More proficiency in using the
EHR should equate to faster performance in the EHR. The second is how long it takes on
average for a user to document the patient encounter. This too is related to the efficiency at
which using the EHR takes. In addition, navigation clicks as a secondary dependent variable
demonstrates the efficiency in clicks to accomplish placing an order within the EHR.

This analysis is the first of its kind. As mentioned, the extended use construct in a health
care setting has only been analyzed with surveys or case studies. Using empirical data, we
overcome many of the known limitations with survey research; that is individuals sometime
skew the truth. However, it is not without its own limitations. The initial selection of features

was based on the idea each pathway to a feature would contribute to the extended use of the
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EHR. Instead, the factor analysis revealed that only whether the features (notes or orders) were
used was the only requirement.

This study should be followed by a mixed-methods research design, where the empirical
data within the Cerner EHR is compared to the survey questions to identify and validate that both
instruments measure extended use in a hospital environment. That way the instrument can be

selected that can be best collected in a given study.
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Chapter 6. Study 2 — Comparative Analysis of EHR Usage Amongst Groups

In study 2, I aim to answer research question 2, “are patterns of extended use and task
length different for various groups?" by identifying the control variable differences and pertinent
factors relevant to a linear model on task length. Based upon the dataset and the coding of
variables, I aim to answer several questions regarding differences in EHR use amongst different
groups. These different groups include basic and advanced users, hospitals and clinics, first and
later waves, physicians and nurses, and finally primary care and other specialties. These
differences could account for potential differences in an overarching model on task length.

% Comparison 1 — Basic vs. Advanced Users

The theory behind this dissertation and this comparison is the possibility that individuals
who are effectively using a computer system are utilizing more of the systems’ features and thus
realizing more benefits from use than those who minimize their use of systems features. This
minimization could be indicated by technostress, computer anxiety, computer proficiency, and so
on. These individual characteristics are not evident in the dataset available for our analysis.
However, the data set provides detailed metrics on each users’ utilization of system features
intended to make EHR use quicker, easier, and more efficient. In this study a subset of such
features are used to differentiate between basic and more advanced users. A comparison between
the advanced and basic user groups examines whether these groups differ on performance
outcomes such as time spent documenting in the EHR.

% Comparison 2 — Hospital vs Clinic Users

Many researchers have focused their EHR research on either clinics (Baird et al., 2017;

Reardon & Davidson, 2007) or hospitals (Hah & Bharadwaj, 2012; Salge et al., 2015).With

actual EHR usage data in an integrated health system, I can examine differences in the effect of
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experience on task length, as well as differences in extended use, for both clinics and hospitals.
This analysis may provide insights into operational differences between the two different types
of facilities and how EHR system implementation outcomes may differ.
% Comparison 3 — First Wave vs Wave 2
Another major area of interest is the larger organizational learning aspect of these major
health systems. Do the hardships and integration efforts in the earlier adopters (clinics and
hospitals) allow for the health system to learn from mistakes, thus allowing for later
implementation waves of clinics and/or hospitals to reach productive levels of use more quickly.
% Comparison 4 — Doctors vs Nurses vs Students
Another area of interest is the difference between physicians and nurses. Researchers
often choose one role, such as nurse (Aldosari et al., 2018) or physician (Venkatesh, Sykes, et al.,
2011)to study. Some IS research also compares and contrast the two roles (Poissant et al., 2005).
The two have different roles in the hospital, and thus their EHR usage may differ greatly.
Comparing between groups on common metrics (e.g., time spent documenting) can inform
understanding of how these occupational groups progress in their EHR use towards greater
efficiency.
% Comparison 5 — Primary Care vs Other Specialties
Another common area of comparison in health IT studies iss differences between primary
care and other specialties. For example, EHR usage and implementation in an ER setting
(Chisholm et al., 2000; Shuaib et al., 2019) versus primary care (Fleming et al., 2011; Paré et al.,
2015; Trudel et al., 2017) settings can manifest different issues and challenges. Because most

studies are based on self-report surveys versus actual usage data, this study can highlight actual
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differences in the effects of experience on efficiency of EHR use between these two subsets of
specialties more precisely and objectively, to inform further observational study.

The group differences with specific empirical data provides an opportunity to assess these
differences and their practical implications for EHR implementation and usage. This study
begins with (i) an initial descriptive and correlation matrix analyses of key variables, (ii) then an
outline of the group differences, (iii) the analysis conducted for each group difference, (iv) then
an overall linear regression model integrating all of the contextual factors, and (v) concludes
with the discussion on the findings and limitations of this study on group differences in a

healthcare setting.

Forming Initial Relationships of EHR Use, Extended Use and Task Length

One of the first steps to embark upon when analyzing new data is a simple correlation
matrix. Using SPSS, a correlation matrix amongst the 6 core variables and their descriptive
statistics are shown in Table 21. The variable XP1, number of months, has a mean value of
13.95. This means the majority of the users have less than 2 years of experience with the EHR.
This corresponds well to the fact the dataset covers the first four years of EHR implementation
and use over a variety of hospitals and clinics. XP1 is significantly correlated to all other
variables, however the Pearson correlation coefficient is not large for the majority of
relationships. XP1 is strongly correlated with XP2. This makes sense as the cumulative patients
seen increases the longer one works, however it is not perfect as some users can see a lot of
patients in a short time and then not many afterwards or vice versa. XP1 is slightly negatively
correlated with EU. This could mean the users experience with the EHR actually decreases the
number of features used contrary to Hypothesis 2. Perhaps not surprisingly, XP1 is negatively

correlated with TL1, time spent in the EHR, but not TL2, documentation time. Therefore, as one
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gains experience in the EHR they slowly improve their time spent in the EHR, but spend more

time documenting. Last, there is a mild negative correlation with navigation clicks and XP1.

Meaning, there is likely improvement and learning over time in efficiently creating orders in the

system. XP2, the EHR usage intensity measured by the number of patients seen, shows a mean

of 1,184 patients seen. This means each provider, across all specialties in the database see a little

less than 90 patients a month. XP2 is negatively correlated with all task length measures, but

positively correlated with extended use. Positive correlation with extended use means the more

patients that are seen the more EHR features are used in a given month. An increase in

experience is expected to improve task length, therefore the negative correlations with TL1, TL2,

and TL4 is in the direction as expected.

Table 21. Correlation Matrix and Descriptive Statistics of Variables after Study 1 Outlier Removal

Mean XP1 XP2 EU TL1 TL2 TL4
(SD)

XP1 — Experience  13.95 1

in Months (10.262)

XP2 — Experience  11.839  .644** 1

in 100 Patients (14.546)

Seen

EU — Features 5.18 -031%x  177**% 1

Used (1.645)

TL1 — Avg Time in 22.823  -.091** -224%* (008 1

EHR (min) (16.937)

TL2 — Avg 6.601 037%% - 135%*%  -023%*%  662*%* 1

Documentation (5.583)

Time (min)

TL4 — Avg 13.159  -.133**  -098**  .049**  103**  .058** 1

Navigation Clicks  (6.843)

** p<.01, * p<.05, Red indicates negative values.

Extended use is very slightly correlate with documentation (TL2) and navigation clicks

(TL4), but is not correlated with the total time in the EHR (TL1). In addition, the direction of

correlation is both positive and negative for TL4 an TL2, respectively. When all combined, this
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perhaps means extended use has little impact on task length and thus little support for hypothesis
3. The task length variables are slightly correlated with TL4, but TL1 and TL2 are strongly
correlated. As discussed in Study 1, the navigation clicks should be analyzed separately than the
2 time measures (TL1 and TL2). Altogether, this information provides a great starting point for

further analysis and comparisons.

Group Differences

The analyses conducted in this section utilize the same 41,375 item dataset determined at
the outset of study 1 outlier addressment. This section will evaluate the group differences using
an independent sample T-test or the Welch Aspen T-test depending upon the variance of the
groups. Utilizing the coding of the control variables found in Table 3. , each will be compared
and contrasted based upon the mean differences and the resulting Cohen’s D effect size value.
This analysis will evaluate the group differences between basic and advanced users, hospitals
and clinics, early and later adoption waves, doctors and nurses, doctors and students, and finally
primary care and other specialties. The end result will be the identification of key variables that

are impacted by the group differences.

EHR Usage Between Basic and Advanced Users

One of the first differences encountered in this dissertation was the presumable advanced
features as a part of extended use. Recall that most of the advanced features, A1-A7, were
removed from the extended use construct due to low sample sizes and seemingly measuring the
same feature. This stems from the way Cerner collects their data, and items such as Auto-
population used are only tied to whether a note was created. A note in this case is different than a

patient encounter or a document.
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Going back to the prior definitions of extended use in EHRs, advanced usage was a
factor. Due to the nature of the dataset, what was originally thought to be indicators of advanced
usage (auto-populations, macros, etc.) were only included when a user created a note. However,
this begs the questions of whether the users that create notes (A1) and use the auto-population
are actually advanced users. Therefore, an analysis between the users that did not use notes in a
month were compared to the ones that had. This could shed light on differences in user types.

An independent T-test on the 6 variables was generated using SPSS and a grouping
variable of whether notes were created (B_A1) and shown in Table 22. The sample size
differences between the two reflect a large difference, where only 11.4% are considered
advanced users. All independent T-tests are considered significant in the comparison of advanced
and basic users. The Cohen’s D value provides an effect size that takes into consideration the
sample size differences. A value above .2 is a small effect, while .5 is a medium effect and a .8 is
considered a large effect <CITE>. The difference in XP1 between the two groups is two months.

Therefore, the newer users are perhaps more likely to use the more advanced features.

Table 22. Descriptive Statistics and T-Test between Advanced vs Basic Users

Factor Basic Advanced T-Test Cohen’s D
(n=36,635) (n=4,742)

XP1 — Experience in Months | 14.34 (10.446) | 10.93 (8.106) 26.255** | .334

XP2 — Experience in 100 12.089 (13.813) | 9.908 (12.115) 11.349** 1 .150

Patients Seen

EU — Features Used 5.05 (1.616) 6.15 (1.534) -44.164%* | -.682

TL1 — Avg Time in EHR 23.424 (17.192) | 18.182(13.979) |23.612** | .311

(min)

TL2 — Avg Documentation 6.579 (5.638) 6.769 (5.137) 2.371%*%  1-.034

Time (min)

TL4 — Avg Navigation Clicks | 13.277 (6.99) 12.247 (7.805) 8.686** 151

*p <.05, **p <.01. Mean (SD). T-Test selected is Independent or Welch Aspen test depending on
equality of variances
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The total number of features used, EU, is a moderate effect with a one whole feature
difference between the two. This is likely to be fully accounted for in the grouping, as B Al isa
factor in the extended use. However, what is truly interesting it the vast difference in average
time in the EHR. The mean value for advanced users is 5 minutes faster on average over the
basic users. While there is a difference in TL4, it is an average of one click advantage over the

basic users, but that one click can make a difference (Shanafelt et al., 2016).

EHR Usage Between Hospital and Clinics

One difference that might be assumed between physicians is whether the size or scope of
the facility affects their workload or task length. By comparing and contrasting the differences
between hospitals and clinics, we can see just that in Table 23. Descriptive Statistics and T-Test
between Hospitals and Clinics.

The sample size difference between the two settings is approximately 3 to 1. This makes
inherent sense, since the hospitals employ significantly more individuals than do clinics. XP1 is
non-significant, meaning the experience in months is roughly equal for both hospitals and
clinics. However, XP2 (patients seen) is slightly higher in clinics than hospitals. This could mean
that the workload of patients seen per provider and thus the time providers spend documenting in
the EHR overall might be higher. The extended use variable, while significant, has a marginal
effect size, suggesting the overall difference in number of features used is not a large factor on
the difference between a hospital and clinic, though clinics do tend to use slightly fewer features.

Task length is where the comparison starts to get interesting. The low effect size in TL1 is
actually an average of 3 minutes per patient difference in hospitals and clinics. That is, EHR
users in clinics spend less time using the system for patient encounters than in hospitals. It would

be interesting to look at specialty differences to see if this could be a reason, as clinics typically
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operate mostly as primary care facilities. Clinic users also spend a little more than a minute less

on documentation than hospitals so that one third of the time savings in time spent with a patient

is on documentation. The last task length variable compared is TL4, navigation clicks. While

clinic users spend less time in the EHR (TL1) and on documenting (TL2), they tend to navigate

around the EHR (“clicks”) more than in hospitals. The effect size is the largest for TL4 at -.290

meaning it is still a small effect, but approaching medium size. This difference equates to two

additional navigation clicks on average per patient seen.

Table 23. Descriptive Statistics and T-Test between Hospitals and Clinics

Factor Hospitals Clinics T-Test Cohen’s D
(n=28,225) (n=10,187)

XP1 — Experience in Months 14.04 (10.193) | 13.91(10.322) | 1.048 012

XP2 — Experience in 100 11.720 (13.961) | 12.103 (15.608) | -2.181* -.027

Patients Seen

EU — Features Used 5.20 (1.670) 5.11 (1.607) 4.620%* .052

TL1 — Avg Time in EHR (min) | 23.479 (17.816) | 20.521 (13.903) | 17.016** | .175

TL2 — Avg Documentation 6.847 (5.674) 5.699 (5.077) 18.952** 1.208

Time (min)

TL4 — Avg Navigation Clicks 12.503 (6.550) | 14.449 (7.149) | -24.071** [ -.290

*p <.05, **p <.01. Mean (SD). T-Test selected is Independent or Welch Aspen test depending on

equality of variances

Overall, the effect of different facility types on the independent and dependent variables

in this study is varied. On one hand, the difference in hospitals and clinics has little effect on the

independent variables of XP1, XP2, and EU. On the other hand, the task length dependent

variables are meaningfully different. Thus, including the clinic/hospital variable in future

analysis is warranted.

78



EHR Usage Between First Wave and Subsequent Waves

One aspect of organizational learning is whether an organization is demonstrating
improvement over time. In enterprise information system implementation, a common
implementation strategy is to roll out the IS in waves. In this study’s context, the EHR was first
rolled out in the Pacific Northwest for the first two years, then to other hospitals and clinics in
the subsequent two years. The idea is that in the early waves, bugs can be fixed, training can be
improved, and hardship lessons can be passed on to subsequent waves. In this study, an
improvement in our dependent variables is anticipated because the later waves in the health
system should show indications of organizational learning by improving at a faster rate.

This particular analysis required additional data selection and sorting compared to the
previous comparisons. In order to create two comparable groups for wave 1 and wave 2, a
common variable of time is required. Utilizing the cumulative month since the first data point
(January 2017 = 1, February 2017 = 2, etc.) provided the common time element. Analyzing the
breakdown of active users in each wave, a subset of time was selected that spanned the first year
of each wave. While users began utilizing the system starting at cumulative month 1, wave 1
truly began in cumulative month 10, therefore, Wave 1 included cumulative months 10 through
22. Wave 2 started approximately two years later in fall 2019 and included cumulative months
33 through 44. Outliers were removed that had a zScore greater than 3. As with the previous
group analyses there is a large sample size difference, in this case nearly 3 to 1. This is primarily
due to the presence of two large hospitals in the wave 1 locations (See Table 24. Descriptive
Statistics and T-Test between Wave 1 and Wave 2).

Since each subset of data covered approximately a year of implementation, the average of

cumulative months should be around 6.5 (12 + 1 /2), but we do see a small difference. Wave 1°s
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mean of XP1 is 6.8— indicating some individuals that may have started using the EHR before
the official rollout. While wave 2’s mean of XP1 is 6.37 indicating some more individuals may
have started after the rollout. The significant difference has a slight effect size with the Cohen’s
D value of .108. Cumulative patients seen is another story, where the significant difference is
higher. Wave 1 had, on average, 100 more patients per user, in the same time period compared to
wave 2. Extended use is significant with small effect size, but the number of features used is
about a quarter more features on average over wave 2.

If organizational learning effects are present, we would expect that EHR users in wave 2
to be more efficient EHR users faster, in terms of total EHR time, documentation time, and
navigation clicks, than wave 1 users. However, the opposite effect is evident in this data. Wave 1
users spend 4 less minutes with each patient’s EHR record on average, 1 less minute
documenting per patient, and use slightly less clicks, on average, than wave 2 users. These
findings may be due to the Wave 1 data set having more experienced users than the Wave 2 data
set, particularly in terms of patients seen, as experience (cumulative months and patients seen)

tends to decrease EHR task time variables.
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Table 24. Descriptive Statistics and T-Test between Wave 1 and Wave 2

Wave 1 Wave2 2 T Test Cohen’s D
(n=9,501) (n=3,511)
XP1 — Experience in 6.80 (3.77) 6.37 (3.446) 6.101%* 116
Months
XP2 — Experience in 100 4.822 (4.802) 3.882 (3.805) 11.619** 206
Patients Seen
EU — Features Used 5.28 (1.631) 4.98 (1.681) 9.138%** .180
TL1 — Avg Time in EHR 25.376 (24.231) | 29.317 (31.196) | -6.769** -.150
(min)
TL2 — Avg Documentation | 6.232 (7.262) 7.772 (8.623) -9.415%* -.201
Time (min)
TL4 — Avg Navigation 14.615 (9.433) | 15.430 (10.153) | -4,141%** -.085
Clicks

*p <.05, **p <.01. Mean (SD). T-Test selected is Independent or Welch Aspen test depending on
equality of variances

This analysis, based on individual users’ experience with the EHR and task time
efficiencies, showed little evidence of organizational learning at the hospital system level
between first implementation sites and later implementation sites. A detailed selection of cohort
groups for comparison might within specific clinics or hospitals might be more revealing of
organizational learning than this wave approach. Other factors, such as the remoteness of facility
(proximity to military base), or average size of facility, in each wave could also be accounted for
in future analysis. Nonetheless, this study’s finding is interesting and troublesome, suggesting the

MHS may not have integrated and transferred learning from the first wave to subsequent waves.

EHR Usage Between Doctors and Nurses

Within a healthcare setting, doctors and nurses have different roles. For example, a doctor
would prescribe an order for an ICU patient, while a nurse would administrate it according to the
orders. There is also overlap, as a Nurse Practitioner could serve many of roles a doctor would in

a primary care setting, as they have their own scope of practice. These differences in roles and
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duties in a health setting may also impact their EHR usage. By comparing the usage between
doctors and nurses, I hope to identify the key differences in usage for both academic and
practical understanding.

The sample size difference between the two groups is significant. As a reminder, the
original 550k record dataset was culled based upon if a record saw any patients, had any time in
EMR, had extended features used, or had any navigation clicks. This likely means that nurses are
far less likely to do all of these, and why the large discrepancy. However, the Cohen’s D effect
size takes into account the sample size differences and therefore we can still analyze the group
comparison. The nurses in our sample have about 6 weeks less experience than the doctors.
While the effect size is relatively low, the difference does not say a lot as to why the difference.
XP2, on the other hand, is significantly different, as the mean difference in patients seen is nurses
seeing 327 more patients on average. In the earlier correlation matrix, a large difference in XP2
correlates to an improvement on task length. However, for nurses this is not the case. All three of
the task length factors are statistically higher in nurses than doctors. This is most apparent in
TL1, where nurses spend an extra 4 minutes on average per patient than doctors. While TL2 and
TL4, don’t correspond to a large difference, 20 seconds and a half click on average, respectively.
Extended use also is significantly greater in nurses over doctors and has the second highest effect
size. This means on average a nurse uses about a half a feature more than doctors in a given
month. A more thorough analysis may be needed to discern which feature is more likely to be

used.
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Table 25. Descriptive Statistics and T-Test between Doctors and Nurses

Doctors Nurses T Test Cohen’s D
(n=28,919) (n=1,378)
XP1 — Experience in 13.77 (10.267) | 12.20 (10.041) 5.661%* 153
Months
XP2 — Experience in 100 12.657 (15.171) | 15.931 (18.706) | -6.398** -213
Patients Seen
EU — Features Used 5.38 (1.621) 5.80 (1.612) -9.658%* -.265
TL1 — Avg Time in EHR 21.034 (14.852) | 25.142 (16.501) | -9.067** =275
(min)
TL2 — Avg Documentation | 5.742 (4.870) 6.045 (4.957) -2.257* -.062
Time (min)
TL4 — Avg Navigation 13.069 (6.681) | 13.620 (5.911) -3.359** -.083
Clicks

*p <.05, **p <.01. Mean (SD). T-Test selected is Independent or Welch Aspen test depending on
equality of variances

While the difference between doctors and nurses is interesting, another comparative
analysis difference is between doctors and medical students or residents. Medical students are
learning the craft of treating patients and trying to determine which specialty they most prefer.
Residents are junior doctors that have the didactic training, but now require specialized training
and practice. A common method at teaching hospitals, which this dataset includes a few, is to
have the student gather the information first, and then have the physician treat each encounter as
a training session. The key differences in EHR usage between doctors and students may also hint
at training differences that need to occur between these two populations.

Similar to the nurses, we see a large sample size difference between doctors and students.
Typically, each teaching hospital has a maximum amount of slots for residents and students, and
thus could be why the ratio is eight to one. XP1 is significantly different, but by about one month

difference on average. This could be because the first teaching hospital was brought on a month
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or two after the first batch of clinics and hospitals were added. The effect size on XP2 is
moderate at .397, as students see almost half the patients on average than doctors. At first
thought, perhaps students just see less patients each day. However, when we take this into
consideration with the large difference for TL1 and TL2, it begins to make a little more sense.
Students take twice as much time documenting and also nearly twice for time spent in the EHR.
The time spent per patient is about twice that of a doctor, and likely the primary reason why they
see almost half the patients. Logically, the students are learning both the EHR system and the
treatment of patients, and likely the main reason for the large difference. Other considerations
could be they having to learn a patient encounter by script, which could take longer, or perhaps a
desire to appease the physician on their work. There is no significant difference in navigation

clicks, however there is a slight increase in features used by students over doctors.

Table 26. Descriptive Statistics and T-Test between Doctors and Students

Doctors Students T Test Cohen’s D
(n=28,919) (n=3,479)
XP1 — Experience in 13.77 (10.267) | 12.70 (8.978) 6.575%* .106
Months
XP2 — Experience in 100 12.657 (15.171) | 6.906 (6.546) 40.386** 397
Patients Seen
EU — Features Used 5.38 (1.621) 5.59 (1.705) -7.230%* -.130
TL1 — Avg Time in EHR 21.034 (14.852) | 41.485 (20.809) | -56.267** -1.311
(min)
TL2 — Avg Documentation | 5.742 (4.870) 12.042 (6.445) -55.775%* -1.244
Time (min)
TL4 — Avg Navigation 13.069 (6.681) | 12.907 (5.814) 1.529 .025
Clicks

*p <.05, **p <.01. Mean (SD). T-Test selected is Independent or Welch Aspen test depending on

equality of variances

What I found interesting between the comparison of doctors with nurses and students is

the fewer features used and the lower time spent in the EHR. A doctor’s time is valuable both for
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them and the hospital, and so the lower time spent with each patient makes sense. Since the
study’s context is in a non-profit, government healthcare system, I would also be interested in
seeing more comparisons with private healthcare systems and how they differ. Perhaps, they are
the same, but the doctors might be held to a tighter standard reflected in the data. The fewer
features used and less time spent, also likely means the hypothesis 3 is not valid in the direction
proposed. Since more features used should mean less time spent, the case where doctors use less

features and take less time provides support otherwise.

EHR Usage Between Primary Care and All Other Specialties

The last comparison is in the differences between primary care specialties (family
medicine, internal medicine, pediatrics, OBGYN, and primary care) versus all other specialties.
Primary care specialties are more likely to see patients on a regular and scheduled basis. While a
surgical consult, or an ER visit is a bit more haphazard. This difference in patient treatment may
also indicate differences in EHR usage. This comparative analysis will dig into these distinctions.

The sample size difference between these two groups is also 3 to 1, but in favor of other
specialties. That is primary care makes up about 25% of the sample population. All six of the
variables are significant with the appropriate T-test applied. The experience in months, has
primary care with an average of an extra month of experience than other specialties. While the
experience in terms of patients seen is 66% higher for primary care specialists. Logically, certain
specialists are less likely to see a large number of patients in a given month. With both higher
experience in terms of months and patients seen, we should expect to see less time per patient
seen, but actually see it is higher. Primary care users spent about a 1 minute and half more on
average per patient than other specialties. However, their average documentation time is lower

by almost a minute compared to other specialties. This could be because the other specialists
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have more specific interactions or procedures to document. Navigation clicks while significant,
has a low effect size and is on average 0.2 clicks more for primary care physicians. The largest
effect size difference in this sample comparison is that of the extended use. On average, primary
care physicians use one more feature per month than other specialties. This is a large effect and

may indicate incorporation into the overall model for extended use.

Table 27. Descriptive Statistics and T-Test between Primary Care and Other Specialties

Primary Care Other Specialties | T Test Cohen’s D
(n=11,135) (n=30,242)
XP1 — Experience in 14.72 (10.527) | 13.66 (10.148) 0.194%** .104
Months
XP2 — Experience in 100 16.751 (17.965) | 10.031 (12.591) | 36.326** 472
Patients Seen
EU — Features Used 5.97 (1.385) 4.89 (1.626) 67.190%* .690
TL1 — Avg Time in EHR 23.781 (15.702) | 22.470 (17.357) | 7.313** .077
(min)
TL2 — Avg Documentation | 5.932 (5.027) 6.85 (5.755) -15.781%* -.164
Time (min)
TL4 — Avg Navigation 13.317 (5.709) | 13.101 (7.215) 3.167** .032
Clicks

*p <.05, **p <.01. Mean (SD). T-Test selected is Independent or Welch Aspen test depending on
equality of variances

A more detailed analysis of specialties may prove insightful for future research. This
could illuminate tactics, visibility and metrics specific to the specialty population. That way the
workload of an anesthesiologist isn’t inaccurately compared to that of a physical therapist. I
believe the difference in feature use is likely due to the messaging communication. I believe for
many other specialties, the interaction with messages is lower since the continued care might not
be there. This is maybe not the case for all specialties, perhaps oncology does, but I believe on
average this could be why. This feature comparison can be analyzed in future studies to look at

specific feature clusters by specialties.
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Developing Linear Regression Models

In this section, I will incorporate the various control variables discussed into linear
regression models per dependent variable. The primary method of analysis will general linear
regression. Each regression model will include the full model, the control only model and the
theoretical. For those models that include non-significant values, a revised model is added to
determine if any [ coefficients or adjusted R? changes occur.

The first model is on the time spent in EHR. The second model is on the documentation
time per patient seen. The last model is the number of navigation clicks per order. These three
models will provide greater insights into the interaction amongst the theoretical experience and
extended use variables, the control variables groups and the desired task length outcome. Using

the standardized B coefficients outputted from this linear regression, outputs

Linear Regression on Time Spent in EHR

The average time spent in the EHR is a good overall measurement of a common task that
occurs in a hospital. It is also a good measurement that can be used to calculate business costs
and for ROI on expensive system implementation. To recap in the individual correlation matrix,
TL1 was significantly related to both XP1 and XP2, but not extended use. Time spent in the EHR
was significantly different with the following control variables, in order of effect size, position,
advanced/basic, wave of implementation, hospital/clinic, and finally specialty.

In the theoretical model only, all three variables are significantly correlated to TL1 and
the overall linear model is significant (F=697.116, p<.01). Both XP1 and XP2 are positive, while
EU is moderately negative. XP1 and XP2 are opposite the direction in the correlation matrix.

While EU is now significant and has a larger B than either XP1 or XP2. This becomes more clear
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when we look at the adjusted R? value is .061 or 6% of the variance in TL1 can be explained by

only XP1, XP2 and EU.

Table 28. Evaluation of Linear Regression Models on Avg Time Spent in EHR

Factor Model 1 Model 2 Model 3 Model 4
Theoretical Control Full Model Removed NS

XP1 — Experience  .062** - .083%* 083 7%

in Months

XP2 — Experience ~ .119%* -- - 271** - 271**

in 100 Patients

Seen

EU — Features -316** -- .040%** .041%*

Used

C1 — Advanced - -.077** -.089** -.090**

C2 — Facility Type - -.002 .003 --

C3 - Wave -- 018%* -.018** -.018**

C4 — Position -- 3T71%* .344%* .343%*

C5 - Specialty - -.008 -.045%* -.045%*

Adjusted R? .061 .149 193 193

F 697.116** 1114.269** 955.836** 1092.356**

*p <.05, **p <.01. Value is Standardized f coefficient.

However, when we look at the control model only, the adjusted R? value increases to .149

and the model is significant (F=1114.269, p <.01). Individually, only 3 of the factors contribute

significantly to the model, while facility type and specialty do not. It is likely not a coincidence

those are both the smallest effect size in the comparative analysis. With the theoretical model not

explaining as much as desired, can the overall model be improved by adding the theoretical and

control variables into a single regression. Model 3 suggests that yes, the explanatory power can

be improved with a new adjusted R? of .193. In addition, specialty becomes significant with a

slight effect size and the patients experience flips signs. Extended use also becomes slightly

positive, while facility type remains non-significant. Altogether, the model improves and provide

adequate explanatory power.
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Linear regression works nicely with categorical variables because the presence or
absence of that category either add the B or it does not. For example, if the user is a physician
(position=0) than the standardized time spent in the EHR doesn’t increase by .344. However, if
the user is a student (position=2) than then standardized time spent in the EHR increases by .688.
This connects well to the comparative analysis that students spend twice as much time in the

EHR than doctors.

Linear Regression on Documentation Time in EHR

The second task length variable is documentation time. Does the time spent documenting
patient encounters depend upon their experience, extended use and various control variables?
Utilizing linear regression, I developed three models to compare the effects of the theoretical,
control and both sets of variables on documentation time. The initial correlation matrix had
documentation significantly related to XP1, XP2 and EU. XP1 and documentation time had a
low positive correlation (.037), while XP2 had a negative correlation (-.135), while EU had a

slight negative correlation (-.023).

Table 29. Evaluation of Linear Regression Models on Avg Documentation Time per Patient

Factor Model 1 Model 2 Model 3
Theoretical Control Full Model

XP1 — Experience in ~ .241** - 246**

Months

XP2 — Experience in =~ -.299%%* -- -.230**

100 Patients Seen

EU — Features Used .066** -- .033%*

C1 — Advanced -- .060** 076**

C2 — Facility Type -- -.074** -.064**

C3 - Wave -- .063** .092%*%*

C4 — Position -- 338%** 324%*

C5 - Specialty -- .046%* .022%*

Adjusted R? .049 137 172

F 553.137** 1011.707%** 828.558%**

*p <.05, **p <.01. Value is Standardized f coefficient.
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The linear regression model 1 is a fully significant model (F=553.137, p<.01), however
its adjusted R? is .049. In addition, the parameters nearly cancel each other out, which could also
explain the low R?. While this model is not a great fit, perhaps the control variables add
additional explanatory power. The largest effect size in the comparative analysis was the position
code, followed by the wave, facility type and then specialty. Model 2 improves significantly with
a new adjusted R? of .137. The largest parameter effect size is the position code (doctor, nurse, or
student), but all other control variables are significant (p <.01) and the model is significant
(F=1011.707, p<.01). The last test is for the fully integrated model, which has an improved
adjusted R? value of .172. In addition, all parameters remain significant ranging from .022 for
specialty to .324 for position. The directions for the main theoretical effects remain consistent,

where XP1 increases documentation time, while XP2 decreases documentation time.

Linear Regression on Navigation Clicks per Order

The last of the dependent variables of interest is the average number of navigation clicks
per order (TL4). The average number of navigation clicks per order indicates the familiarity of
EHR usage a user has with the system. In the beginning of EHR usage, a user has to learn
specifically how to navigate through the system. They will initially make mistakes until they
learn the system. Therefore, a decrease in navigation clicks is expected as experience increases. |
ran four models for TL4, including the theoretical variables only, the control variables only, the

full model, and the full model without non-significant parameters.

90



Table 30. Evaluation of Linear Regression models on Navigation Clicks per Order

Factor Model 1 Model 2 Model 3 Model 4
Theoretical Control Full Model Removed NS

XP1 - 146%* -- -.139%** -.143%**

Experience in

Months

XP2 - .013 -- -.002 --

Experience in
100 Patients

Seen

EU — Features 067** -- 073%* 073%*
Used

Cl —Advanced  -- -.025%* -.063** -.065%*
C2 — Facility -- 136%* J128%* A27%*
Type

C3 - Wave -- .056%** .008 --

C4 — Position -- 018%* .006 --

CS - Specialty -- -.030** -.017** -.017**
Adjusted R? .024 .025 .047 .047

F 264.142%* 164.909%** 196.752%* 314.142

*p <.05, **p <.01. Value is Standardized p coefficient.

Navigation clicks is negatively correlated to XP1 and XP2, and positively correlated with
EU. The theoretical only model is significant (F=264.142, p<.01), however only XP1 and EU are
significant parameter estimates. This is contrary to the original correlation determination. In
addition, the adjusted R? value is .024. With such a low adjusted R?, these theoretical variables
have little impact on navigation clicks. The control variables did have impacts in our
comparative analysis. For example, facility type had an effect size of -.290 on navigation clicks,
while the wave was -.188, but the student/doctor difference was non-significant. Model 2 also is
significant (F=164.909, p <.01), with all significant parameters. However, it also has a low
adjusted R? of .025. The parameter estimate for facility is .136 which is the largest, appears to be
in the opposite direction, but shows that the higher navigation clicks in clinics as expected.

Since both models so far have low R? values, there also might be overlap in variance

covered by each set. However, in Model 3 — the full model, the R? nearly doubles both other
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models (.047) meaning the model likely adds separate value covered by each subset of variables.
XP1 flips to the expected negative parameter estimate of decreasing navigation over time. The
more features used adds slightly to the number of navigation clicks. Advanced users also see a
noticeably decrement in navigation clicks. Conversely, clinics are seeing an increase in
navigation clicks, when according to the parameter estimates they should be. Noticeably, wave
and specialty are both non-significant in determining average navigation clicks. Model 4
removes the non-significant variables, XP2, C3 and C4, but has no effect on the adjusted R2. 1
believe with the low adjusted R? that this means the relationship is non-linear. In future studies

the number of navigation clicks should be evaluated using curvilinear models.

Discussion

In this study, I critically examined and analyzed the relationship of three independent
variables, three dependent variables and five control variables. I set out to explore the
relationship of EHR experience has on task length, how extended use plays a role in this
relationship, and how EHR usages differs between different groups. I used several common
statistical approaching; using correlation, independent sample T-tests and linear regression. I
identified several key findings detailed below that are of interest to practice and academia.

This study first identified the correlation amongst the variables and the direction of
correlation. Experience in months was strongly correlated to experience in patients. While, time
spent documenting was also strongly correlated to time spent in the EHR. In addition, I found
that experience is likely to decrease the average time in the EHR, but not necessarily the time
spent documenting. Extended use also had little correlation with the task length variables.
Meaning the extended use may not be affected by experience or have an impact on task length.

The study next reviewed group differences in 5 different control variables.
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Table 31. Comparative Group Difference Overview between Second Group and Reference Group

Comparisons XP1 XP2 EU TL1 TL2 TL4
Basic vs Advanced Less Less More Less -- Less
Hospital vs Clinic -- -- -- Less Less More
Wave 1 vs Wave 2/3  Less Less -- More More More
Doctor vs Nurse Less More More More - -
Doctor vs Student Less Less More More More -
Primary vs Other Less Less Less -- More --

Comparison is of second group to reference group e.g. Advanced user has less XP1 on average than
Basic Users. Effect size less than 0.1 and non-significant not shown

Advanced users were found to have a higher extended use than basic users, but also had a
much lower mean time spent in the EHR. Hospitals and clinics also had discernable differences.
Hospitals spent more time with patients and documenting, but clicked a lot less than clinics.
Another difference identified is the difference between the first wave of implementation and
subsequent waves. In all three measurements, the first wave was significantly better than
subsequent waves. While this did not show evidence of organizational learning, the extra
experience did seem to add value to the task length variables. Next, was the comparison of
doctors, nurses, and students. Doctors on average used the least number of features, spent the
least in the EHR and the least amount documenting. Students also spent twice the amount of time
in the EHR and documenting than either nurses or doctors. The last comparison, was that
between specialties. Primary care users used more features, spent more time in the EHR, but less
time documenting than other specialties.

After, conducting a thorough group comparison, the next analysis was developing linear
regression models. The complete models for both TL1 and TL2 had adequate explanatory power,
however, the complete model for TL4 fell short. Support for hypothesis 1 was supported by XP2
on TL1 and TL2, but not navigation clicks. While XP1 had no relation in the regression models

for TL1 or TL2, but did for navigation clicks. In addition, the extended use factor has a positive
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effect on all three dependent variables meaning it is in the opposite direction of hypothesis 3.
However, support was smaller than anticipated. This could mean the features identified and used
are not a core reason for the difference in task length. Or that the extra features slightly increase

the overall time in the EHR e.g., the more things a user has to do the more it slows them down.

Table 32. Study 2 Hypothesis Testing Results

Hypothesis Support
Hl1 As XP increases, TL decreases Partial, XP2 on TL1/TL2, XP1 on
NAVCLICKS
H3 As EU increases, TL decreases No, opposite as hypothesized

Practice would be interested in these findings because of the metrics and benchmarks
imposed on their staff. If I was to arbitrarily impose a time limit of no more than 20 minutes with
a patient, it would not take into account the group differences. Is this in a hospital? Are they
primary are doctors? How many months of experience do they have? While not going the
additional step of creating these benchmarks, the knowledge that there are differences suggests
any metrics imposed in practice should be steeped in historical use. In addition, practice would
find the knowledge that EHR implementation over time gets better as suggested by the
implementation wave comparison. Last, practice might also appreciate that students, while taking
twice the time to see patients are often paid less than that compared to a doctor and from a
strictly bottom-line perspective are worthwhile.

Few and far between are there studies of EHR usage with empirical data. This becomes
one of the first to incorporate a large, encompassing EHR implementation into a study on EHR
usage and task length. This study also adds to the body of work on system use and
implementation success. In addition, this study while limited in scope to use and efficiency,

perhaps tangentially also shows support for patient satisfaction since Venkatesh (2011)modelled
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EHR system use a predictor of patient satisfaction with a significantly improved model over the
control variables with an R? of .34.

The choice of research methodology was limited by the constructs garnered from the
system. For example, the advanced users was presumed from the types of features that were
used. This could be improved through survey methodology or experimental testing, to identify
the faster typists, or the ones more familiar with technology. With the additional research
methodology, the results can be compared to prior research regarding basic versus advanced use,
while using the same constructs and the empirical data in this data set. Another limitation, is the
expanded position category. Since the position was doctor=0, nurse=1, student=2, the
relationship was not always linear. For example, the documentation time for doctors is 21
minutes, 25 for nurses, and 41 for students. This non-linear correlation may have had impacts on
our model. In future studies, I would recommend to separate out these variables to isDoctor,
isNurse and isStudent. Another limitation, but also an area for additional investigation, is the
study’s sector. Being a non-profit, government sector, the time spent with each patient may be
less cost considerate and more focused on patient outcome. However, the opposite could be true
since private health systems are often reimbursed based upon quality metrics. Either way, the
additional comparison could be enlightening for both practice and academia. One area that could
use additional investigation is the specific difference in specialties. This dataset is ripe with
potential, however, not all specialties are adequately covered. This could be expanded to include
many specialties and compare them to prior research.

Altogether, I found that the control variables had reasonable impact on task length and
implementation waves on experience. I also found that navigation clicks might not be adequately

explained in the dataset and may need to be removed. In addition, extended use had little impact
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on task length, therefore its use in study 3 should be cautioned. This study serves as a basis for

future analysis on EHR usage and task length by utilizing empirical system log information.
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Chapter 7. Study 3 — EHR Usage Structural Equation Model
This study’s purpose is to identify and evaluate the relationships among experience, using
an EHR, extended use of EHR features, and task length using the EHR for a newly implemented
electronic health record system. The primary outcome of this study is a structural equation model
that evaluates the influence of experience on task length while accounting for the mediating
effect of extended use. I will first discuss the procedures taken to evaluate the data. I will then
explain the SEM analysis, model identification and fit. I will then conclude with a discussion of

the results, implications, limitations and potential areas of future research.

Analysis

This study will utilize the same 41,377 record dataset from study 2 and which was
created from the outlier removal in study 1. The dataset needed only minor preparation for
analysis for structural equation modeling (SEM). SEM analysis will be conducted with Mplus
v8.4. The preparation included removing any headers and affixing the variable names of
appropriate length inside Mplus. This study will test each of the three primary hypotheses for
support using structural equation modeling (SEM). SEM builds upon multivariate regression,
that was conducted in study 2, by allowing for the simultaneous analysis of all variables instead
of separately. A model is determined to be a good fit if the CFI1 > .96 and the SRMR <.09, or the
SRMR <.09 and RMSEA < .06 (Hu & Bentler, 1999). Ideally meeting the latter model fit is
better as it reduces both type I and type II errors.

This section will first begin with the analysis of experience on task length. This will help
finalize the answer to research question 1, “does a user’s increasing experience using the EHR
improve their efficiency in performing tasks in the EHR?” An answer to this question will help

understand the IS experience learning curve better. Then I will analyze the relationship with
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extended use as a mediating variable on task length. This will answer research question 2, “does
a physician’s extended use of an EHR system’s features develop with increasing IS experience,
and what are the implications of extended use for user efficiency within the EHR?”
Understanding the development of extended use is not as understood, and its effects on task
length have been studied little. Last, this study will determine if other control variables or factors

may add additional strength to the model.

Experience on Task Length

The direct relationship of experience on task length is rather simple in SEM. First, we
combine the original task length components identified in study 1 as a latent construct. This
latent construct will be defined by TL1 and TL2. TL1 is the average length of time spent in the
EHR per patient seen. While, TL2 is the average length of time spent documenting per patient
seen. These combine together to form the latent construct task length. Experience is defined for
a user as the number of months of active use (XP1) and the cumulative total patients seen (XP2).
SEM is not adequately capable of handling two factors independent variables and therefore the
experience factors will be initially kept separate.

To determine the direction relationship path estimates, three models will be analyzed.
Model 1 is the direct relationship of both XP1 and XP2 on TL. Model 2 is the direct relationship
of both experience on both TL and NavClicks. Model 3 attempts to simplify model 2 by creating
an interaction effect between XP1 and XP2 as the direct relationship on both TL and NavClicks.

The full model fit statistics can be found in Table 33.
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Table 33. SEM Model Fit Comparison for Experience on Task Length

Model 1 Model 2 Model 3
AIC 585,090.620 860,601.888 862,272.082
¥ 951.513** df=1 972.017** df=3 14.927** df=1
RMSEA 152 .088 018
CFI 965 .966 .999
SRMR .033 .026 .005

*p <.05, **p <.0]

Model 1’s model fit information fits joint criteria from an absolute model comparison

since the CFI=.965 and SRMR=.033. However, the RMSEA is higher than desired as .152. This

leaves room for improvement. The loadings of both TL1 and TL2 are greater than .7, which

indicates a good fit for the latent construct. The path estimates from XP1 and XP2 to TL are both

significant. In addition, the standardized values are of decent effect size. XP2, the cumulative

number of patients seen, has a negative relationship with task length. Meaning the more patients

seen the less time the tasks take. However, XP1, the number of months of experience has a

positive relationship with task length. That is, the more months of EHR experience, the more

time the task takes. Since the model fit is not the best, let us move on to model 2.
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Figure 10. XP on TL Model 1 Standardized Path Estimates

Model 2 includes the variable addition of navigation clicks. Two new paths are created.

The first is from XP1 to NAVCLICKS. The second is the covariance between the endogenous
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variables NAVCLICKS and TL. Recall from Study 2, that XP2 had no correlation with
NAVCLICKS and therefore that path should not be added (Table 30. Evaluation of Linear
Regression models on Navigation Clicks per Order). This model also meets joint criteria with
CFI=.966 and SRMR=.026. While the RMSEA decreased considerably to .088, it did not meet
the cutoff of .06. This model’s TL latent construct has excellent loading with both TL1 and TL2
above .7. The original paths from XP1 and XP2 to TL did not change significantly. The new
path, XP1 to NAVCLICKS is significant with a standardized path coefficient of -.133. Meaning
the more months of experience does decrease the number of navigation clicks. Last the
relationship between NAVCLICKS and TL is significant, but low. This reinforces study 1’s
assumption that NAVCLICKS is a separate concept. While this model appears good, let’s see if

we can improve this model with an interaction effect.

NAV
_ ksk
XP1 SEERS W.%z
yos 098+
' o TLL 167
912%+
XP2 [ .320%
7254+
ohs A T2 e

Figure 11. XP on TL Model 2 Standardized Path Estimates

Model 3 replaces the XP1 and XP2 variables with the interaction effect between the two,
XP1*XP2. This interaction effect helps overcome the two factor independent constraint of SEM

and helps inform how experience works together to effect navigation clicks and task length. This
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is the first model to fit both joint criteria’s with CFI=.999, SRMR=.005 and RMSEA=.018.
Meaning this model fit is excellent. Looking closer, all paths are significant. However, the
residual variance in TL1 becomes negative. The loadings in TL change with TL1 becoming
greater than 1, while TL2 lowers to a still reasonable .54. The experience interaction effect on
task length is now negative, indicating a general increase in experience correlates to less time on
task. Next, the experience interaction effect also has a negative correlation to NAVCLICKS.

While this is less than the previous model, it is likely due to the non-existent correlation for XP2.
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Figure 12. XP on TL Model 3 Standardized Path Estimates

Comparing the models, Model 3 has the best model fit information while using the
interaction effect of months and patients to significantly support the negative relationships to the
dependent variables of navigation clicks and task length. While Model 2 can be used as well, 1
believe the interaction effect between EHR experience of duration and intensity helps maintain
the balance of growth between the two, while achieving the trend towards improves task length.

However, it is not without its issues. The loading on TL1 indicates that the relationship might be
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as strong as presumed and warrants future analysis. Based upon this model, there is support for

hypothesis 1, as well as, answers research question 3.

Extended Use

Up to this point, research question 2 “Does a user’s extended use of an EHR system’s
features develop with increasing IS experience, and what are the implications of extended use for
user task performance within the EHR?” has found little support. However, with structural
equation modelling the approach to all variables is conducted simultaneously, which may
provide greater insight into the relationship. In order to test RQ2, Hypothesis 2 and Hypothesis
3, five models will be analyzed. Model 1 is the direct relationship of XP1 and XP2 to EU.
Model 2 is the direct relationship of EU to TL. Model 3 is a moderating relationship of EU from
XP1 and XP2 on TL. Model 4 is a mediating relationship of EU on both XP1 and XP2 on TL.
Model 5 is also a mediating relationship of EU on XP to TL; however, XP will be defined as the

interaction effect of XP1*XP2. The full model fit statistics can be found in Table 34.

Table 34. Extended Use Model Fit Information Comparison

Model 1 Model 2 Model 3 Model 4 Model 5
AIC 158,153.473 N/A 743,164.156  740,661.089  739,353.394
¥ 0 N/A 3482.612%* 975.545%* 4987.248**
df=4 df=2 df=3
RMSEA 0 N/A 145 .108 .089
CFI 1 N/A .885 968 .969
SRMR 0 N/A 071 .027 .028

Model 1 is the direct relationship of experience on extended use. Both XP1 and XP2 have
significant path estimates to EU. XP1’s path estimate is -.248, while XP2’s standardized path
estimate is .336. The negative path estimate for XP1 on EU indicates that months of experience

lessens the extended use of the EHR. While, the more patients that are seen increases the
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extended use of the EHR. If the interaction effect is run instead of both experience factors
separately, we obtain a direct standardized path estimate of .103. Therefore, as experience
increases there is a corresponding increase in extended use.

Model 2 is the direct relationship of extended use on task length. Unfortunately, the
model did not converge. This suggests an issue underlying this relationship. Extended Use and
TL1 are not correlated which could be the primary issue in such a simple structural equation
model. The second issue could be the almost categorical input of extended use. Extended use
has only 9 possible outcomes, but centers closers to 4 or 5. However, despite these issues in the
direct relationship a moderating or mediating model may shed further light on the relationship in
research question 2.

Model 3 (Figure 13) is the moderating relationship of extended use on task length for
both experience variables. The model fit characteristics are low with the RMSEA=.145,
CFI=.885 and SRMR=.071. Results were expected to be tempered since EU had no significant
correlation with TL1 and low correlation with TL2. EU maintained the same experience path
estimates as model 1. Extended use has a significant, negative path estimate to task length at
-.014. While significant, the effect size is negligible. In addition, TL2’s residual variance is
negative and its factor loading on TL is above 1, while TL1’s loading is low at .308. Altogether,

this is not a good model for the data.

XP1
~_ v TLL «—905
-.248%* 308
EU [——.014%**
336%* 2 149%*
xe2 ! I v P
933 1

Figure 13. SEM Extended Use Moderating Model with Standardized Paths
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Where Model 3 lacked, Model 4 adds with the direct relationships of XP1 and XP2 on TL
(Figure 14). This simple addition of making extended use a mediator of experience on task
length brings the model fit characteristics to meeting joint criteria with CFI=.968 and
SRMR=.027. However, the RMSEA is a little higher than desired at .108. While model 3’s task
length loadings was lopsided, this model’s loadings revert to more appropriate values above .7.
Similar to the experience on task length SEM model 1, XP1 has a positive path estimate (.155) to
task length. In other words, the more months of experience leads to longer tasks. XP2, on the
other hand, has a negative path estimate (-.344) to task length; meaning, the more patients are
seen the less time on average users spend with patients. Last, the direct path of EU on TL is
positive and significant at .066 representing the more features used equating to longer tasks for
users. These are not quite the hypothesized directions on two of the paths, but a good model fit

on two of the three primary measures of fit.

XP1
- D48%* 151%* o TL1 |«—.164
\ 914%%*
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Figure 14. SEM Extended Use Mediating Model with Standardized Paths
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In Model 5 (see Figure 15. SEM XP Interaction Effect with Extended Use Mediator on
Task Length), I add an interaction effect between the two experience variables on both extended
use and task length. This interaction effect accounts for how the cumulative patients seen and
number of months of EHR experience work together to create a common EHR system use
experience —without creating a latent construct. The direct relationship of this interaction effect
on task length is .468 (p <.01). This means a one standard deviation increase in the interaction
effect of experience results in a nearly a half a standard deviation increase in task length—
roughly 7 more minutes. At the same time, the number of patients seen has a strong negative
relationship with an effect size of -.732 (p <.01) on task length, meaning the patients seen
variable has a larger effect on task length than the interaction effect, as well as the number of
months of EHR system use experience. In addition, when the paths to extended use are
evaluated, both the interaction effect and number of months decrease extended use, while
cumulative patients seen increases extended use, indicating partial support for hypothesis 2.
Moreover, the entire model includes statistically significant relationships and low residual
variance on the exogenous variables. The model fit characteristics are good, nearly meeting joint
criteria with RMSEA=.089, CFI=.969, and SRMR=.028. So, while the model is not perfect, the
model fit information exceeds the other models while also staying true to the theoretical
relations. Thus, extended use model 5 is the model of choice to discuss the relationship between

experience, extended use and task length.
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Figure 15. SEM XP Interaction Effect with Extended Use Mediator on Task Length

Discussion

In this study I proposed and tested a structural equation model that models the
relationship between experience, extended use and task length. This model achieves great model
fit information and statistically supports 2 of the 3 hypotheses. I believe this model will help
hospitals understand that learning a new, large enterprise EHR takes considerable time, but
indicate a huge labor savings potential. This study is also the first to model these variables in a
health setting using longitudinal empirical use data, which adds to the body of health information
systems knowledge.

Hypothesis 1 predicts experience with the EHR will decrease task length (negative
relationship), indicating improved efficiency of users of the EHR completing their tasks in the
system. Model 1 supports this hypothesis with a -.128 standardized path coefficient, meaning the
greater the experience, the greater the improvement on task length as indicated by the time spent
in the EHR and the time spent documenting per patient (indicated as less time spent on these

tasks). Experience model 1 also showed support for a decrease in the average number of
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navigation clicks per order. Hypothesis 2 predicts greater extended use of the EHR as the users’
experience, measured in months of use and number of patients seen, increases. This is only
partially supported in model 5, since the only positive standardized path coefficient was
cumulative patients seen (XP2) on extended use (.569 (p <.01)). This indicates that as EHR
users increase their use of the system due to seeing more patients, they tend to utilize slightly
more system features. Hypothesis 3 predicts a moderating effect of extended use on task length,
that is, the more features used the more efficient users are in the system. The model suggests the
moderating effect is significant with only a small effect, but the relationship is in the opposite
direction hypothesized with a standardized path coefficient of .082 (p <.01). Table 35
summarizes how findings support these hypotheses.

Table 35. Hypothesis Support from Structural Equation Model

Hypothesis Support
H1 As XP increases, TL decreases Yes
H2 As XP increases, EU increases Partial, Patients Seen Only
H3  As EU increases, TL decreases No, Opposite and Low Effect

An easier method to explain a model is to provide a story. John and Jill are both
physicians in this hospital system. John is new, while Jill has been there a year. Jill has used and
worked with the new EHR the entire time, getting progressively better at using the system. Her
experience using the system from the extra year of experience and the 1,000 more patients seen
has resulted in her being faster at ordering prescriptions, spends less time documenting and less
time in the system over John (H1). Jill also knows and uses several additional features over John
due to seeing more patients over time (H2). John is getting inundated with patients and finds he

has less time to do everything required in the system and so leans on his nursing staff. However,
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both John and Jill see a negligible increase in task length due to the number of features they use
(H3).

The results of this model are helpful in understanding the effect of experience on overall
task length. A physician with a little over a year of experience using the EHR saves about 2
minutes per patient in time spent in the EHR. This may seem like a small amount, but
compounded for each patient seen in a given month the time adds up. The average number of
patients seen in a month across all specialties, positions and clinics is 62. This means the extra
experience saves 2 hours per user per month in time spent in the EHR. At an average of $103 per
hour!® and across the dataset of 10,000 physicians, this could potentially mean $2M saved in
labor per month for the enterprise. Moreover, physicians are generally critical of time spent
documenting and time spent using EHRSs, so that reducing time spent on these tasks are likely to
be viewed favorably by both clinicians and administrators.

The results, while promising, also have limitations. The EHR usage data set, while
providing actual use metrics, does not address the effects of training: when the training occurred,
how recent, how in depth or relevant. This information on training could help differentiate users
and also help understand how an organization can help users reach effective use of the system
quicker. There is also no quality outcome or psycho-social measure outcome. Time spent in the
EHR may decrease, but that doesn’t tell us if the quality of patient care remains stable or
worsens. In addition, the time may decrease slightly, but does that do anything to resolve issues

with physician burnout or computer anxiety? Both areas would be interesting to study further.

' Calculated using the Median US Physician Pay of $206,500 at 2000 hours a year from
https://money.usnews.com/careers/best-jobs/physician/

108



Chapter 8. Discussion and Conclusion

The idea for this dissertation began with observations on the difficulty of implementing a
new electronic health record system to an organization that could not stop operations to attend to
implementation. I saw firsthand difficulties with appointment scheduling, paper augmented
processes, and overall frustration. I also saw some doctors and nurses appear fully on board and
succeeding in the new EHR. This lead to my questioning, ‘does a more proficient user get better
quicker?’ These observations evolved to 3 focused research questions:

RQI: Does a user's extended use of an EHR system s features develop with increasing 1S

experience, and what are the implications of extended use for user task
performance within the EHR?

RQ2: Are patterns of extended use and task length different for various groups?

RQ3: Given extended use and controlling for known factors, does a user’s increasing
experience using the EHR improve their efficiency in performing tasks in the
EHR?

These research questions guided my development of the dissertation study, with the three studies
presented in Chapters 5, 6 and 7. Each study is first summarily discussed regarding what was

done, and why it matters.

Discussion

This dissertation includes three studies related to the relationships between EHR use,
extended use, and task length. Study 1 included confirmatory factor analysis of the EHR features
defined in the extended use construct, as well as the composition of the task length construct.
Study 2 utilizes linear regression to determine the impact of each theoretical and control variable
on each of the three task variables. Finally, study 3 analyzed the relationships with structural

equation modelling to develop two models demonstrating high model fit for the hypothesized
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relationships between use, extended use and task length. Table 36. Overall Hypothesis Support,

summarizes these findings.

Table 36. Overall Hypothesis Support

Hypothesis Study 2 Support Study 3 Support
H1 As experience increases, task length Partial, XP2 on TL1/TL2, Yes
decreases XP1 on NAVCLICKS
H2 As experience increases, extended use -- Partial, XP2
increases Only
H3 As extended use increases, task length No, Opposite No, Opposite
decreases and Low Effect

Overall, with the completion of the three studies, hypothesis 1 had partial support in
study 2 for a decrease in task length when experience increases, while hypothesis 1 showed full
support in study 3. Hypothesis 2 was partially supported in study 3 indicating that EHR
extended use increases as only EHR frequency (cumulative patients seen) increases. Last,
hypothesis 3 had no support in the direction hypothesized, with empirical analysis indicating
statistically significant effects in the opposite direction than theorized, i.e. that as extended use

increases, the task length increased, not decreased.

Study 1

Beginning with the theoretical definition of extended use and an empirical data set with
38 different variables, I pruned the factors to 28 upon evaluation of variance and sample size.
After examining the principal components of extended use, I further reduced the factors to 15
due to issues with non-existent loadings and repeated measurements. The exploratory factor
analysis revealed that there was extensive overlap in factors. Therefore, a reduced set of 9 factors
were inputted into the confirmatory factor analysis on the second part of the dataset resulting in a
good model fit. I believe this rigorous factor analysis of the extended use construct meets our

theoretical definition, while also achieving statistical validity for future studies. The analysis in
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study 1 also shows that the dichotomous usage of the 9 features in a given month is significantly
different amongst individuals. This means it has a fair likelihood to have a significant
relationship in our overall model of EHR experience and use on task length.

In addition, study 2, I analyzed the EHR task length construct. Initially defining task
length as the time and clicks required to use the system on average. This construct was evaluated
using principal component analysis and confirmatory factor analysis. These findings revealed
navigation clicks with deviations did not load well to task length. The correlation amongst time
spent in EHR and documentation time was high, however, both did not correlate well with
navigation clicks. The path forward was to use task length as a two factor formative construct of
average time spent in the EHR per patient seen and average time spent documenting per patient
seen. In addition, the average number of navigation clicks was kept as an additional dependent
variable for analysis in both studies 2 and 3.

These two constructs were developed using sound and rigorous statistical methods to
determine a proper fit. This allows for the usage to be appropriate and proper for study 2 and 3
without continually revisiting the constructs component composition. Extended use has
previously been defined as the composition of clinical, communicative and advanced features
using survey questions. This study provides an alternate fit that largely abides by communicative,
two separate clinical factors and one indicator of advanced feature. In addition, the task length
construct provides easy to understand impacts of average time required per patient seen. This

may illuminate the findings to practice by revealing potential labor savings.

Study 2
In study 2, I set out to answer research question 2, while also begin to formulate the

answers to research question 1 and 3. This study first identified the correlation amongst the
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variables and the direction of correlation. This matrix showed slight to moderate significant
correlation amongst almost all variables (EU to TL1 notwithstanding). Experience in months was
strongly correlated to experience in patients. While, time spent documenting was also strongly
correlated to time spent in the EHR. In addition, I found that experience is likely to decrease the
average time in the EHR, but not necessarily the time spent documenting. Extended use also had
little correlation with the task length variables. Meaning the extended use may not be affected by
experience or have an impact on task length. The study next reviewed group differences.

These six groups’ comparisons included: (1) basic and advanced users, (2) hospitals and
clinics, (3) early adopters and later adopters, (4) doctors and nurses, (5) doctors and students, and
finally (6) primary care specialties and other specialties. The differences between basic and
advanced users included the advanced users having less experience overall, but using more
features, spending less time with patients and less navigation clicks. Hospitals and clinics had no
differences for experience or extended use; however, clinics spent less time with patients, less
time documenting and clicked more than hospitals. The relationship of early adopters versus later
adopters stemmed from the idea of organizational learning. Later adopting organizations may
improve quicker than early adopters due to learning from previous failures. However, later waves
spent more documenting, more time with patients and more clicks with less experience. Another
comparison is of the roles. Doctors get a lot of attention in EHR studies, but this study allowed
for evaluating medical students and nurses as well. Nurses were found to see more patients than
doctors and typically spent more time in the EHR. No significant, impactful differences
occurred for documenting or navigation clicks. Students on the other had had less experience
than doctors, but spent considerably more time in the EHR with patients and also spent

documenting. I believe this may be due to their EHR use aspect of the students; learning to use
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the EHR while also learning the ins and outs of patient care and what to document. The last
comparison was of primary care. Other specialties saw less patients, used less features, but did
document more than the primary care specialties.

Study 2 concluded with three linear regression models on average time in EHR per
patient seen (TL1), average time spent documenting per patient seen (TL2), and average number
of navigation clicks per order (TL3). Each linear regression included separately the theoretical
variables only, the control variables only, and the full model that included both. The full model
on TL1 explained 19% of the variance. The number of patients seen had the strongest negative
regression on TL1, while the position included the strongest positive addition. The full model on
TL2 also explained 17.2% of the variance, where months (+), position (+) and patients seen (-)
had the strongest effect on TL2. Finally, the last model on TL4, navigation clicks left very few
variables and only explained 4.7% of the variance. This model did not include wave, model, or
patients seen as predictors. Therefore, the model is not as supported as TL1 or TL2.

The findings in study 2 provide evidence supporting the existence of differences between
groups, roles, types of users, and even adoption wave. This component should be considered in
future research, or included as a basis for limiting the scope of research due to group differences.
The linear regression models provide a starting point for future research on the control and
theoretical implications on two of the three task length variables. This data also prepared the

foundation for further statistical analysis.

Study 3
In study 3 I finalized the answers to research questions 1 and 2, as well as, the three
hypotheses. In the study I proposed and tested several structural equation models. The first

group of models tested the direct effect of experience on task length. The final model
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incorporated the nascent navigation clicks variable and used an interaction effect between EHR
experience in months and patients to explain hypothesis 1 with good model fit information. The
model shows that experience decreases both task length and navigation clicks.

The second set of structural models the relationship between experience, extended use
and task length. Building the model revealed some weaknesses, specifically with the non-
convergence of extended use on task length. However, the full model, which included the
mediation of the experience interaction on task length had good, but not perfect, model fit
information. In addition, it supports both hypothesis 1 and partial support of hypothesis 2, but not
hypothesis 3.

I believe these models and the relationships revealed will help hospitals understand that
learning a new, large enterprise EHR takes considerable time, but indicate a huge labor savings
potential. This study is also the first to model these variables in a health setting using
longitudinal empirical use data, which adds to the body of health information systems
knowledge. Last, by using more effective statistical techniques adds additional explanatory

power of the relationships over only correlations or T-tests.

Contributions

The research included in this dissertation has numerous contributions. In accordance with
Webster & Watson (2002), these contributions answer what is new, what is the impact, why is it,
and how well it can contribute. Contributions include scholarly and practical contributions. The
scholarly contributions relate to addressing gaps of current and available research by looking at a
problem in a new context, or using a new methodological approach. The practical contributions

are those that a practitioner can learn from and implement. This research has both. In addition,
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this section details future research streams that can be pursued, as well as, limitations of the

study. Finally, it will conclude with the overall benefits and novelty of the research.

Scholarly Contributions

In this dissertation, I utilized the IS field’s research on information system usage,
extended use of systems, and of contextual studies in the health IT field, to guide my
development of research questions, and inform my understanding of its context. My study
contributes to this literature in several key ways.

First, it seems logical to assume that as knowledge workers gain experience with using a
complex information system, they become more comfortable and confident with its features and
begin to explore more fully how to use the system to complete their tasks. However, studies have
shown that users tend to level off in their use of features and reach a plateau of habitual use
(Bhargava & Mishra, 2014). Research on the extended use concept (Wang & Po-An Hsieh, 2006)
has guided further research into this phenomenon, and importantly for studies of EHRs, into
factors that contribute to users’ moving beyond basic features to more fully utilize powerful
software features.

My study of EHR usage data indicates that over time, EHR users do tend to take up more
of the features of the EHR. However, the relationships between experience, extended use, and
task performance (assessed in time spent using the system for patient encounters) is not as
simple. Interestingly, among EHR users in the military heath care system I studied, having more
months of experience with the EHR was related to less extended use of the system (fewer
features), whereas seeing a larger number of patients over time was related to using more EHR
features (see Figure 15. SEM XP Interaction Effect with Extended Use Mediator on Task

Length). This suggests that the variety of task demands (evidenced by more patient encounters)
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stimulates extended use. This study further supports Peng et al’s (2019) research that task variety
can affect system exploration.

Similarly, while we might expect that extended use of system features will lead to greater
efficiency, as users seek better ways to complete a task, this study suggested that extended use
modestly increases the time to complete systems-related task. This is logical, given the context
of EHR use. That is, users who take advantage of additional features (e.g., completing orders,
messaging patients, checking patient history) likely spend more time in the EHR system for
patient encounters because they are doing more of their tasks in the system rather than via
phones, face-to-face encounters or on paper. Thus, the tradeoff of using more features resulting
in increased time in the EHR may be a beneficial outcome of system use (i.e., more accounted
time on task with the additional precautions and security in the EHR).

These findings are meaningful for the type of systems-related tasks that knowledge
workers, such as physicians and nurses, do on a day-to-day basis, and the substitution of complex
information systems (e.g., EHR) to support their work. A more in-depth, observational study
could examine whether in fact such substitutions of non-system effort for system related tasks
take places and if overall task efficiency improves with extended use of the computerized
system. Further studies could also consider a quality aspect in the measurement of task
performance. These findings require some caution before application in other settings. For
instance, in some tightly controlled administrative processes, users may have to follow strict
protocols with little discretion over for effective or varied use of system features.

Another interesting, yet potentially contrary finding, was that the health system did not
show improvement in EHR use efficiency in wave 2 versus wave 1. However, prior research has

suggested that OL spans unit boundaries only when the knowledge transfer and work-flow ties
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exist (Zappa & Robins, 2016). The military health system studied may not be integrated in
communication horizontally and lacks some vertical communication as well. Limited
communication is potentially a factor of the hospitals being from different military services (Air

Force, Army, Navy), as well as the relatively new role of the Defense Health Agency.

Practical Contributions

Physicians have resisted EHR implementations for many years, and the potential side
effects are highly problematic, namely burnout. The often-cited cause is the increased amount of
time spent using EHRs (Gardner et al., 2019). While this study doesn’t support or not support the
link between EHRs and burnout, the improvement of average documentation time and time spent
with each patient as system experience increases suggests that the potential for EHR use to
contribute to burnout is reduced with experience. That is, physicians and administrators need to
have patience so that the efficiency gains that may limit burnout can develop over time.

Enterprise IS project managers may also be interested in the wave comparisons to
consider whether rollouts of enterprise information systems get easier or better. Preliminary
evidence here suggests that while the information system implementation per se may get better
over time (which was not studied here, e.g., time to rollout in a new location, train new staff), the
critical performance aspects of users (time to document) may not improve with later
implementation phases. Implementers cannot depend solely on the organic organizational
learning to drive performance enhancements, and must continue to drive performance
improvements explicitly. Some studies suggest that an avenue to assist the IS performance gains
is to lean on peer-to-peer knowledge transfers (Kane & Alavi, 2008; Kane & Borgatti, 2011),

such as bringing competent and respected individuals to later implementation training sites.
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Given the considerable resources invested in EHR systems, practitioners should absorb
and understand any research devoted to the return on investment of these systems. This research
shows there can be time-savings as experience increases (specifically more times using the
EHR), and that there are differences across hospitals, clinics, positions, and specialties. From an
administrative perspective, this provides a basis for understanding baseline metrics to asses
performance (minus quality metrics). In addition, the basis for this research is a tool, Cerner
Lights On, that is readily available for many practitioners since Cerner holds 26% US market
share.!® With the analytical methods presented in this study, and the use of this tool, practitioners
will be able to produce relevant reports, metrics, benchmarks, and assess performance gains.

In addition, using this research and tool, practitioners could identify local experts and
leverage their use to improve EHR use and performance efficiency across other units or to
newcomers. Last, implementors might also appreciate that medical students, while taking twice
the time to see patients and use the EHR, are often paid less than a fully-trained doctor, and from

a strictly bottom-line perspective, this learning time is cost-effective.

Future Research and Limitations

This research answers several calls to arms for information systems research in the
healthcare IT context (Agarwal et al., 2010; Davidson et al., 2018; Kohli & Tan, 2016; Romanow
et al., 2012). This paper examines a recent, large implementation of an EHR and uses IS theory
to explain organizational outcomes related to IS usage. Early research in this area looked into the

failings, resistance and avoidance of the HIS (Bhattacherjee & Hikmet, 2007; Kane & Labianca,

16 Epic Dominates EMR Market Share Wars, Cerner Loses Ground
(https://www.healthleadersmedia.com/innovation/epic-dominates-emr-market-share-wars-cerner-loses-

ground)
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2011; Lapointe & Rivard, 2005), but EHRs have changed and grown over the past 15 years.
Looking at the EHR usage from the extended use and system use perspective adds to the
literature about how to attain growth and a full return on investment of the EHR.

This paper's contributions also address many limitations of previous research in health IT
and system use by using longitudinal objective system log data. For example, one comparative
study on EHR usage and task length stated only a third of research in this area included
quantitative data (Poissant et al., 2005). Survey research is not as precise as usage data, since
surveys rely on user self-reports and perceptions, instead of objective logged data. This
methodological approach complements and enriches research based on in-depth case studies or
cross-sectional survey methods. The exploratory factor analysis of extended use with system log
data is likely the first of its kind and provides a measurement of the construct “extended use”
based on EHR features used, which can be applied at different times in the implementation.

This study also complements the many smaller studies that focus on one clinic, one
specialty or one role. By studying a health system composed of different types and sizes of units,
the comparative differences in task length and extended use can help inform future research
questions about the unique challenges of each facility or role in EHR use. The finding of
significantly less task length by advanced EHR users also begins to unravel a story of differences
in users’ IS capabilities producing different results including less burnout, higher patient
satisfaction or even quality of care.

While this study did not adopt a full multi-level analysis, by studying EHR use at
individual and group levels, the research begins to integrate an understanding of the extended use

and organizational learning literature. Few IS studies with the primary context of health have
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looked at multiple levels, and none have integrated these theories at multiple levels. This study
thus contributes to the growing interest in multi-level IS theory research.

This research can also be expanded upon in later studies. For example, we could add
surveys and interviews to craft a mixed-methods study that attempts to explain the underlying
principles for certain trends. In addition, this would allow for triangulation of data from surveys
to system log data. Additional constructs can also be used to identify consequences to the
physicians’ system and extended use, such as evaluating if burnout occurs due to using the
system more, if computer anxiety can be abated through experience, if EHR usage is also tied to
improved patient outcomes and satisfaction, and so on.

The type of EHR usage log data, such as was used here, allows for additional avenues of
research. The data includes information on user alerts, which can be studied for alert fatigue. The
data also has information on system crashes. This information can provide a basis of research on
impacts of downtime from the individual to the organization, how it affects learning, or even
attitude towards the system. These all could impact the use of the EHR. Another way to analyze
the data would be in a repeated measures fashion to assess changes in usage outcomes for
individuals, units, or the hospital system. A more refined subset of usage data over time may
show support for organizational learning in the systemwide implementation of an EHR.

While this research is insightful, interesting and impactful, it does have certain
limitations. At the individual level, we do not capture many potential control variables from
gender and age to years of work experience or speciality in the analytical models. (In previous
research only gender was found to be a significant control factor in EHR usage (Paré¢ et al.,
2015).) At the organizational level, we are making certain assumptions about group dynamics

and membership. Not having an organizational chart to define the organizational structure in our
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group membership precisely, may create some false positives (organizational learning where
there is none) and false negatives (no organizational learning where there should be). Last, by
choosing this study’s context as a mandatory Military setting, generalizability to voluntary EHR

systems and to non-Governmental hospitals and small clinics is limited.

Conclusion

In this dissertation, I set out to evaluate the effect of EHR experience has on individual
task efficiency and how extended use of the EHR plays a role in this relationship. I completed
three studies that built upon each other forming a more comprehensive explanation of this
relationship.

In study 1, I explore the data set to identify the features that comprise extended use.
Utilizing a combination of principal component analysis, exploratory and confirmatory factor
analysis, I show support for a second order latent construct comprised of 4 factors and a total of
nine features. Also in study 1, I take four potential variables measuring EHR task length and
conduct a factor analysis. I determine that time in the EHR and navigation clicks are separate,
but both may prove insightful to the underlying research question. In study 2, I delve into the
descriptive statistics showing correlation amongst many of the variables including support for
hypothesis 1 and 2 and partial support for hypothesis 3. Then I analyze the groups showing
distinctive and significant differences in many of the relationships. Study 2 concludes with an
easy-to-understand linear regression equation supporting both TL1 and TL2. Finally, study 3
uses structural equation modelling to derive two potential models explaining the underlaying
theoretical relationships and fit with the data.

Altogether, these three studies support the relationship that EHR experience decreases

task length, that EHR experience increases extended use, but extended use of an EHR increases
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task length instead of decreasing it. In addition, these studies also support the idea that EHR
usage is different amongst various groups. These findings are novel in healthcare IS literature
through the use of empirical EHR usage data, an analysis of EHR usages for longer than a year,

and more, importantly for the richness of EHR usage across locations, specialties, and time.
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Appendices

Appendix A - Study 1 Charts and Figures

Table A-1. Initial Extended Use Construct Factors

Variable  Full Feature Name

Cc1 Documents Endorsed From Inbox

Cc2 Documents Reviewed From Inbox

Cc3 Phone Messages Received

c4 Phone Messages Sent

D1 Diagnosis Added via Quick Search

D2 Diagnosis Added via Win32 Search

D3 Diagnosis Assistant Opened

P1 Problem Added via Quick Search

P2 Problem Added via Win32 Search

P3 Problem-Dx Added via Consolidated Problems Search
Al Notes Created

A2 Auto Population Used

A3 Auto Text Used

A4 Copy Forward Used

A5 Macros Used

A6 Smart Templates Used

A7 Standard Templates Used

N1 % of Notes Opened via Catalog

N2 % of Notes Opened via Encounter

N3 % of Notes Opened via Favorites

N4 % of Notes Opened via Pre-Completed

N5 % of Notes Opened via Reason for Visit

w1 % of Workflows Using Copy Forward from Existing
w2 % of Workflows Using Encounter Pathway from Favorites
w3 % of Workflows Using Encounter Pathway from Recent
w4 % of Workflows Using from Catalog

W5 % of Workflows Using from Encounter Pathway
W6 % of Workflows Using from Precompleted

w7 % of Workflows Using from Reason for Visit

w8 % of Workflows Using Precompleted from Favorites
w9 % of Workflows Using Precompleted from Recent
NO1 New Orders Selected via Favorites

NO2 New Orders Selected via Folders

NO3 New Orders Selected via Search

0s1 Orders Selected via PowerOrders

0S2 Orders Selected via Quick Orders

0s3 Orders Selected via Summary MPage

0S4 Orders Selected via Workflow MPage

123



Table A-2. Higher Order Descriptive Statistics of Extended Use Factors

Factors Mean Variance
B C1 226 175
B C2 324 219
B C3 704 209
B C4 .625 234
B Al .087 .080
B DI 460 248
B N1 .097 .088
B NOl1 781 171
B OSI1 904 .087

Table A-3. Task Length Construct Varimax Rotated Component Loading

Factors Component 1 Component 2
TL1 900 .092
TL2 .909 .082
TL3 218 832
TL4 -.032 .884

Table A-4. EFA Model Fit With P2

With B P2 EFA — 3 Factors EFA — 4 Factors EFA — 5 Factors
. 5129.719** df=18 334.959** df=11 107.519** df=5
RMSEA .086 .028 .023
SRMR .039 .009 .004
¥ Difference 4794.760** df=7 227.440** df=6
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Descriptive Statistics

N Range Minimum  Maximum Mean Std. Deviation Variance Skewness Kurtosis

Statistic Statistic Statistic Statistic Statistic Statistic Statistic Statistic Std. Error Statistic Std. Error
Cc1 17456 177 1 178 9.25 12.991 168.755 3.416 .019 17.505 .037
c2 25462 349 1 350 13.49 21.824 476.279 3.708 .015 20.500 .031
c3 54978 4832 1 4833 59.40 128.309 16463.238 11.984 .010 291.592 .021
c4 48695 27922 1 27923 42.09 212.484 45149.517 75.028 .011  7833.566 .022
Al 6601 1304 1 1305 64.23 96.121 9239.289 2.834 .030 12.431 .060
A2 6601 668 0 668 43.06 82.270 6768.273 2,915 .030 9.854 .060
A3 7164 2163 0 2163 43.46 123.922 15356.727 6.582 .029 64.929 .058
A4 6601 199 0 199 .55 7.577 57.414 18.498 .030 375125 .060
A5 7164 1777 0 1777 36.38 120.851 14605.034 5.262 .029 37.883 .058
AB 7164 6817 0 6817 178.74 465218  216428.060 6.350 .029 57.584 .058
A7 7164 7 0 7 .01 187 .035 25735 .029 763.635 .058
D1 35986 14647 1 14648 279.40 554.501  307471.061 6.259 .013 75.657 .026
D2 23211 1846 1 1847 29.95 66.384 4406.855 7.385 .016 105.473 .032
D3 25227 609 1 610 15.47 31.898 1017.459 5.203 .015 43.896 .031
P1 1600 4087 1 4088 144.48 367.801 135277.299 5.330 .061 36.139 122
P2 8970 1416 1 1417 8.39 28.400 806.577 21.597 .026 841.104 .052
P3 5815 613 1 614 23.49 45426 2063.498 4.292 .032 26.014 .064
w1 112 99.5 5 100.0 33211 33.1926 1101.745 624 .228 -1.208 453
W2 1507 99.7 3 100.0 87.000 27.2641 743332 -2.022 .063 2.681 126
W3 1093 99.5 5 100.0 84.210 30.1159 906.968 -1.729 .074 1.453 148
w4 202 99.2 8 100.0 73.722 36.5470 1335.682 -1.019 A7 -.648 341
W5 2246 99.7 3 100.0 82.519 32.5689 1060.735 -1.554 .052 710 103
W6 1360 99.5 5 100.0 69.175 36.6650 1344.322 -.664 .066 -1.232 133
W7 587 99.0 1.0 100.0 83.088 28.1929 794.840 -1.619 101 1.322 .201
w8 111 98.6 1.4 100.0 75.705 35.0643 1229.506 -1.089 229 -.455 455
W9 48 99.0 1.0 100.0 69.810 37.6395 1416.729 -.845 343 -.925 674
N1 7402 100.0 .0 100.0 3.300 16.6720 277.957 5.257 .028 26.505 .057
N2 7402 100.0 .0 100.0 37.182 46.0442 2120.067 545 .028 -1.627 .057
N3 7402 100.0 .0 100.0 21.219 39.2189 1538119 1.406 .028 .070 .057
N4 7402 100.0 .0 100.0 15.998 34.0802 1161.458 1.844 .028 1.598 .057
N5 7402 100.0 .0 100.0 7.875 258013 665.708 3113 .028 7.892 .057
NO1 61013 1607 0 1607 9.91 45.090 2033.146 9.974 .010 163.771 .020
NO2 61013 1061 0 1061 1.86 17.837 318.163 25.983 .010 985.093 .020
NO3 61013 1371 0 1371 11.10 38.822 1507.147 10.302 .010 171.134 .020
081 70527 2199 0 2199 88.46 146.268 21394.461 3.386 .009 16.740 .018
0S2 70527 1981 0 1981 40.05 90.588 8206.254 4275 .009 31.753 .018
0S3 70527 1854 0 1854 20.93 73.348 5379.937 7.463 .009 84.964 .018
0S4 70527 3739 0 3739 16.61 82.598 6822.500 14.744 .009 398.691 .018
Valid N (listwise) 0

Figure A-1. Descriptive Statistics on the Proposed Extended Use Construct
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Figure A-2. Extended Use Full Interitem Correlation
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Component Matrix?
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Extraction Method: Principal Component Analysis.
a. 8 components extracted.

Figure A-3. Non-Rotated Principal Component Analysis for Extended Use Construct
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Component Matrix®

Component

1 2 3 4 5
B_C1 587
B_C2 595
B_C3 720
B_C4 692
B_A1 .982
B_A2 .982
B_A3 964
B_A4 .982
B_AS 964
B_A6 964
B_D1 579
B_P2 .920
B_N1 977
B_N2 977
B_N3 977
B_N4 977
B_N5 977
B_NO1 813 -.546
B_NO2 813 -.546
B_NO3 813 -.546
B_0S1 .892
B_0S2 .892
B_0S3 .892
B_0S4 .892

Extraction Method: Principal Component Analysis.
a. 5 components extracted.

Figure A-4. Non-Rotated PCA for Binary Extended Use Construct
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Figure A-5. Unstandardized CFA for Extended Use
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Appendix B - Study 2 Charts and Figures

Table B-1. Study 2 Descriptive Statistics Prior to Outlier Removal

Variable (n=77,775) Min Max Mean Std Dev Variance
Cumulative Patients .01 153.36 8.0465 12.583 158.322
Seen per 100 (12.583)
Experience 1 48 14.71 11.265 126.906
Time in EMR per 0 6747.25 36.27 94.269 8886.594
Patient Seen
DocTimePerPatientSeen 0 2428.318 10.665 33.932 1151.404
NavClicks with 0 4254 36.9272 69.792 4870.956
Deviations
NavClicks 0 1074.80 16.977 19.438 377.837
Extended Use 0 9 4.22 1.947 3.790
Table B-2. Correlation and Descriptive Statistics of Variables

Mean(SD) XP1 XP2 TL1 TL2 TL3 TL4 EU
XPl1 8.0465 1

(12.583)
XP2 14.71 A439%* ]

(11.265)
TL1 36.27 -.099%* - 040** 1

(94.269)
TL2 10.665 -070%*% - 017**% . 834** ]

(33.932)
TL3 36.927 -041**%  -.002 028** . 038*%* ]

(69.792)
TL4 16.977 -064%* - 065** 017**  015**  489** ]

(19.438)
EU 4.22 208*%*%  -045%*  -030** -.017** -068** -016** 1

(1.947)
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Table B-3. Study 2 Descriptive Statistics After Outlier Removal

Variable Min Max Mean Std Dev Variance
(n=73,758)

XP1 .01 45.78 6.816 9.150 83.727
XP2 1 48 14.39 11.075 122.665
TL1 0 318.20 30.807 28.119 790.653
TL2 0 112.24 9.152 8.666 75.104
TL3 0 246.30 30.364 27.358 748.474
TL4 0 75.00 15.463 9.195 84.540
EU 0 9 4.19 1.947 3.790
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Appendix C - Charts and Figures

Table 3 Confirmatory factor analysis of EMR User Satisfaction

EMR User satisfaction® Loadings
F1 F2 F3
Clinical Functionalities Communication Functionalities Administrative Functionalities

with EMR system functionalities
Clinical notes and patient history 66 -
Patient Care Management 75 - -

Prescription management and patient demographics .83 -

Visualization of results - 74 -
Communications with other institutions - 78

Electronic transfers - 80 -
Billing and data security . - 69
Remote access and appointment scheduling - - 72
Composite reliability 79 82 66
Average variance extracted 56 60 50

“On a 5-point scale (1: very dissatisfied, 2: dissatisfied, 3: neutral, 4: satisfied, 5: very satisfied).

Figure C-1. Factor Analysis of System Functionality to Extended Use Factors From (Raymond et al.,

2015)
Comparison of Average Documentation Time Per Patient Seen by
Specialty in Hospital HA3's First 6 Months
14.00
_ 12.00
12
5 10.00
S 8.00
= 6.00
[«3]
£ 4.00
= 2.00
0.00
T T+1 T+2 T+3 T+4 T+5
 Emergency Medicine 11.98 3.77 4.72 456 441 4.40
s Family Medicine 6.66 5.98 6.20 5.45 6.42 5.85
mmmm Obstetrics & Gynecology 3.80 3.36 3.61 3.61 419 3.88
Pediatrics 6.03 8.42 6.94 5.19 7.97 8.74
—AVG 7.12 5.38 537 4.70 5.75 5.72

Figure C-2. Comparison of Average Documentation Time per Patient Seen by Different Specialties in

HA3’s First Six Months
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HOSPITAL'S AVERAGE NAVIGATION CLICKS PER NOTE
OVER FIRST 6 MONTHS

HHN1 ®mHN2 ®mHA3 ®mHF4 XAVG

250

-

-

2

= 200

[¥5)

[-%

o

S 150

-

(&)

=z

S 100

<

[U)

S 50

<

=

[N

o 0

= Time 1 Time 2 Time 3 Time 4 Time 5 Time 6

g mHN1 147.2625 48.67142857 37.53333333 62.64285714 51.02 57.725

=

ZmHN2 227.6944444 184.2243902 220.1685714 166.3944444 109.8070796 110.4681818
mHA3 222.4221591 193.1720524 191.2118721 145.9989758 124.2648515 153.0264249
m HF4 132.8857143 138.6894737 129.8125 123.8821429 99.95294118 86.06666667
X AVG 194.33 172.03 180.40 145.43 111.34 116.52

Figure C-3. Comparison of Hospital's Average Navigation Clicks per Note Over First 5 Months
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HOSPITAL'S AVERAGE TIME SPENT DOCUMENTING
OVER FIRST 6 MONTHS

14.00 BHNI WHN2 ®mHA3 mHF4 XAVG
13.00
12.00
— 11.00
4]
5 10.00
=
s 9.00
d
% 8.00
= 7.00
6.00
5.00
4.00
Time 1 Time 2 Time 3 Time 4 Time 5 Time 6
mHN1 8.54 494 6.49 5.49 539 476
W HN2 10.43 472 9.46 6.74 6.20 7.60
mHA3 8.16 11.06 837 9.30 13.47 10.83
" HF4 8.96 7.53 6.69 6.99 9.02 7.56
X AVG 9.18 7.77 8.17 7.68 9.56 8.66

Figure C-4. Comparison of Hospital's Average Time Spent Documenting for First 6 Months

HOSPITALS' AVERAGE MACROS USED PER PHYSICIAN
PER MONTH OVER FIRST 5 MONTHS

mmmm HN1  sssssm HN2 s HA3 s HF4 AVG ===== Linear (AVG)
o 10000 y=6.0253x+26.756
= 90.00 R2=0.6242
S 80.00
& 70.00
£ 60.00 o
< 5000 ==<
5 40.00
= 30.00 =
g 20.00
10.00
2 000 : : : . :
Time 1 Time 2 Time 3 Time 4 Time 5
EHN1 2.63 1.14 1.67 3.00 3.20
mHN2 450 28.07 54.03 41.08 63.15
mHA3 12.26 28.62 40.48 42.40 45.03
W HF4 59.55 69.89 59.93 86.82 36.65
AVG 25.44 42.20 51.48 56.77 48.28

Figure C-5. Average Macros Used per Physician in First 6 months
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Table C-1. User Position in Hospital to Position Coding

Position
Ambulatory: APC NP
Ambulatory: APC PA

Ambulatory: Clinic
Manager

Ambulatory: Front
Office

Ambulatory: LPN\Med
Tech

Ambulatory: MA

Ambulatory: Oncology
RN
Ambulatory: RN

Ambulatory: RN/LPN

Audiologist
Audiologist Tech
BEH RN

BEH Tech

BEH Therapist
Case Manager

Case Manager -
Inpatient

Case Manager -
Outpatient
Chiropractor

CPM Reg/Sched

CPM Reg/Sched Super
User

CPM Reg/Sched
Templates

DBC: Perioperative

DBC: PowerChart

Code Position

1
0

3

Physician - Neurologist
Physician - NICU

Physician - OB/GYN

Physician -
Occupational Health
Physician - Oncologist

Physician - Oncologist
(Pediatrics)

Physician -
Ophthalmologist
Physician -
Orthopedics

Physician -
Otolaryngology

Physician -
Pediatrician
Physician - Physical
Medicine Rehab
Physician - Plastics

Physician - Podiatrist

Physician - Primary
Care
Physician - Psychiatrist

Physician -
Pulmonologist
Physician -
Rheumatologist
Physician - Surgeon

Physician - Urgent
Care

Physician - Urologist
Physician - Vascular
Physician - Oral

Maxillofacial Surgeon
Physician Assistant
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Code Position

0
0

0

VA ED Nurse

VA ED Nurse
Management

VA ED Nurse
Practitioner

VA ED Physician
Assistant

VA Eye Care Tech

VA Flag Admin -
Suicide Risk
VA HBPC: Dietitian

VA HBPC: Nurse

VA HBPC:
Program/Medical
Support Assista

VA HBPC: Provider

VA HBPC: Social
Worker

VA Homeless Program
Staff-Licensed

VA Homeless Program
Staff-Unlicensed

VA Laboratory: Spec
Collect Phlebotomist
VA Medical Student
HPT

VA MH: Advance
Practice Provider

VA MH: Suicide
Prevention Coordinator
VA MH:
Therapist/Psychologist
VA MH:
Therapy/Psychology
Student HPT

VA Nurse Practitioner

VA Nurse: Nurse
VA Nurse: Vascular

VA Nurse: Wound
Specialist

Code



Departmental Tech
Dietitian

ED LPN

ED Medical Director
ED Medical Student
ED Nurse

ED Nurse Management
ED Nurse Practitioner
ED Physician Assistant
ED Tech

ED Unit Secretary

Float RN

HIM: Coder/Mgr
HIM: Coders
HIM: Managers
HIM: ROI

HIM: Specialist
ICU RN
Infection Control
Practitioner
Lactation Consultant
LPN\Med Tech
Medical Student
NICU RN

Nurse Practitioner

Nutrition Tech

RadNet: Nurse
RadNet: Radiologist

RadNet: Radiology
Technologist
RadNet: Resident

RadNet: Supervisor
Referral Admin
Referral Management
Registration Clerk
Registration Supervisor

Rehab Occupational
Therapist

Rehab Occupational
Therapist Assistant

Rehab Occupational
Therapist Student
Rehab Physical
Therapist

Rehab Physical
Therapist Assistant
Rehab Physical
Therapist Student
Rehab Speech
Language Pathologist
Resident/Intern

Respiratory Therapist
RN

RN - Cath Lab
RN Nurse Manager

Scheduling Advanced
Scheduling Basic
Scheduling Clerk

Scheduling Clerk
Advanced
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VA Occupational
Health RN

VA Occupational
Health Tech

VA Occupational
Therapist w/Orders Priv
VA Palliative Care:
Nurse Practitioner

VA Peer Specialist
Autonomous

VA Perioperative -
Nurse

VA Perioperative -
Nurse Management
VA Perioperative -
Nurse Sedation

VA PharmNet:
Pharmacist

VA PharmNet:
Pharmacist Provider
VA PharmNet:
Pharmacist Resident
HPT

VA PharmNet:
Pharmacy Clinical Tech
VA PharmNet:
Pharmacy Management
VA PharmNet:
Pharmacy Tech

VA Physical Therapist
w/Orders Priv

VA Physician -
Acupuncture

VA Physician - Anes
Provider/Macro Maint
VA Physician -
Anesthesia Provider
VA Physician -
Cardiovascular

VA Physician - CLC
VA Physician - Dentist
w/Class

VA Physician -
Dermatologist

VA Physician -
Emergency

VA Physician - Eye
Care

VA Physician -
Gastroenterologist



OB Clinic RN
OB LPN\Med Tech

OB LPN\Med Tech
Mother\Baby
OB RN

OB RN Mother/Baby

Occupational Health
RN

Occupational Health
Tech
OMEFS Resident

PathNet: All Module
Supervisor

PathNet: All Module
Tech

PathNet: Phlebotomist
Pathologist
Perioperative - Nurse

Perioperative - Nurse
Management
Perioperative -
Scheduler
Perioperative - SRNA
PharmNet: Ambulatory
Clinical Pharmacist
PharmNet: Pharmacist

PharmNet: Pharmacy
Management
PharmNet: Pharmacy
Tech w/ Verify & SC
Physician -
Allergy/Immunology
Physician -
Ambulatory
Physician - Anes
Provider/Macro Maint
Physician - Anesthesia
Provider

Scheduling Local
Analyst

Scheduling Template
Manager

Sleep Lab/EEG/Pulm
Tech

Social Worker

Specialty Nurse

SurgiNet: Anes
Provider/Macro
Builder
SurgiNet: CRNA

SurgiNet: RN Surgical
Services
SurgiNet: Scheduler

UC Medical Student

UC Nurse

UC Nurse
Management
UC Nurse Practitioner

UC Physician Assistant

VA Ambulatory:
Health Technologist
VA Ambulatory: LPN
VA Ambulatory: Nurse
Manager

VA Ambulatory: RN

VA Audiologist
VA Audiologist Tech

VA Cardiology:
Technologist

VA Case Manager
Supervisor: Outpatient
VA Case Manager:
Outpatient

VA Chaplain
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VA Physician -
Gerontology
VA Physician -
Gynecology
VA Physician -
Hospitalist

VA Physician -
Infectious Disease
VA Physician -
Intensivist

VA Physician -
Neurologist

VA Physician -
Occupational Health
VA Physician -
Oncologist

VA Physician -
Orthopedics

VA Physician -
Physical Medicine
Rehab

VA Physician -
Podiatrist

VA Physician - Primary
Care

VA Physician -
Psychiatrist

VA Physician -
Pulmonologist

VA Physician -
Rheumatologist

VA Physician - Sleep
VA Physician -
Surgeon

VA Physician -
Urologist

VA Physician Assistant

VA PSAS

VA RadNet: Clerk with
CPM

VA RadNet:
Radiologist

VA RadNet: Radiology
Technologist

VA Referral
Coordinator



Physician - Anesthesia
Resident

Physician -
Anesthesiologist

Physician -
Cardiologist
Physician -
Cardiothoracic
Surgeon

Physician - Dentist

Physician -
Dermatologist
Physician - Emergency

Physician -
Endocrinologist
Physician -
Gastroenterologist
Physician - Hospitalist

Physician - Infectious
Disease
Physician - Intensivist

Physician -
Nephrologist
Physician -
Neurological Surgery

VA Chiropractor

VA CLC: LPN

VA CLC: Nurse

VA CLC: Nurse
Leader

VA CLC: Social
Worker

VA Clinical Contact
Center: MSA/PSA
VA Clinical Contact
Center: Nurse

VA Community Care:

Nurse

VA Community Care:

Reg/Sched Clerk IV

VA Community Care:

SW/CM

VA Dental Assistant
w/Class

VA Dental Assistant
w/o Class

VA Dental Hygienist
w/o Class

VA Dietitian
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VA
Registration/Scheduling
Admin
VA
Registration/Scheduling
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VA VBA - VSR Staff

VA View Only
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View Only

Wound Care Nurse



Appendix D - Code

TITLE: SEM CFA Extended Use 4 Factor Construct
Data: FILE is CFA.csv;
Type is IND;
VARIABLE: NAMES are user px xp time nClick tClick euSUM
B_C1 B C2 B(C3 BC(C4
B_Al B_A2 B A3 B A4 B_A5 B_A6
B_D1 B_P2 B N1 B NO1 B_0S1;
IDVariable = user;
usevariable are B_.Cl1 B C2 B (C3 B (C4
B_Al B_.D1 B N1 B NO1 B_0S1;

ANALYSIS: !OPTIONAL for this analysis
Estimator = ML;

MODEL:

f1 by B_C1 B_C2 B_D1;

f2 by B_Al B_N1;

f3 by B_C3 B_C4;

f4 by B_NO1 B_0S1;

OUTPUT: Standardized modindices(3.84);

Code D-1. Mplus CFA for Four-Factor Extended Use Construct

TITLE: SEM CFA Extended Use

Data: FILE is CFA.csv;

Type is IND;

VARIABLE: NAMES are user px xp time nClick tClick euSUM

B_Cl1B C2 B.C3 B.C(C4

B_Al B_A2 B A3 B A4 B_A5 B_A6
B_D1 B_P2 B N1 B NO1 B_0S1;
IDVariable = user;
usevariable are B_.C1 B C2 B C3 B (C4
B_Al B_.D1 B N1 B NO1 B_0S1;
categorical are B_.C1 B C2 B C3 B_C4
B_Al B_.D1 B N1 B NO1 B_0S1;

ANALYSIS: !OPTIONAL for this analysis

Estimator = ML;

INTEGRATION=MONTECARLO;

MODEL :

f1 by B_C1 B_C2 B_D1;

f2 by B_Al B_N1;

f3 by B _C3 B_C4;

f4 by B_NO1 B_0S1;

OUTPUT: Standardized;

Code D-2. Mplus Categorical CFA for Four-Factor Extended Use Construct
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TITLE: TE

Data: FILE is TEMPLUS.csv;

Type is IND;

VARIABLE: NAMES are user TL1 TL2 TL3 TL4;
IDVariable = user;

usevariable are TL1 TL2 TL3 TL4;
ANALYSIS:

estimator=ml;

MODEL :

f1 by TL1 TL2;
f2 by TL3 TL4;
f1 with f2;

OUTPUT: Sampstat Standardized Residual Modindices(3.84);

Code D-3. Mplus CFA for Two-Factor Latent Task Length Construct

Import pandas as pd

filename = 'allMonths-Anonymized.csv'

df = pd.read_csv(filename, dtype='str')

df.sort_values(["UserHash","CumulativeMonth"]).to csv("allMonths-
AnonymizedSortedByUserByMonth.csv")

df.to _csv("output.csv")

Code D-4. Python Code to Sort CSV Files by Column “UserHash”

import pandas as pd

df = pd.read_csv(r'allMonths-AnonymizedSortedByUserByMonth.csv")

XpDF = df[["CumulativeMonth","UserHash","CheckSum"]]

Xp2DF = xpDF.groupby(["UserHash", "CumulativeMonth"]).agg({'CheckSum
'min', 'max', 'sum']})

Xp2DF.to _csv("sorted.csv", index=False)

: ["mean’,

Code D-5. Python Code to Group By Month to Allow for Calculating Experience

IF(A3 = A2, B2, B2+1)

Code D-6. Excel Formula to Determine UserlD
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