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Making IT work: Essays in health IT implementation and integration

Abstract

This multi-method dissertation explores organizational factors that impact
implementation and advanced use of health information technologies (IT). The vast majority of
healthcare organizations in the U.S. have electronic health records (EHRs), yet their potential in
achieving interoperability, streamlining care delivery, and improving outcomes has not been
fully realized. The main objective of the dissertation is to further our understanding of the factors
that hinder or promote adoption and successful integration of health IT into clinical workflows.

Chapter 1: Horizontal consolidation improves hospital interoperability and IT
capacity (with A Jay Holmgren and Robert S. Huckman) is a quantitative, quasi-experimental
study that explores the impact of consolidation on the level of integration and advanced use of
hospital EHRs. Leveraging longitudinal data and a stacked difference-in-differences approach,
we show that hospitals that underwent horizontal consolidation report significantly higher levels
of interoperability and adoption of advanced clinical data analytics functions than those that did
not consolidate. We find that these critical improvements in IT systems occur for consolidated
hospitals even without a change in the EHR vendor, suggesting other organizational mechanisms
beyond vendor concordance — such as managerial practices or data governance approaches —
might be employed by consolidated systems to achieve better data sharing and IT capacity.

These findings indicate that horizontal consolidation in hospital markets may have previously



under-appreciated benefits for the functioning of health IT and underscore the deepening
relationship between organizational structures and IT capacity.

Chapter 2: Adoption of advanced IT capabilities by critical access hospitals as a
function of proximity to a regional extension center (with Nate C. Apathy and A Jay
Holmgren) is a quantitative, descriptive study that examines the association between availability
of workforce support on adoption of advanced EHR functions among critical access hospitals
(CAHs). Most CAHs have implemented EHRs, however, they have continued to struggle with
adoption of more advanced EHR functions. The Regional Extension Center (REC) program was
created as part of the HITECH Act to provide workforce support and IT expertise to CAHs to
facilitate EHR implementation. Here we use variation in geographic distance from the closest
REC to create a sample of nearby and distant CAHs and find that nearby CAHs report higher
adoption of advanced patient engagement functions, but not of advanced clinical data analytics
functions. The findings suggest that RECs may have helped with adoption of some but not all
advanced EHR functions, stressing the importance of a comprehensive approach to bridging the
“digital divide”.

Chapter 3: Implementation of a continuous patient monitoring system in the
hospital setting (with Alice Y. Kim, Darren Scully, Paula Wolski, Ania Syrowatka, David W.
Bates and Patricia C. Dykes) is a field-based qualitative study that focuses on understanding the
factors associated with the integration of a contact-free continuous monitoring system (CFCM)
in an acute care inpatient setting. CFCM is a contactless tool that collects patient heart and
respiratory rate data and alerts nursing staff (primary users) of abnormal trends, thus assisting in
early detection of patient deterioration. Using a combination of stakeholder interviews and

process observations, we studied the entire implementation continuum of CFCM, before, during,



and after deployment. Pre-deployment findings revealed that the biggest perceived barriers to
implementation were: (1) concerns about alarm fatigue; (2) questions about accuracy and trust;
(3) impact on patient experience; and (4) challenges to the status quo. Stakeholders identified the
value of CFCM as preventing deterioration and being beneficial for patients who are not good
candidates for telemetry. These insights were used to create educational materials that addressed
each specific barrier and emphasized the shared value of CFCM, as identified by stakeholders.
Post-deployment data collection revealed immediate and sustained mean alarm response time
below the desired target of two minutes. Interview analysis showed lessened concern for alarm
fatigue and improved trust in the technology. Post-deployment challenges included potentially
insufficient training for providers (secondary users) and impact on patient experience. In addition
to understanding the perceived barriers to implementation and establishing shared value before
deployment of new digital technologies, recommendations for future implementations include:
(1) studying strategies for optimal tailoring of education to each user group; (2) identifying and
reinforcing positive process changes after deployment; and (3) including patient experience as

the overarching element in frameworks for digital tool implementation.
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Chapter 1: Horizontal Consolidation Improves Hospital Interoperability and IT Capacity

Authors: Masha Kuznetsova, A Jay Holmgren, and Robert S. Huckman

Abstract

Horizontal consolidation has been a prominent feature of U.S. healthcare markets for the
past several decades. Evidence on what happens to the electronic health records (EHRs) and
information technology (IT) capabilities post-consolidation has been limited. Using longitudinal
data and a stacked difference-in-differences approach, we show that hospitals that underwent
horizontal consolidation report a 4.17 percentage-point increase in the use of advanced data
analytics and a 3.45 percentage-point increase in interoperability, compared to hospitals that did
not consolidate. We find that these critical improvements in IT systems occur for consolidated
hospitals even without a change in the EHR vendor, suggesting other organizational mechanisms
beyond vendor concordance — such as managerial practices or data governance approaches —
might be employed by consolidated systems to achieve better data sharing and IT capacity.
These findings indicate that horizontal consolidation in hospital markets may have previously
unrecognized benefits for the functioning of health IT and underscore the deepening relationship

between organizational structures and IT capacity.



1.1 Background

Horizontal consolidation — organizations merging with or acquiring competitors that offer
a similar set of services — has been a prominent feature of U.S. healthcare markets for the past
several decades.! In a healthcare setting, the commonly proposed theoretical benefits of
consolidation are lower costs and higher quality due to factors such as streamlined care delivery,
optimized supply chains, and clinical efficiencies.? Given the high fixed costs associated with the
recent and widespread growth of health information technology (HIT), consolidating systems
often appeal to the potential for economies of scale in such investments as a justification for
transactions. These benefits of a more-centralized IT infrastructure are offered in the face of
growing evidence that hospital consolidation is associated with increased prices, lower patient
satisfaction and little to no positive impact on quality metrics.>® In light of the mounting
evidence for the negative impacts of hospital mergers, evaluating the theorized benefits of IT
efficiency following consolidation is critical for informing policymakers on whether patients will
derive value from future consolidation.

The case for consolidation generating IT efficiency is intuitive — larger and better
resourced systems are more able to make capital investments and absorb the fixed costs of EHRs,
maintain a larger IT staff, and invest in new IT capacity. Given that many studies have shown
independent hospitals are likely to lag behind larger health systems in multiple domains of IT
sophistication—including EHR adoption, interoperability, and more advanced capabilities such
as machine learning-enabled data analytics—it may be that larger systems are more likely to
have the financial, operational, and human resources necessary to realize the benefits of IT to

improve care delivery and operational efficiency.””



Based on prior work and recent case examples, the impact of consolidation on investment
in, and the performance of, hospitals IT systems remains unclear. For example, there is not
strong evidence that health systems are prioritizing EHR vendor concordance across their
hospitals. In fact, one study found that 44% of hospitals did not switch EHR vendors to the
dominant vendor in their acquiring system.!? On the other hand, several more-recent anecdotes
suggest that EHR vendor compatibility is an important consideration for health system
integration. One such case is that of Davis Health System, which announced it would be ending
its clinical affiliation with West Virginia University Medicine over not having an integrated EHR
system.!! Similarly, a case study that found lower mortality three years after the merger of NYU
Langone and Lutheran Medical Center referenced integrating across the EHR systems and
streamlining data analytics as one of the key drivers of their success.!?

Outside of EHR vendor transitions, it is unclear whether consolidation leads to improved
IT performance. Many advanced IT capabilities, such as machine learning algorithms for clinical
care, population health analytics, or technology-enabled quality improvement initiatives, are not
tied to specific EHR systems but are nonetheless complex and expensive efforts built on top of
EHR data. While hospitals that are members of larger health systems are more likely to report
these functions, it is unclear whether the relationship is causal.®

Beyond the use of a common vendor or the development of advanced IT functions,
consolidation may support information sharing, which could, in turn, facilitate quality
improvement and reduce the costly duplication of services. Sharing data across organizations
that are newly integrated may also reduce delays in, and the fragmentation of, patient care.
Further, consolidation may generate spillovers to unaffiliated organizations, as health systems

invest in the technology and workflows that enable interoperable data sharing and allow outside



records to be integrated into an EHR without manual intervention. Despite these potential
benefits, it is possible that consolidation may reduce the incentive to share data, especially if a
consolidated system has sufficient market power relative to competitors.

Few studies have examined the impact of horizontal consolidation on hospital use of
EHRs or advanced health IT functions. Understanding whether the theorized benefits of
consolidation lead to meaningful improvements in EHR integration, use of analytics to facilitate
care delivery, and data sharing can provide key insights for the contentious debate on the value
of horizontal consolidation. To inform this debate, we sought to address three research questions:
First, is consolidation associated with a higher rate of change in EHR vendor? Second, do
hospitals achieve higher use of advanced EHR functions, such as clinical data analytics, after
consolidation? Finally, do recently consolidated hospitals achieve gains in interoperability and

patient data sharing?

1.2 Study Data and Methods
Data source and collection

We used the American Hospital Association (AHA) Annual Survey data from 2010 to
2021 to identify hospital change of ownership using a previously validated methodology.'?
Hospitals were identified as acquisition targets if their system identification numbers were
different from the year prior, changing in the next year to the existing system identification
number of a different hospital.!* We used the 2010 — 2021 AHA Information Technology
Supplemental Survey of the AHA to collect data on outcomes of interest related to EHR vendor,
advanced data analytics, interoperability.!* To fill in the missing vendor data in the AHA IT

Supplement, we used the 2011 — 2017 Products Used for Meaningful Use Attestation dataset



from the Office of the National Coordinator for Health IT (ONC)."> We excluded hospitals that

had multiple vendors reported in the same year.

Study outcomes

EHR vendor change

Identifying vendor changes can be complicated. Acquired hospitals often join a health
system with multiple vendors. In addition, the lack of an acquirer implies that there is no “target
vendor” for unacquired hospitals in our control group. We therefore measured whether hospitals
experienced any change in their EHR vendor after consolidation as well any change within three
years after the recorded change of ownership, to account for any potential contractual
obligations. In the AHA data, 49.5% of hospital-years had complete EHR vendor information.
We used the Products Used for Meaningful Use Attestation dataset to add some of the missing
vendor information. For years 2010 through 2013, we assumed that all missing vendor values
meant hospitals did not have an EHR since 99.3% of those hospitals reported having less than a

basic EHR. Our final dataset had 75% complete vendor data.

Advanced EHR functions

To capture advanced EHR functions, we measured performance in two domains — clinical
data analytics and patient engagement — from 2010 until 2018. Years 2019 and 2020 were
excluded as AHA Survey did not include questions related to these domains or included
modified questions during those periods.!? The clinical data analytics domain contains 10
questions that assess whether a hospital uses key functions that automate data gathering for

operational and clinical purposes (e.g., “identify high-risk patients for follow-up care using



algorithm or other tools” or “generate reports to inform strategic planning”). The patient
engagement domain includes 10 questions that assess whether the hospital has implemented
patient-facing IT capabilities (e.g., “schedule appointments online” or “submit patient-generated
data”). We measured adoption of individual functions as well as progress toward adoption of all
ten functions in each domain. We assumed that any missing values in any of the categories of

advanced EHR capabilities meant that hospitals did not have the function at the time.

Interoperability

To assess whether consolidation resulted in increased ability to share data electronically
with other organizations, we measured hospitals’ interoperability reported in the AHA Survey
using a previously validated approach.® Interoperability was constructed as a binary measure that
was a function of four dichotomous domains that capture key data sharing capabilities: (1)
finding data, or being able to query patient health information from outside sources; (2)
integrating data, or being able to integrate electronically received summary of care records; (3)
sending data electronically, or being able to send data electronically (e.g., send data to health
information exchanges or send data to other EHR systems); (4) receiving data electronically, or
being able to receive data electronically, from outside organizations. A hospital was considered
to have achieved interoperability if they had implemented all four of the dichotomous measures.
We used this binary measure of interoperability, as well as each of the four separate domains that

comprised it.



Statistical analyses

To assess the impact of consolidation on the outcomes of interest, we employed a stacked
difference-in-differences regression framework, which allows us to account for the differential
timing of consolidation events in the sample. In this approach, hospitals that have been a target
of consolidation and changed their system identification to that of a different existing hospital
(i.e., have been treated) are matched with never-treated control hospitals that have not undergone
a change of ownership (acquiring another hospital or being a target of an acquisition) at any
point during the study period. For each treated hospital event, we identified the best control
hospital from never treated units based on 1:1 nearest-neighbor propensity score matching (using
a generalized linear model to construct the propensity scores) based on the following key
observable characteristics: bed size, teaching status, share of Medicare discharges, share of
Medicaid discharges, and urban location (Appendix Exhibit A1). The matching process only
included complete cases that did not have missing values for the observable characteristics of
interest. This process was repeated for all treatment years, creating a set of experiments which
were then stacked to create the analytical sample.

We estimated linear models to assess the outcomes of interest for treated hospitals and
matched controls for four periods before and four periods after treatment (period = one year, nine
periods in total), identifying the post-period starting with the year after the consolidation event
occurred. We performed pooled difference-in-differences analysis to obtain average effects post-
treatment, as well as event study analyses that evaluated trends overtime (detailed models are

provided in Appendix Exhibit A2).



Limitations

Our study has several limitations. First, we identified treated hospitals as those that
changed their system identification number to that of a different health system in the AHA
Annual Survey dataset. While this methodology has been used in prior work!4, it may be prone to
inaccuracies due to selective or missing reporting. It also includes hospitals that consolidated via
acquisition but not those that undergone a merger because merged entities typically use the same
identification number in subsequent years which makes their analysis post-consolidation
infeasible. Second, we were not able to observe hospitals that engage in forms of integration that
fall short of formal consolidation, such as affiliation agreements that do not lead to changes in
AHA system identification number. These hospitals may also attempt to streamline their IT
systems and consider EHR vendor compatibility. However, to the extent that this issue exists in
the control group, it would bias our estimates towards the null rather than increasing them in
magnitude. Third, we relied on results of the AHA Survey for our outcomes. While the AHA
Survey uses a validated methodology and is a unique source of longitudinal data, the survey may
be subject to concerns typical for survey methodology, such as differences in interpretation of
questions by respondents. Lastly, the nature of our data did not allow for exploration of the exact

mechanisms that may lead to changes in IT capacity.

1.3 Results
Matching
Our final matched sample consisted of 1393 treated and 1393 never treated control

hospitals. Treated hospitals included 1153 unique hospitals (several of them underwent multiple



system identification changes during the ten-year study period). Baseline characteristics before

and after propensity score matching are presented in Appendix Exhibit A3.

Changing EHR vendor

In the year before consolidation, 31.4% of hospitals that underwent consolidation in our
sample had the same EHR vendor as at least one other hospital in the system that acquired them.
Our analysis found no significant impact of consolidation on EHR vendor changes (Appendix
Exhibits A4 and AS5): treated hospitals did not differ significantly from control hospitals in their
propensity to switch their EHR vendor within three years or at any point after the consolidation

event (p =0.27 and p =0.97, respectively).

Advanced EHR functions

During the pre-period, hospitals in the matched sample had an average of 1.77 clinical
data analytics and 1.67 patient engagement functions deployed (out of 10 possible functions for
each domain). Our analysis showed that treated hospitals experienced an average 4.17
percentage-point (pp) differential increase in the number of clinical data analytics functions
adopted post-consolidation, compared to control hospitals (p <0.001). Our results also showed a
statistically significant gain in the adoption of the majority of individual clinical data analytics
functions (Figure 1.1). We did not find significant differences in the differential effect for the
total number of patient engagement functions adopted across treated and control hospitals (p =

0.46), and results for individual functions were mixed (Appendix Exhibit A6).



Figure 1.1 Breakdown of differential change in individual advanced clinical data analytics
functions.
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Interoperability

In the matched sample during the pre-period, 8.80% of treated and 9.09% of control
hospitals engaged in all four domains that comprise the composite interoperability measure. We
found that, on average, consolidation led to a differential 3.45pp increase in composite
interoperability for treated hospitals, compared to matched controls (p < 0.001). Our event study
analysis showed no differential treatment effect in year one post-consolidation and a sustained,
large, and positive gains in interoperability in years two (6.63pp, p < 0.001), three (2.91pp, p =
0.05) and four (2.90pp, p = 0.09) post-consolidation for treated hospitals, compared to matched

control hospitals (Figure 1.2).
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Figure 1.2 Event study of hospital performance on the composite interoperability measure.
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Decomposing interoperability into its constituent domains showed that the composite
effect was driven primarily by the integrating outside data and receiving outside data domains.
For treated hospitals, consolidation resulted in an average 3.76pp differential improvement in the
ability to integrate external data (p < 0.001), a 2.55pp differential increase in the ability to
receive data electronically (p = 0.03), and a 2.05pp differential increase in the ability to query
data from outside sources (p = 0.07), compared to the matched control hospitals. The pattern of
the event study analysis for these three domains was similar to that of the composite
interoperability measure: we observed no significant improvement in the immediate post-
treatment year and a sustained improvement in years two and three, but not year four, post-

treatment (Figure 1.3A-C). The lack of differential treatment effect in post-treatment year four

11



could be explained by the diminished number of observations available for the -4 and 4 time
periods (Appendix Exhibit A7). Our analysis showed no significant difference for the sending
data domain (p = 0.53), and the event study revealed no differences in the ability to

electronically send data in the four periods after the treatment year (Figure 1.3D).

Figure 1.3 Event studies of hospital performance in the four domains of interoperability.
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Interoperability for hospitals that changed vendors
We assessed whether the gains in interoperability were driven primarily by hospitals that

did switch vendors, even if vendor-switching was not necessarily more likely after consolidation.
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We found the largest effect for treated hospitals that both underwent consolidation and
subsequently changed EHR vendors, which, on average, saw a differential 6.22pp gain in the
composite interoperability measure compared to the reference group of control hospitals that did
not switch vendor. We also found smaller, but significant, improvements in interoperability for
hospitals that switched EHR vendors but did not consolidate and hospitals that consolidated but
did not switch vendors, compared to the reference group of hospitals that did not consolidate or
switch EHR vendor (Figure 1.4).

Figure 1.4 Differential change in engaging in all four measures of interoperability measure as a
function of consolidation and switching EHR vendor, compared to the reference group of

hospitals that did not experience a consolidation event and did not change EHR vendor.

Change in interoperability, percentage points
Switched EHR vendor Did not switch EHR vendor
6.22%%* 3.01%*

Treated hospitals
(consolidation event)
Control hospitals

1. 2.47%** Reference
(no consolidation event)

Notes: **p<0.01 ***p<0.001

Sensitivity analyses

To ensure the validity of the results, we performed several sensitivity checks to test our
assumptions. We replicated the analysis with different control groups of (1) fully independent
hospitals and (2) combined not yet treated and never treated hospitals. We restricted the sample
to only include hospitals that were treated once during the study period. We also assessed results
with a balanced panel sample, which only included hospitals with complete observations in each
of the nine periods. Results of the sensitivity analyses supported our original conclusions

(Appendix Exhibits A8 — Al1l).
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1.4 Discussion

We found evidence that horizontal consolidation led to improved interoperability and
data sharing by hospitals. Hospitals that underwent consolidation saw a 4.17 percentage-point
differential increase in the number of advanced analytics functions, with statistically significant
increases in the adoption of most capabilities, such as using analytics to identify high-risk
patients for follow-up, utilizing performance dashboards, and creating tools for clinicians to
query data. Furthermore, hospitals that underwent consolidation reported a 3.45 percentage-
point improvement in interoperability, compared to matched controls, with the biggest
differential effect occurring among consolidated hospitals that changed their EHR vendor in the
period after consolidation. These findings provide policymakers with evidence for positive
operational efficiencies of increased data sharing and use of advanced clinical data analytics
following consolidations.

The breakdown of interoperability gains by each of the four domains that comprise the
measure showed that the improvement in the composite is driven by post-consolidation gains in
the ability to integrate outside data, receive data electronically and query outside data. These
functions are critically important for reducing care fragmentation by allowing providers to access
patient data regardless of where those patients received treatment. Our analysis did not show any
significant improvement in the ability to send data electronically, which followed our
expectation, as more hospitals were able to send data electronically than showed successful
implementation of the other three domains at the time.® The delayed treatment effect — realizing
interoperability gains one to two years after the consolidation event — we uncovered is consistent
with improvements in hospitals’ IT infrastructure taking some time post-consolidation to be

realized.
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Although hospitals that switched vendors after consolidation saw more substantial gains
in interoperability, consolidation itself (regardless of vendor concordance) also had a positive
impact on data sharing and the use of advanced analytics to support clinical practice. These
findings suggest that in addition to changing to a new EHR vendor, other organizational
practices contributed to improved interoperability. For example, these could include managerial
practices that could positively impact data stewardship, effective clinical decision support
governance, ability to invest in training associated with using the EHR.!® In fact, the meaningful
improvement in adoption of clinical data analytics functions post-consolidation documented in
our study supports the notion of changing practices around the use of analytics which may not
require a change in EHR vendor. The literature in organizational management has linked
effective and efficient use of IT systems to complementary management practices, particularly
people-management practices.!” Although vendor concordance can eliminate some of the
inconsistencies in data formats and other barriers to information sharing across different

vendors,'®1?

effective managerial practices may achieve a similar overall impact on data sharing.
Several directions for future research are important to consider in light of our findings.
The nature of our data did not allow for causal conclusions about the exact mechanisms behind
the documented improvement in interoperability for consolidated hospitals. Identifying and
describing the impact of specific managerial practices that may have contributed to the improved
IT capacity post-consolidation can provide valuable insights for hospitals striving to achieve
better interoperability and EHR integration. Furthermore, whether these improvements in IT
capacity can lead to other meaningful operational and clinical efficiencies in the context of

consolidation remains an open question. There is a growing body of evidence that high quality

care relies on the effective use of EHRs?%-22, Prior research on the causal impacts of
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consolidation, however, has not showed a positive impact on the quality of care.** Future work is
needed to understand the interaction between improved interoperability and impact on the quality

of care and outcomes for consolidated systems.

1.5 Conclusion

Our study provided valuable insight into the causal link between consolidation and impact on
hospitals’ use of EHRs and data sharing. Our results suggest that consolidation led to some
positive effects on hospital investment, resulting in higher levels of interoperability and adoption
of advanced analytics. These critical improvements in IT systems occur with and without a
change in the EHR vendor. It is important to consider whether these gains in interoperability and
EHR capabilities are related to downstream quality outcomes. Future work will be required to
evaluate this question and establish the contribution of IT-related changes to the net impact of

consolidation on the overall cost and quality of hospital care.
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Chapter 2: Adoption of Advanced IT Capabilities by Critical Access Hospitals as a
Function of Proximity to a Regional Extension Center

Authors: Masha Kuznetsova, Nate C. Apathy, and A Jay Holmgren

Abstract

Most critical access hospitals (CAHs) have implemented electronic health records
(EHRs), however, they have continued to struggle with adoption of more advanced EHR
functions. The Regional Extension Center (REC) program was created as part of the HITECH
Act to provide workforce support and IT expertise to facilitate EHR implementation for CAHs
that are located in remote areas and often struggle with access to IT workforce. We sought to
examine whether the REC program helped CAHs bridge the gap in IT workforce availability and
facilitate adoption of advanced EHR functions.

We used 2012 — 2018 data from the American Hospital Association Survey and 2012—
2015 data on the performance of the REC program from the Office of the National Coordinator
for Health IT. CAHs were matched to their closest REC based on their zip codes, within state.
We stratified CAHs into two groups: those located within 200 miles of the closest REC (“nearby
CAHs”) and those located beyond 200 miles (“distant CAHs”’). We performed linear regressions,
adjusted for relevant hospital characteristics and contextual factors, to measure the level of
adoption of advanced clinical data analytics and patient engagement functions in 2018 and the
rate of adoption from 2012-2018.

Our sample included 793 unique CAHs over 7 years, for a total of 4,300 hospital-year
observations between 2012 and 2018. On average, in 2018, nearby CAHs reported having 0.44
more patient engagement functions (out of 10) than distant CAHs (p = 0.02). Looking at

adoption over time, nearby CAHs adopted 0.34 more functions over the study period (2012 —
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2018), compared to distant CAHs (p = 0.06). Our analysis showed no significant differences in
the adoption of advanced data analytics functions.

Our analysis showed that distance to the closest REC was associated with better progress
toward adoption of patient engagement functions by CAHs, but not progress toward the adoption
of clinical data analytics functions. The findings suggest that RECs may have helped with
adoption of some but not all advanced EHR functions, and that geographic distance continues to
be a barrier for CAHs. Policies aimed at supporting provider adoption of EHR functions should
include provider proximity to the closest I'T support as an important consideration. This issue is
particularly important for optimal distribution of scarce resources for critical access and rural
hospitals which are typically located in remote areas and struggle with adoption and integration

of health IT.
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2.1 Introduction
Background and significance

During the past decade of rapid electronic health record (EHR) adoption in the United
States, critical access hospitals (CAHs) have experienced a myriad of challenges. Immediately
following the passage of the Health Information Technology for Economic and Clinical Health
(HITECH) Act in 2009, CAHs lagged not only behind urban hospitals but also were less likely to
meet Meaningful Use objectives than other rural, non-critical access, hospitals.?* By 2018, 98%
of CAHs had adopted some form of EHR, but despite parity with non-critical access hospitals
level of EHR adoption, CAHs have struggled with implementing advanced EHR functions. In
2018, only 46.6% of CAHs were considered advanced users in the patient engagement domain
and 32.0% in the data analytics domain, compared to a much higher national average of 58.7%
and 55.6%, respectively.?* Adopting these advanced functions — such as using dashboards to
visualize key metrics, enabling clinicians to query data, or utilizing the EHR to monitor patient
safety — is a critical step in moving beyond digitization towards using data to realize the value of
the national investment in health information technology (IT). More importantly, as delivering
high-quality care becomes increasingly reliant on technology and EHR capabilities, ensuring
CAHs have advanced IT functions is critical to bridging the ‘digital divide’ across care delivery
organizations that may leave patients in rural areas who rely on CAHs with lower quality care.?>-
27

A critical component of moving from EHR adoption to realizing value from technology
is a skilled IT workforce, including a range of programmers, analysts, clinician informaticists
and physician builders, to perform critical tasks such as customizing the EHR for local needs or

building features like quality reporting dashboards that rely on newly-digitized clinical data.
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These technical skills stretch beyond the skills required for initial implementation — for example,
machine learning models that help clinicians predict adverse patient outcomes, such as sepsis,
require regular evaluation to protect against algorithmic drift.®?° Workforce shortages among
CAHs have been well-documented and are not surprising due to their remote locations.>%3! A
study of IT workforce needs by rural physician practices found that while most practices had at
least some IT support onsite, 61.4% of practices reported their staff lacked advanced IT skills.>
Moreover, the availability of local skilled IT workers has proven important for achieving
operational efficiencies associated with EHR use. Adoption of EHRs by hospitals located in
geographical areas with a high concentration of IT professionals resulted in decreased costs
within 3 years after adoption.** Hospitals located in areas without such IT workforce
concentration continued to see increasing costs six years after adopting an EHR. CAHs, located
primarily in rural and urban non-metro areas, are likely to be in this latter group.

Recognizing the importance of a skilled technology workforce and the likely challenges
rural organizations face with respect to accessing that talent, the HITECH Act included several
initiatives to provide workforce training and technical assistance to these organizations,
including the Regional Extension Center (REC) program, which provided high-touch on-the-
ground support with implementation of EHRs to physician practices and rural clinics and
hospitals, including CAHs.>* Based on its structure and stated mission, the REC program had the
potential to bridge the CAH technical workforce talent gap by (1) providing direct IT assistance
in the form of travelling IT consultants and (2) creating a shared knowledge base of EHR
implementation for CAHs that share similar characteristics and were in the same geographical

areas. Assessing whether RECs helped nearby CAHs to bridge the IT workforce gap and adopt
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and sustain more advanced EHR functions can provide important insights to inform policies

aimed at bridging the digital divide.

Objective

Using nationally representative data from the American Hospital Association (AHA)
Annual Survey IT Supplement and program data from the Office of the National Coordinator for
Health Information Technology (ONC), we sought to examine whether the REC program helped
CAHs bridge the gap in IT workforce availability and facilitate adoption of advanced EHR
functions. To do so, we explored the following research questions: First, was there a difference
in the uptake of advanced EHR functions by CAHs as a function of their geographic distance
from a REC in 2018? Second, did CAHs located closer to an REC experience a faster pace of

adoption of advanced EHR functions over time?

2.2 Materials and methods
Data and sample

We combined data from the AHA Annual Survey and IT Supplement spanning 2012-
2018 with 2012-2015 data on the performance of the REC program from the ONC.%-*¢ We used
the U.S. Department of Agriculture Economic Research Service’s 2013 Rural-Urban Continuum
Codes (RUCC) to capture rurality at the county level.’” We also included the 2015 data on
county-level broadband access from the Federal Communications Commission.*® We employed
geocoding to match CAHs to the 61 RECs in their state or U.S. territory. For the four states with
multiple RECs, CAHs were matched to the closest one. Several RECs covered multiple states

(e.g., the Washington State REC provided support to CAHs located in the states of Washington
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and Idaho); CAHs in those states were manually assigned to the respective REC based on the
data available through the ONC. We excluded 12 RECs in states or territories that did not have

any CAHs in the 2015 AHA data.

Dependent variables: Advanced EHR functions

The primary dependent variables of interest were measures of advanced EHR use across
two domains: clinical data analytics (CDA) and patient engagement (PE), tracked annually by
the IT Supplement of the AHA Survey. The CDA domain contains 10 questions that assess
whether a hospital has implemented functions that automate data gathering for operational and
clinical purposes (e.g., “identify high-risk patients for follow-up care using algorithms or other
tools”, “generate reports to inform strategic planning”, etc.). The PE domain includes 10
questions that assess whether the hospital has implemented certain patient-facing IT capabilities
(e.g., “schedule appointments online”, “submit patient-generated data”, etc.).>> Missing values in
the advanced EHR functions were coded as zero, i.e., not having the specific function. We used a

total sum of functions adopted in both domains (0-10) as well as progress in adoption of

individual measures as dependent variables.

Independent variable: Distance

Our primary independent variable of interest was distance from CAH to the closest REC.
To establish a categorical geographic distance measure, we stratified CAHs into two groups:
those within and those beyond 200 miles as the straight-line distance from the closest REC, as
measured by the CAH location in 2015 (the last year of the ONC dataset). The 200-mile cut-off

was selected for two reasons: (1) it was the median of the distribution of distances to the closest
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REC in the sample; (2) it approximately represented a reasonable driving distance (roughly 2-3
hours) from REC to their target CAHs. Going forward, we refer to CAHs within 200 miles of a
REC as “nearby CAHs” and those beyond that radius as “distant CAHs”. We conducted
additional sensitivity analyses with 175- and 225-mile cut-offs as well as with the continuous

distance variable.

Hospital characteristics

We captured several hospital characteristics that have been associated with EHR adoption
and use. We categorized size by total bed count of each hospital: hospitals with more than 400
beds were identified as large, between 100 and 400 as medium, and those with fewer than 100
beds as small. For ownership, hospitals were classified as private non-profit, private for-profit or
federally owned. To address the question of whether rurality itself or proximity to the REC may
drive the results, we grouped rural-urban continuum codes to identify CAHs as located in metro,
urban non-metro or rural areas based on 2013 RUCC designation at the county level. To control
for variations in broadband access as a potential factor that could impact the relationships in
question, we stratified hospitals by quartile for broadband access by county in 2015,

operationalized at proportion of population in the county with broadband access.

Analytical approach

Outcomes were evaluated cross-sectionally in 2018, and longitudinally from 2012 to
2018. We assessed hospital adoption of each individual function in both domains using an
unadjusted model of adoption rate as a function of distance. To address our first research

question, we used cross-sectional linear regressions to investigate the relationship between CAH
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distance from a REC and the two domains of advanced EHR use, CDA and PE. We assessed the
relationship of distance with the total number of adopted functions in each of the two domains.
Hospital characteristics were included to adjust for these variables in the models. For our second
research question, we used a longitudinal long-difference calculation in which we estimated the
absolute gain in the total number of CDA and PE functions between the first and last year of
available data for each CAH in the dataset. We excluded a small percentage of observations
(n=43 corresponding to 5% of the analytic sample) that had a negative sum of PE or CDA
functions over time. For both, the cross-sectional and longitudinal analyses, we conducted two
models, one adjusting only for hospital characteristics (bed size and ownership type) and one
adjusting for location factors such as rurality and broadband access in addition to hospital

characteristics.

2.3 Results

Our analytic sample consisted of 793 unique CAHs over 7 years, for a total of 4,300
hospital-year observations between 2012 and 2018. 50.3% of CAHs were classified as nearby
and 49.7% as distant CAHs. After matching and applying exclusion criteria, 50 RECs were
included in the sample. Table 2.1 summarizes sample characteristics, and geographic distribution

of CAHs in relation to the closest REC is illustrated in Figure 2.1.

24



Table 2.1 Descriptive statistics, matched sample of critical access hospitals, 2012-2018 (N =
4,300 Hospital-Year observations).

Descriptive Statistics, CAHs located <200miles CAHs located >200 miles
2012-2018
N (Hospital — % N (Hospital — %
Year Year
Observations) Observations)
Bed size
Small 2065 95.4 1988 93.1
Medium 99 4.6 148 6.9
Large 0 0.0 0 0.0
Ownership
Private, nonprofit 1174 54.3 1166 54.6
Private, for profit 65 3.0 57 2.7
Public 925 42.7 913 42.7
Rural-urban
continuum
Metro 342 15.8 281 13.2
Urban non-metro 1286 59.4 1254 58.8
Rural 342 15.8 599 28.0

Figure 2.1 Critical access hospitals by distance to the assigned regional extension center.

@ Regional Extension Center (REC)
Critical access hospital located within 200 miles of REC
® Critical access hospital located beyond 200 miles of REC
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Critical Access Hospital 2018 Advanced IT Adoption by REC Proximity

On average, nearby CAHs had adopted 0.44 more PE functions (out of 10) than distant
CAHs as of 2018 (p = 0.02), controlling for bed size and ownership. When accounting for
contextual factors — rurality and county-level broadband access — nearby CAHs adopted 0.39
more patient engagement functions (out of 10), on average, as of 2018 (p = 0.05), compared to
the distant CAHs. Our analysis showed no significant differences related to the aggregate
measure of adoption of the CDA functions (p = 0.76 and p = 0.96, respectively). Appendix
Exhibit B1 presents detailed results of the analysis. Breaking down adoption by each individual
patient engagement function, nearby CAHs showed higher adoption for nine out of ten functions,
although only the difference for the ability to request an amendment to EHR was statistically
significant (Fig. 2.2). Breakdown of individual data analytics functions produced mixed results;

none of the individual differences were statistically significant (Fig. 2.3).

Figure 2.2 Unadjusted percentages of critical access hospitals that adopted individual patient
engagement functions in 2018, by distance to the closest regional extension center.

Patient Engagement Adoption Functions Among Critical Access Hospitals, 2018
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Figure 2.3 Unadjusted percentages of critical access hospitals that adopted individual
advanced data analytics functions in 2018 by distance to the closest regional extension center.

Advanced Analytics Functions Among Critical Access Hospitals, 2018
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Unadjusted trends of adoption of CDA and PE functions over time are presented in Figures
2.4 and 2.5. Our long difference analysis explored longitudinal trends in the uptake of advanced
EHR capabilities. Controlling for bed size and ownership, nearby CAHs adopted 0.34 functions
more over the study period (2012 —2018), compared to the distant CAHs (p = 0.06). Adding rural-
urban continuum and county-level broadband access controls to the model, nearby CAHs adopted
0.34 functions more over the study period (2012 — 2018), compared to the distant CAHs (p = 0.06).

Our analysis showed no significant differences related to the aggregate measure of adoption of the



advanced data analytics functions (p = 0.98 and p = 0.64, respectively). Appendix Exhibit B2

presents a detailed summary of this analysis.

Figure 2.4 Unadjusted adoption of patient engagement functions, 2012 —2018.
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Figure 2.5 Unadjusted adoption of clinical data analytics functions, 2012 — 2018.
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Sensitivity analyses

To ensure the validity of the results with regards to geographic proximity, we conducted
sensitivity analyses in which we varied the distance cut-off for the independent variable.
Performing the main analyses with distance to the closest REC as 175 miles and 225 miles as well
as with the continuous distance in miles showed qualitatively consistent results, supporting our

original findings (Appendix Exhibit B3).

2.4 Discussion

In this study, we sought to evaluate whether the REC program helped facilitate adoption
of advanced EHR functions for critical access hospitals by providing access to skilled IT
workforce. Our analysis showed that distance to the closest REC was associated with better
progress toward adoption of patient engagement functions by CAHs, but not progress toward the
adoption of clinical data analytics functions. The REC program was designed to support provider
adoption of EHRs in the form of direct support, in addition to the financial incentives provided
by the HITECH Act.*® However, not all providers were located within close proximity of RECs
and our study suggests that critical access hospitals located far from RECs may have continued
to struggle with access to IT support to meet Meaningful Use goals as well as with the move
beyond EHR adoption into using newly digitized data to improve operations, care quality, and
patient experience.

During the past decade, CAHs have had lower rates of adoption of Meaningful Use
measures compared to urban hospitals and even other rural hospitals, and were lagging behind
non-CAHs in terms of adoption of advanced EHR functions.?*-** These differences in adoption

rates could be linked to several challenges unique to CAHs, such as lack of staffing, including IT

29



staff, financial challenges and lack of resources for sufficient training.*® Our study documents a
further divide among CAHs: even within this group of hospitals with similar characteristics, size
and ownership, those closer to IT support in the form of a REC were demonstrating a higher rate
of adoption of patient engagement functions. This finding supports prior work that stressed the
importance of locally available IT workforce for the success of hospital EHR adoption and
achievement of downstream operational efficiencies.??

Our study provides suggestive evidence that nearby RECs helped CAHs achieve some
advanced EHR functions but did not contribute to higher rates of adoption beyond the already
ongoing adoption spurred by the HITECH Act, as evidenced by trends in the advanced clinical
data analytics domain. The REC program was designed to provide high-touch support with EHR
implementation and their effective use. Combined with other programs that provide expertise
and direct assistance to critical and rural hospitals, such programs can help bridge the digital
divide. However, they may not be effective on their own without comprehensive efforts to
address other challenges disproportionally facing critical access and other rural hospitals,
including financial, managerial and contextual challenges, such as lack of broadband access.

It is likely that the shortage of highly skilled health IT workforce in remote locations will
persist in the coming years. Several future directions of research would be necessary to advance
our understanding of resources that might help bridge the digital divide for critical access
hospitals. Studying the impacts of specific practices aimed at pooling IT resources or leveraging
a remote I'T workforce could help identify best practices for providing workforce support to
CAHs and other small rural hospitals. Further, examining which specific functions face more
adoption challenges and the mechanisms behind slow adoption (e.g., managerial resources,

issues with initial staff training etc.) could help identify specific solutions and facilitate their
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adoption. These research directions could inform future policy efforts designed to overcome
geographic distances and provide the needed IT expertise in remote locations.

This study has several limitations. The datasets currently used in the study did not allow
to identify specific CAHs that signed up to work with each REC. We matched CAHs to RECs by
geographic proximity, which was also the assignment strategy used by the ONC. Although
reasonably accurate, the sample would benefit from further refinement using the exact CAHs that
worked with each REC. Our study pointed to the difference in adoption of advanced data
analytics and patient engagement functions, however, we were not able to pinpoint the exact
mechanisms driving the difference given the nature of the data. Lastly, the REC program
provided support to physician practices in addition to CAHs. In our data, we were unable to
distinguish how specific REC’s resources were divvied between CAHs and physician practices

and the bandwidth each REC had for supporting specifically CAHs.

2.5 Conclusion

In line with the results of prior work on spillover effects of IT workforce in urban areas,
the findings of the current study stress the importance of geographic proximity to IT resources
and skilled IT professionals for successful implementation of health IT. Our analysis showed that
distance to the closest REC was associated with better progress towards adoption of patient
engagement functions by CAHs, but not progress towards the adoption of clinical data analytics
functions. Policies aimed at supporting provider adoption of EHR functionality should include
provider proximity to the closest IT support as an important consideration. This issue is

particularly important for optimal distribution of scarce resources for critical access and rural
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hospitals which are typically located in remote areas and struggle with adoption and integration

of health IT.
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Chapter 3: Implementation of a continuous patient monitoring system in the hospital
setting: A qualitative study

Authors: Masha Kuznetsova, Alice Y. Kim, Darren A. Scully, Paula Wolski, Ania Syrowatka,
David W. Bates, and Patricia C. Dykes

Abstract

Digital tools have the potential to improve the efficiency of care delivery, positively
impacting patient outcomes and staff satisfaction. However, their true integration into the clinical
workflow remains a challenge. This study sought to contribute insights to this knowledge area by
examining the entire implementation continuum of a contact-free, continuous monitoring system
(CFCM) in the acute care inpatient setting. CFCM was designed to monitor heart and respiratory
rates through non-contact sensors embedded in patient beds and use the information to alert
providers, thus enabling early detection of patient deterioration.

We collected data during the entire implementation continuum, before, during, and after
CFCM was deployed in four inpatient units of a community hospital. We conducted three group
and 24 individual interviews over the course of the study, as well as five process observations.
Alarm response data were collected after deployment to measure the time between alarm
initiation and responding at bedside. Analysis was conducted using triangulation of information
sources and two-coder consensus.

Pre-deployment findings revealed that the biggest perceived barriers to implementation
were: (1) concerns about alarm fatigue; (2) questions about accuracy and trust; (3) impact on
patient experience; and (4) challenges to the status quo. Stakeholders identified the value of
CFCM as preventing deterioration and being beneficial for patients who are not good candidates
for telemetry. These insights were used to create educational materials that addressed each

specific barrier and emphasized the shared value of CFCM, as identified by stakeholders. Post-
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deployment data collection revealed immediate and sustained mean alarm response rate below
the desired target of two minutes. Interview analysis showed lessened concern for alarm fatigue
and improved trust in the technology. Post-deployment challenges included potentially
insufficient training for providers (secondary users) and impact on patient experience.

In addition to understanding the perceived barriers to implementation and establishing
shared value before deployment of new digital technologies, recommendations for future
implementations include: (1) studying strategies for optimal tailoring of education to each user
group; (2) identifying and reinforcing positive process changes after deployment; and (3)
including patient experience as the overarching element in frameworks for digital tool

implementation.
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3.1 Background

Digital tools have the potential to improve the efficiency of care delivery, positively
impacting patient outcomes and staff satisfaction. However, much of this potential has not yet
been realized. True integration of digital health tools into the clinical workflow remains a
challenge.*!"*3 Shaw et al. (2018) describe the distinction between product innovation (creation
of new tools) and service innovation (using tools to transform care delivery), in which the
literature has addressed the former to a great extent but has so far produced limited evidence on
the latter or the path from a validated product to fully transformed service delivery.** This study
sought to contribute insights to this knowledge gap by examining the entire implementation
continuum of a contact-free, continuous monitoring (CFCM) system in the acute care inpatient

setting.

The technology

CFCM monitors heart rate (HR) and respiratory rate (RR) by detecting heart beats and
lung motions through non-contact sensors embedded in patient beds. This contact-free system
updates HR and RR twice per second; the data are processed through an algorithm which creates
a trend of patients’ vital signs, ignoring any noise or incidental readings. When the readings fall
outside of the safe range, the system sends an alert to nursing staff to notify them of early signs
of possible deterioration. It also provides trends and alarm history which can be used to better
assess patients’ status throughout the day and their response to medications and treatments. By
tracking HR and RR in a seamless way, CFCM can support patient safety by supplementing in-
person assessments and improving the quality of care via continuous and more accurate

monitoring. Prior work showed that a digital tool based on the same technology was associated
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with significantly fewer transfers from medical-surgical to intensive care units (ICU) and
reduced overall length of stay (LOS), generating an estimated $2.3 million in cost savings.*
Despite its potential to improve outcomes, implementation of CFCM may be challenging as it

alters the existing clinical workflow and communication patterns.

Monitoring patients’ vital signs

In the hospital, vital signs are monitored to identify any concerning trends and detect
patient deterioration. Studying continuous patient monitoring, therefore, presents a particularly
interesting case study — unlike procedures or discrete health events, monitoring of patient status
in the inpatient setting takes place 24/7 and presents a significant time burden.*® Making a
change to this process can be expected to result in direct and indirect implications for
productivity, communication and clinical workflow.*’

CFCM offers the ability to measure HR and RR. HR can be captured accurately by other
existing technologies, whereas RR measurements are more often done manually and thus prone
to inaccuracies and observer differences.*® The industry standard for measuring RR involves a
clinician observing and recording chest movements for a period of one minute.*® Given the time
constraints and frequent interruptions, this is often not feasible, and in practice it is often not
done. Prior work has found that RR values of 18 — 20 breaths/min, which represents the normal
range, are frequently documented, even in cases of cardiopulmonary compromise where
anomalous values would be expected.’®*! Changes in RR represent a significant predictor of
subsequent deterioration and unplanned ICU transfers and constitute an integral part of risk

52,53

assessment tools.”>>> Given its importance as a predictor of deterioration and difficulty in
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measuring RR accurately, CFCM has the potential to significantly optimize the clinical

workflow and improve patient outcomes.

Continuous and/or contact-free patient monitoring systems

Continuous patient monitoring can provide additional data points to better understand
patient status and use the data in early warning sign models. Qualitative studies of clinicians’ and
patients’ perceptions of continuous monitoring systems produced mixed results. Positive
perceptions included data availability and potential to improve patient safety. Among negative
perceptions of the devices were concerns about increase in inappropriate escalations of care,
discomfort to patients and a decrease in time spent at bedside.’*>> However, much of the prior
work focused on wearable devices and conducted their studies either before or after pilot
implementations of limited scope, rather than studying the whole implementation continuum. A
recent study that explored staff perceptions of the potential implementation of a contact-free
monitoring technology after esophagectomy reported positive views of the benefits of the
technology to prevent deterioration through early detection.’® Dykes ef al. (2021) used an
implementation science approach to facilitate uptake of a technology like the CFCM technology
examined in this study, in the period after its deployment to address long response times.>” Their
results showed three main barriers to implementation, including a lack of training, inadequate

communication and challenges posed by the clinical workflow.

Contribution

To our knowledge, few studies to-date have collected data before and after the

deployment of a continuous contact-free patient monitoring technology in a complex care
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setting, nor have past studies evaluated how these technologies impact communication or nursing
workflows beyond the usability of the technology itself. The present study addresses this gap in
the literature by studying the whole implementation continuum and exploring in depth how
CFCM might be contributing to workflow changes. With a growing number of new digital tools
becoming available and being deployed to improve patient safety and address other challenges of
healthcare delivery, building a knowledge base of the implementation process and its impact on

care delivery remains a key priority.

3.2 Methodology
Setting

This qualitative field-based study was conducted at a 171-bed teaching community
hospital in Massachusetts over a period of 10 months (5 months before and 5 months after the
deployment of CFCM). The hospital is part of a large integrated health system. The study is part

of a broader research initiative to evaluate the clinical impact of CFCM implementation.

Technology and workflow

CFCM is primarily intended for nurses as primary users who are responsible for
responding to the alert, assessing the patient at the bedside, notifying the providers (physicians,
nurse practitioners, or physician assistants) and carrying out the clinical actions. Nurses get alerts
through the nurse call system (radio badges that each nurse carries) if the patients’ HR or RR are
outside of the pre-specified parameters. The safe range of parameters is pre-specified but can be
evaluated and modified by the clinical team to tailor it to each patient. Nurses work with patient
care assistants (PCAs) who are responsible for taking vital signs, repositioning the patient and

notifying the nurse of any issues. PCAs also receive the alerts via the nurse call system. Due to
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their limited scope of practice, PCAs are not responsible for initiating clinical actions; instead,
they assist by taking vitals and ensuring the primary nurse is aware of the alarm. The new
technology was implemented in conjunction with telemetry (standard of care). The alarms also
sound at bedside, where the main system interface is located on the side of the patient bed. The
parameters are adjusted and alarms can be suspended using the interface screen on the patient
bed. To maximize the benefits of CFCM, users need to (1) respond to alarms in a timely manner
and evaluate if clinical actions is required, (2) incorporate the trends produced by CFCM in their
clinical assessment both during an alarm episode and when doing routine vital sign assessment.
The response rate for the alarms was initially set for five minutes given prior implementation of a

similar CFCM tool at different sites, and subsequently adjusted to two minutes.

Qualitative and quantitative data collection

We used a combination of individual and group interviews as well as on-site observations
to generate insights about the topic. The data collection and theoretical approach draw on the
recently published guidance for qualitative work in health informatics.>® Data collection took
place in two stages. In the first stage, we conducted initial observations and qualitative
interviews in the five months leading up to the deployment of CFCM to garner insights on
existing workflows, barriers and facilitators of the upcoming deployment and to establish the
potential value of CFCM. In the second stage, interviews and collection of process measured
data on alarm response times occurred during the first five months after the deployment. This
data collection approach allowed us to generate insights around the whole implementation

continuum and use three sources of data to support triangulation in the analysis.
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Qualitative observations

Initial observations focused on understanding the current workflow for monitoring
patients’ status and identifying points in the workflow that might be affected by CFCM.
Observations were conducted using a standard protocol that was developed in collaboration with
a clinical co-investigator familiar with the units (Appendix Exhibit C1). A study team member
observed one nurse per observation period by following them as they executed their workflows.
Observations were conducted on different days over the course of a month. To ensure a
representative understanding of the workflow, observations were conducted at different times of

day.

Qualitative interviews

The first stage of qualitative interviews was conducted before CFCM was rolled out. The
second stage of interviews started two months after the deployment of CFCM to ensure that
participants had a chance to interact with the relatively infrequent alarms. Interviews in both
stages were concluded after reaching thematic saturation. Interviews were conducted either in-
person or via Zoom, depending on participants’ preferences to accommodate clinical schedules
and COVID-related precautions. All interviews were audio recorded and transcribed using a
transcription service. The semi-structured interview guide was developed for the first stage using
a combination of open-ended questions about the monitoring of patients’ vital signs and
questions that reflected concepts from the literature review (Appendix Exhibit C2). The semi-
structured interview guide for the second stage included questions related to themes that emerged
during the first stage as well as prompts aimed at assessing participants’ experience using CFCM

(Appendix Exhibit C3).

40



Quantitative alarm response rates

Alarm response rates were collected as part of the larger research initiative to evaluate
CFCM protocol adherence with associated outcomes and involved tracking the time between
alarm initiation and suspension activated by clinician at bedside. The mean response times are
used in this study to supplement qualitative data. Monthly mean response times were calculated

by averaging weekly response times for each unit.

Participants

Study participants included clinicians who were expected to interact with CFCM as part
of their workflow, including nurses as primary users, and secondary users including PCAs, nurse
practitioners (NPs), physician assistants (PAs) and physicians (MD/DO). Participants were
recruited using purposive sampling to ensure that all groups of primary and secondary end users
were represented in the sample. Some participants took part in both the pre- and post-
implementation interviews, while others only participated in one part. It was not possible to
ensure that the same participants did both sets of interviews due to staffing challenges and
turnover of nursing staff, as well as the need to conduct more interviews in the post-
implementation stage to reach saturation. Participants demographic characteristics were collected
via a brief questionnaire after the interview. Participants received a $50 gift card for

participation in the study.

Theoretical framework

Our approach relied on elements from multiple theoretical frameworks applicable to

studying digital tools. We used insights from a combination of implementation science
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frameworks which have been used to study continuous patient monitoring systems and health IT
tools more broadly.’”- > Specifically, the concepts of the central core (core functionality) and
adaptable periphery (adaptable features that can be adjusted to improve uptake and usability)
were used to conceptualize the research process with responding to alarms as the core and
changing parameters and incorporating trends into the workflow as adaptable.®® Additionally, we
used the [Tool+Team+Routine] heuristic proposed by Shaw ef al. (2018) as a way establish the
value of the technology to users before its deployment and study ways in which CFCM could

lead to transformation of service design beyond the tool itself.**

Analytical approach

Data collected during the two stages of the study were analyzed using a combined
deductive-inductive approach. We started the initial coding by going through a limited number of
transcripts and assigning meaning to insights provided by the participants, while simultaneously
identifying themes related to prior literature and our questions (e.g., alarm fatigue). After this
initial approach, we categorized the insights into main themes and developed our codebook. We
then applied the codebook to each interview transcript. All interview transcripts were coded
using the NVivo software (QSR International, 2022). To ensure dependability of analysis, all
transcripts and observations were coded by two study team members. Discrepancies in coding
were resolved during consensus meetings. In the spirit of triangulation, insights from interviews

were correlated with observation notes.
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Workflow mapping

Based on the interview insights and observation notes from the first stage of data
collection, we constructed a process map of the current workflow of monitoring patient status
and identified ways in which CFCM can be incorporated into the workflow. We used Lucidchart
software to create the map.%! A draft of the map was validated with clinical members of the study
team and with the Nurse Informatics committee from the study cite. Changes were made based

on the feedback to reflect hospital protocols and usability considerations.

Ethical review
This study has been reviewed by the Institutional Board Review of the hospital system

and approved as exempt.

3.3 Results

We conducted two rounds of interviews, before and after the deployment of CFCM. In
the pre-deployment round, we conducted two group and seven individual interviews. In the post-
deployment round, there were one group and 17 individual interviews. Participant characteristics
for both rounds are presented in Table 3.1. Group interviews lasted 42 min on average and
individual interviews lasted 19 min on average. Additionally, we performed a total of five
observations in the pre-deployment period with the average duration of each observation period

2.5 hours.
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Table 3.1 Study sample characteristics.

Sample characteristic Study sample (N = 26)
% Female 96%
% Leadership role 15%
Average years of practice 8.7
Average years at facility 6.7
Average weekly patient care hours 36
Provider type
% RN 62%
% PCA 19%
% NP/PA 11%
% MD/DO 8%

Pre-deployment
Several consistent themes emerged during the triangulated analysis of interview and

observation data from the first, pre-deployment, stage of data collection.

Value

Participants identified several elements of CFCM that could improve their workflows.
They hypothesized that CFCM would be beneficial for patients who are not good candidates for
telemetry — either due to lack of presenting indication (to detect unexpected deterioration), or
behavioral issues which can make tolerating the telemetry equipment and associated wires
infeasible. They hypothesized that CFCM could allow them to reduce the amount of monitoring
at bedside and better distribute tasks during the workday.

“[ think this can help. We don't have to—reduce staffing burden, where you have staff to

sit there, constant observation, just sit there and watch the patient. If these can alarm us,
they could be helpful.”” [RN]
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Accuracy and trust

Despite having identified several possible benefits, many participants raised questions
about the accuracy of CFCM and their lack of trust in the technology or the proposed

deployment stemming from the questions around how it collects and assesses the data to trigger

alerts, and how the alerts would be used by clinicians.

“And 1 feel if you just rely on [technology], then you just get a lot of pages. I just don’t
want to take away from the critical thinking <...> Like look at the patient. Examine the
patient, what do you think is, do you feel the patient is worse or better — than maybe just

going by a number that a computer throws at us.” [NP]

Another element of trust concerned the evidence base of CFCM: they were concerned about the

applicability of the technology in their specific setting and for their patient population.

“My main question is, how accurate is it and how well does it actually work because
when I first saw it, I thought it was <...> too good to be true almost. Because I see a lot
of times patients that are <...> a little agitated or like they're moving around the bed a
lot so I was curious how the bed would actually be able to pick up those signs if the
patients squirming around all the time or something.” [PCA]

Alarm fatigue

Unsurprisingly, participants raised concerns about alarm fatigue. PCAs and RN alike
wondered whether they would have to respond to more bedside alarms, adding to the already

frequent bed exit and patient call alarms and the telemetry alarms at the nurses’ station.

“There is alarm fatigue as well. If this is uber-sensitive, which we would want it to be
sensitive, how often then is it gonna be [sending alerts through the nurse call system to]

the nurses or PCAs?” [RN]

Physicians, NPs and Pas were concerned that (1) new alarms would increase attention

burden for the nurses, and (2) new alarms would increase the number of pages they receive.
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“How many more pages is that gonna produce for the provider, and whether that's really
gonna translate into better care?” [MD]

Patient experience

Participants highlighted the importance of understanding the impact of new technologies
on patient experience, even in cases where the change primarily affects the clinician workflow.

“Can patients see that? Like if they look at the heart <monitor> - some people like to

visualize and then they get really nervous.” [NP]

These issues, if raised by patients, might put additional burden on the clinicians by

having to answer questions, responding to concerns or complaints related to the bedside alarm.

Changes to the status quo

Participants voiced several concerns and questions about the introduction of CFCM to
their workflow. The proposed method of integrating CFCM into the workflow relied on sending
a voice message to the nurse call badges RNs and PCAs carry during the shift which we
discovered to be frequently missing or not charged. Another workflow challenge arose from
introducing CFCM as an addition to the existing patient monitoring tools, such as telemetry.
Without a full replacement and removal of optionality, many stated that they would likely still
refer to telemetry because of familiarity and additional monitoring functions (e.g., pulse
oximetry) that CFCM does not offer.

“I feel like we should throw our energy on updating all the telemetry boxes so the

respiratory rate can be monitored, versus bringing in whole new beds.” [RN]

“Maybe I would, but as of right now, looking at it, I don’t think I'm going to trust this
necessary 'cause I'm assuming that I'm still gonna put my patient on telemetry. <...> I'm
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not gonna look and review the alarms on the bed if that’s the capability that it has. ['m
Jjust gonna go look at the review of the telemetry box or the telemetry monitor.” [NP]

Workflow changes and educational materials

We used the perceived barriers communicated by participants and workflow questions to create
an implementation toolkit that specifically addressed each one of the concerns with educational
materials in multiple modalities. Users received varying levels of training and tailored
educational materials, depending on their role and expected extent of interaction with CFCM,
with nurses receiving the most comprehensive training as the primary users. A summary of the
types of materials included in the toolkit is presented in Appendix Exhibit C4. As part of the
toolkit, we constructed a process map of the current vital sign monitoring workflow as well as

the proposed changes (Figure 3.1).
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Figure 3.1 Process map of the current status of patient monitoring workflow and the proposed
future state.
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Changes to existing workflow displayed in this color
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Figure was created in Lucidchart, www.lucidchart.com.

Post-deployment

A descriptive analysis of the main process measure indicated response times for the alarm
were one minute and four seconds on average, below the pre-specified goal of two minutes.
Importantly, response times were below the goal immediately after implementation and stayed

within the desired threshold several months after implementation, suggesting a consistently

successful uptake (Table 3.2).
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Table 3.2 Mean alarm response times by unit.

Weeks post 1-4 5-8 9-12 13-16 16 -20
deployment

Unit 1 Im 8s 58s 48s Im Os Im 6s
Unit 2 1m 32s Im 36s Im 35s Im 51s Im 18s
Unit 3 56s Im 15s Im 10s Im 5s 53s
Unit 4 30s 41s 50s 32s 29s

Post-deployment interviews revealed some signs of practice changes facilitated by CFCM

and highlighted several areas where integration issues persisted.

Value: Specific use cases

Participants shared with us several cases in which CFCM provided early alarms that led
to changes in clinical actions, exemplifying the core value of this technology. CFCM was also
helpful for several specific groups of patients, including patients on pain medications and those
under comfort measures only. For patients receiving pain medication, CFCM provided an early
warning sign of issues related to declining respirations, leading to changes in medication levels.

“The alarms tend to go off more for respiratory rate for us than it does for heart rate,

which actually makes a lot of sense because we are giving quite a bit of narcotics to our

patients. We are pretty much keeping up with an every-four-hour schedule, so it does
make sense that their respiratory rate would start to decline. It is a really a great
awareness for us that, “Okay. Maybe we need to start maybe halving the dose or going

back on it if they 're not able to respirate and breathe as they normally would be.” [RN]

Accuracy and trust

Participants reported some level of trust in the new technology, although it was generally

not complete trust. The level of trust depended on the experiences with CFCM.

“I would say it’s[trust level] 90 percent. I think the only outlier, like she said, is
positional. From my own assessments—Ilike looking at the patient, doing that assessment,
and then comparing it—it’s very accurate, I think, as far as I can tell.” [RN]
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Several consistent issues around inaccurate readings have been highlighted, including
those for patients who were sitting on the side of the bed or moving a lot, and for beds that had
not been reset for the new patient thus trending on prior patients’ weight and vital signs.
Participants reported that they double checked vital signs using conventional methods and
checked CFCM trends to ensure accuracy and rule out deterioration in cases when they suspected
an inaccurate alarm.

“[ feel like the past week that [ have worked, it’s once or twice I have bed alarms for the

heart rate or the respiratory rate. Then I would go in. Usually, the patient is sitting at the

edge of the bed. I think, usually, they 're not really lying down. Then I would check the
trend or turn off the—I think you know—check their trends.” [RN]

Alarm fatigue

Although alarm fatigue was a persistent concern in the pre-deployment stage; in the post-
deployment interviews the concern lessened. Participants mostly reported that CFCM did not
make their workflow more difficult, with infrequent alarms occurrences per day. Providers
reported receiving few pages related to the alarm. Most instances of multiple alarms were related
to the same cases where the alarm would repeatedly go off for the same patient on the same day,
after it had been suspended.

“I recently had a patient who was on a lot of narcotics after surgery and respiratory rate

alarmed on him a handful of times. We ended up adjusting his narcotic regimen to make

it so that it wasn’t alarming.” [RN]

As expected by participants before the deployment, the alarms had implications for
patients and their experience of care. Participants reported some concern of alarm fatigue for
patients, especially for repeated alarms or those that go off at night and disrupt sleep. Some

participants, to address confusion or negative sentiment expressed by patients, started
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incorporating CFCM into their conversations with patients to help explain why the alarm was

going off.

“Educate them why. 'Cause the patients oftentimes will be like, “Oh. This bed’s yelling
at me again!” “Why is it doing this?” It’s an opportunity for us to say, “Well, this is
actually why this is happening.” You know, “Your respirations are low. You re getting a
lot of narcotics. “When you go home this is something you're gonna have to manage, and
so you need to be aware that if you take too many, it can lead to this kind of a situation,
and you won'’t have a bed to alert you.” [RN]

Workflow changes

We documented several ways in which CFCM has resulted in emerging workflow
changes that go beyond responding to the alarm itself. First, regarding the use of trends, although
the reported engagement with the trends varied in our sample, multiple nurse participants have
used trends after the alarm has gone off to assess the patients’ status or to review the trends to
inform their conversations with providers. Participants who have used trends, reported them
being helpful for decision-making.

“I tend to open it up and say, “Okay. How many other alarms are they having?” “Is this
going off every 15 minutes after you have suspended?” “What'’s the issue here?” “How
many have they had prior?” If there is something going on, like, “Is this something [

need to address and talk to the doctor about?” Like, “Is this a consistent problem?” I

think, as a staff, we just need to get better about incorporating it into our bedside report

and doing it first-thing 'cause I do think we’d be able to talk things through and eliminate
things a little earlier rather than the alarm going off and going into their room and then
looking at it.” [RN]

Second, participants suggested that CFCM could be useful in providing an accurate
measurement of respiratory rate. They reported frequent instances with inaccurate manual

measurements which points to a lack of trust of respiratory rate trends they see in the patient

chart.

51



“I think it would actually not be bad because I think, typically, we'd see a respiratory
document of 18 or 20. <...> It's more like, "Oh. Let's just put down a 20." I don't think
we stand there for a minute and really count. It might be helpful to actually have a true
respiratory rate if it's actually true if that makes sense.” [MD]

However, despite recognizing the value of accurate readings, participants’ perceptions of

the importance of respiratory rate were mixed and contingent on whether the patient presented

with respiratory symptoms.

Lack of training for providers

Nurses and PCAs were mostly satisfied with the amount of training they received and
pointed out specific parts of the training that were helpful, such as the hands-on in-person
demonstration of the functionality. However, providers described limitations in the education
and training they received on CFCM and its functions. They were generally unaware of the

details or timeline of the implementation process.
“I was talking to some other colleagues. We all thought, no, we never really got trained
with it. Sometimes you’ll go in and the bed alarm is going off, and you want to be able to

Jjust silence it or reset it or something. I don't think we really feel like we really know how
to do that, which would be nice.” [MD]

3.4 Discussion

In this study, we used qualitative methods to examine the entire implementation
continuum of a continuous contact-free patient monitoring system and investigate workflow
changes resulting from using the new technology. During the pre-deployment stage, we
established the proposed value of CFCM and identified several potential barriers to its
integration into the clinical workflow. The value of CFCM was identified as alleviating some of

the bedside monitoring burden and preventing deterioration in patients who were not on
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telemetry by seamlessly tracking their vital signs. Potential implementation barriers included
concerns about accuracy and lack of trust in CFCM, concerns about exacerbating alarm fatigue,
and unforeseen changes to patient experience. Insights synthesized during the pre-deployments
stage informed the proposed workflow for CFCM and educational materials that addressed each
barrier in detail. During the post-deployment period, we noted improved, although imperfect
trust in CFCM and lessened concern about alarm fatigue and high level of satisfaction with
training among primary users (nurses). The response rates between alarm initiation and clinician
responding at bedside were consistently below the two-minute target. Several new concerns
emerged during the post-deployment state, including alarm fatigue for patients and lack of
training for providers.

Prior work studying a similar continuous monitoring system after its deployment has
identified inadequate education, clinical workflow challenges and lack of communication as key
implementation barriers.’” In their study, response rates for RR alerts fell from an average of 26
min to 4.85 min after employing an implementation science approach. The immediate and
sustained alarm response rate below the two-minute goal and the absence of similar barriers in
the post-deployment stage of our study point to the effectiveness of establishing the value of
CFCM before deployment and creating educational materials and training content based on the
insights and main concerns communicated by the end-users. This finding aligns with the value
proposition design centered around the [Tool+Team+Routine] heuristic which stresses the
importance of soliciting feedback from team members to understand the value of digital tools
and their potential impact on the existing routines and using these insights to inform
implementation process.** More broadly, if staff do not “buy in” to a variety of different types of

monitoring technologies, it can blunt or even completely eliminate the clinical impact.
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In addition to response to alarms, our analysis revealed signs of changes to service design
that go beyond responding to alarms. For example, some participants have used CFCM in their
communication with patients to explain their conditions and with providers to describe observed
clinical patterns. Participants have also reported using trends in their workflow both in clinical
assessment after alarms and outside of alarm episodes. Trends have been particularly helpful in
understanding patients’ pain management regimens and adjusting them according to the impact
on respiratory rate. Further, consistent with prior literature, an overarching theme of inaccurate
manual respiratory rate measurements emerged.>%>! Citing this challenge, participants reported
using CFCM for a more accurate respiratory rate reading. Studying such workflow adaptations
for digital health tools and using insights in training efforts can support knowledge transfer and
provide important insights for future adoption.

Even with an implementation that met its process measure goal, some issues around
workflow and integration persisted after deployment, stressing the importance of soliciting
feedback and adapting tools after users have had time to engage with them in practice. For
example, to avoid alarm fatigue related to alarms going off for the same patient, clinicians would
need to reassess the patient and adjust the parameters of the alarm as needed or respond to the
clinical need that triggered the alarm. To ensure that vital signs are tracked appropriately, the
beds need to be reset for each new patient. Reiterating the importance of respiratory rate as an
early sign of deterioration even for patients without underlying respiratory issues is key to
shifting from reactive to proactive monitoring, which could be challenging given the status quo
and lack of trust in the manual respiratory rate readings in the chart.> Continuous evaluation

after deployment can identify issues related to staff satisfaction, usability and unintended
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consequences, and facilitate efforts to adapt the tool or provide additional tailored education,
depending on need and feasibility.%3-64

Another important issue that came up during the interview stage was lack of education
and awareness of implementation reported by providers. We used a multi-modal educational
approach in which different types of users received different levels of education, corresponding
to their expected level of use of CFCM. Providers were secondary users and were expected to
interact with information gathered from CFCM after being contacted by the nurse, rather than
with CFCM itself. Due to this expected limited direct exposure to CFCM, their training included
email communications with a detailed description of CFCM and its functions which, as the
interview insights suggest, might have been insufficient. Future work is needed to understand
how to better allocate educational materials for different user groups in complex care settings
while considering time constraints and competing demands.

Lastly, a persistent issue with integrating CFCM revolved around unintended
consequences for the patients. While some of these can be ameliorated with improved education
and appropriate use of CFCM (e.g., re-setting the beds), other issues, such as experiencing
alarms and increased frequency of bedside check-ins, might persist. Current digital
implementation frameworks do not explicitly discuss patient experience considerations in the
implementation stages and focus on overcoming organizational challenges and on improving
patient outcomes, unless such solutions are patient-facing.*!#2 ¢-67 However, even for tools
where primary users are not patients — like CFCM — they are impacted not only by changes to
clinical care itself but also by changes to routines and communication. Our findings should
motivate a bigger focus on the inclusion of patient experience as part of digital implementation

frameworks. For example, in the context of the [Tool + Team + Routine] heuristic used in our
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study, the impact of the technology on the experiences of and interactions with the patients could
be explicitly included within each of the three elements. Understanding and anticipating these
changes can help mitigate negative effects for patients and clinicians.

The study has several limitations. First, the data collection took place at a single
community hospital affiliated with a large health system. This may limit the generalizability of
results as there may be contextual, geographic and other differences for hospitals elsewhere that
may impact implementation. A second limitation is the potential of confirmation bias during the
qualitative analysis of the interviews and observations. Although possible, we believe that using
two coder consensus and triangulation of different sources of data helped minimize the negative

impact of confirmation bias.

3.5 Conclusion

In this study, we examined the entire implementation continuum of a continuous contact-
free monitoring technology in a complex acute care setting. We employed a value design
approach to understand the potential impact of CFCM on the team members and clinical
routines, and to identify perceived barriers to implementation before CFCM was deployed. The
insights were used to create tailored educational materials and implementation strategies that
addressed each concern. Deployment of CFCM was associated with immediate alarm response
time below the specified target of two minutes; response times stayed consistently low five
months after deployment. Despite achieving the implementation process measure, post-
deployment qualitative data collection revealed several workflow challenges, such as impact on
patients’ experiences and lack of training for secondary users of the technology. In addition to

understanding the perceived barriers to implementation and establishing shared value before
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deployment of new digital technologies, recommendations for future implementations include:
(1) studying strategies for optimal tailoring of education to each user group; (2) identifying and
reinforcing positive process changes after deployment; and (3) including patient experience as

the overarching element in frameworks for digital tool implementation.
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Appendix A: Supplementary Materials for Chapter 1

Appendix Exhibit A1: Standardized mean difference for key observable characteristics before

and after matching.
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Appendix Exhibit A2: Methodology: Regression models

For the pooled stacked difference-in-differences, the analysis estimated models of the following
form:

Yiee = a; + Pitreated; x posty + Ve + €ie

where i indexes hospitals, £ indexes experiments, and ¢ indexes event time (measured from one
year after consolidation became effective) in years; treated; is an indicator equal to 1 for treated
hospitals and 0 otherwise; post, is an indicator equal to 1 in the post period and 0 otherwise;

Yt are experiment-by-time fixed effects; and €;; is the error. The coefficient on the interaction
between the treatment and post indicators (f5;) is the average effect of consolidation on the
outcome across experiments.

For the event studies, we estimated models of the following form:

Yier = ; + z ﬁf event year; X treated; + Vi + €y

J

where j indexes event time in relation to treatment, and all other terms as stated above.

To test the hypothesis of whether consolidated hospitals that switched vendors are more likely to
achieve interoperability gains, we added an interaction term for treated hospitals that have
switched EHR vendor in the post-consolidation period and estimated the model in the following
form:

Yire = a; + Bytreated; x post, + ftreated; x post; x switched; + B3 switched; + Vit + €kt

all terms are the same as above.
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Appendix Exhibit A3: Baseline characteristics of treated and control units before and after
matching. Final matched sample consisted of 1393 treated and 1393 never treated control
hospitals (1153 unique treated and 1113 unique control hospitals).

Characteristic Treated Control Hospitals

Hospitals Before Matching After Matching

(N =1393) (N=32915) (N=1393)
Bed size, N 154 142 161
Teaching status, % 3.66 5.75 3.80
Medicare discharges, % 53.35 42.69 52.19
Medicaid discharges, % 16.49 16.18 16.54
Metro location, % 73.44 61.83 76.24
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Appendix Exhibit A4: Difference-in-differences analysis of the effect of consolidation on
vendor switching within three years post-consolidation between treated hospitals and control
hospitals.

Variable Estimate Standard error t value P value

Treated hospitals x post period -0.02 0.02 -1.09 0.27

Observations: 11,293
Fixed effects: id 2,178 year 10 experiment 10
Adj. R2: 0.46
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Appendix Exhibit AS: Difference-in-differences analysis of the effect of consolidation on
vendor switching at any point post-consolidation between treated hospitals and control hospitals.

Variable Estimate Standard error t value P value

Treated hospitals x post period 0.00 0.01 0.03 0.97

Observations: 18,841
Fixed effects: id 2,265 year 11 experiment 10
Adj. R2: 0.15
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Appendix Exhibit A6: Pooled differential changes in the adoption of individual patient
engagement functions.

Patient engagement functions

View their health/medical information online - —
Submit patient-generated data - L —
Schedule appointments online - D A

Request refills for prescriptions online - =

Request an amendment to update medical record - — e
Proxy access - L

Pay bills online - _—

Import medical records from other organizations - L —
Electronically send medical information to a third party - —
Download information from their medical record - —
-5I.O -2l.5 O:O 215 5:0

Percentage-point change

Notes: The only statistically significant differential changes are observed for submitting patient-
generated data online (p = 0.01) and importing medical records from other organizations into the
hospital’s EHR patient portal (p = 0.004).
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Appendix Exhibit A7: Breakdown of the number of complete observations by period.

Period N observations N observations, N observations,
treated hospitals | control hospitals total
-4 908 895 1803
-3 1196 1169 2365
-2 1299 1277 2576
-1 1389 1374 2763
0 (consolidation event) 1393 1393 2786
1 1290 1289 2579
2 1207 1206 2413
3 979 988 1967
4 833 834 1667

74




Appendix Exhibit A8: Pooled difference-in-differences analysis of the effect on the composite
interoperability measure between treated hospitals and control hospitals (never treated and not-
yet-treated).

Variable Estimate Standard error t value P value

Treated hospitals x post period 0.03 0.01 2.82 0.004**

Observations: 20,946
Fixed effects: id 2049 year 11 experiment 10
Adj. R2: 0.35

Notes: Our original control group included only never-treated hospitals, i.e., those that have not
undergone any system identification changes during the study period. However, never-treated
and treated hospitals could be fundamentally different. There could be certain characteristics that
could make them more likely to be a target of consolidation. In this sensitivity check we
expanded the control group to include never-treated hospitals as well as not-yet-treated hospitals,
i.e., those that had not undergone any system identification changes in the year that they are
matched into the sample but did so at a later point. The results show that including not-yet-
treated hospitals in the control group does not change the results in substantive way, supporting
our original conclusions. *p<0.05 **p<0.01 ***p<0.001
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Appendix Exhibit A9: Difference-in-differences analysis of the effect on the composite
interoperability measure between treated hospitals and control hospitals (never treated,
independent).

Variable Estimate Standard error t value P value

Treated hospitals x post period 0.06 0.01 6.49 <0.001***

Observations: 20,968
Fixed effects: id 2049 year 11 experiment 10
Adj. R2: 0.43

Notes: Our original control group included any never-treated hospital, including those that were
part of the bigger system and independent hospitals. In this sensitivity check, we limited the
control group to never-treated hospitals that were independent throughout the duration of the
study. The results show that restricting the control group did not change the direction of the
results and increased the effect size of interoperability gains for treated hospitals, which supports
our original conclusions and the hypothesis that consolidation impacts interoperability in a
positive way. *p<0.05 **p<0.01 ***p<0.001
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Appendix Exhibit A10: Difference-in-differences analysis of the effect on the composite
interoperability measure between treated hospitals and control hospitals (first consolidation event
only).

Variable Estimate Standard error t value P value

Treated hospitals x post period 0.03 0.01 3.45 0.02*

Observations: 17,457
Fixed effects: id 2113 year 11 experiment 10
Adj. R2: 0.34

Notes: Our original treated group included hospitals that experience a consolidation event at any
point during the study period, including those that were acquired multiple times. In this
sensitivity check, we limited the treated group to only the first consolidation event for treated
hospitals, thereby creating a sample of unique treated hospitals. The results show that restricting
the treated group did not change the direction of the results or significance of the results with
respect to interoperability gains for treated hospitals, which supports our original conclusions.
*p<0.05 **p<0.01 ***p<0.001
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Appendix Exhibit A11: Difference-in-differences analysis of the effect on the composite
interoperability measure in the balanced panel of treated hospitals and control hospitals (i.e.,
each hospital has complete observations in each of the nine periods).

Variable Estimate Standard error t value P value

Treated hospitals x post period 0.10 0.02 5.48 <0.001***

Observations: 7,428
Fixed effects: id 756 year 11 experiment 10
Adj. R2: 0.32

Notes: Our original control and treatment groups included hospitals that are missing one or more
observations in the nine periods of the study (Appendix G). In this sensitivity check, we created a
balanced panel of hospitals by limiting the control and treated groups to only those hospitals that

had complete observations in each of the nine periods. Although this approach significantly

decreased the sample size, the results are consistent with our main findings. *p<0.05 **p<0.01
*x#p<0.001
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Appendix B: Supplementary Materials for Chapter 2

Appendix Exhibit B1: Differences in adoption of advanced patient engagement and clinical data
analytics functions in 2018

Table B1.1 Differences in adoption of patient engagement functions in 2018, controlling for
ownership status and bed size.

Distance below 200 miles 0.44**
(0.19)
R-squared 0.07
Fixed effects Ownership: 3
Bed size: 2
No. observations 546

Standard errors are reported in parentheses. ** indicates
significance at the 95% level

Table B1.2 Differences in adoption of patient engagement functions in 2018, controlling for
ownership status, bed size, rural-urban continuum and county-level broadband access.

Distance below 200 miles 0.39%**

(0.20)
R-squared 0.08
Fixed effects Ownership: 3

Rural-urban
continuum: 3
Bed size: 2
Broadband
quartile: 4

No. observations 545
Standard errors are reported in parentheses. ** indicates
significance at the 95% level

Table B1.3 Differences in adoption of clinical data analytics functions in 2018, controlling for
ownership status and bed size.

Distance below 200 miles 0.08
(0.25)
R-squared 0.08
Fixed effects Ownership: 3
Bed size: 2
No. observations 549

Standard errors are reported in parentheses.
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Table B1.4 Differences in adoption of patient engagement functions in 2018, controlling for
ownership status, bed size, rural-urban continuum and county-level broadband access.

Distance below 200 miles 0.01

(0.26)
R-squared 0.10
Fixed effects Ownership: 3

Rural-urban
continuum: 3
Bed size: 2
Broadband
quartile: 4

No. observations 548
Standard errors are reported in parentheses. * indicates
significance at the 95% level
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Appendix Exhibit B2: Differences in adoption of advanced patient engagement and data
analytics functions 2012 - 2018

Table B2.1 Differences in adoption of advanced patient engagement functions from 2012 to
2018, controlling for ownership status and bed size.

Distance above 200 miles 0.34%*
(0.18)
R-squared 0.01
Fixed effects Ownership: 3
Bed size: 2

No. observations

741

Standard errors are reported in parentheses. * indicates

significance at the 90% level.

Table B2.2 Differences in adoption of advanced patient engagement functions from 2012 to
2018, controlling for ownership status, bed size, rural-urban continuum and county-level

broadband access.

Distance above 200 miles

0.34%
(0.18)

R-squared
Fixed effects

No. observations

0.02
Ownership: 3
Rural-urban
continuum: 3
Bed size: 2
Broadband
quartile: 4
741

Standard errors are reported in parentheses.

Table B2.3 Differences in adoption of advanced data analytics functions from 2012 to 2018,
controlling for ownership status and bed size.

Distance above 200 miles 0.01
(0.24)
R-squared 0.03
Fixed effects Ownership: 3
Bed size: 2
No. observations 733

Standard errors are reported in parentheses.
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Table B2.4 Differences in adoption of advanced patient engagement functions from 2012 to
2018, controlling for ownership status, bed size, rural-urban continuum and county-level
broadband access.

Distance above 200 miles -0.11

(0.24)
R-squared 0.04
Fixed effects Ownership: 3

Rural-urban
continuum: 3
Bed size: 2
Broadband
quartile: 4

No. observations 732
Standard errors are reported in parentheses.
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Appendix Exhibit B3: Sensitivity analyses

Table B3.1 Differences in adoption of patient engagement functions in 2018, controlling for
ownership status, bed size, rural-urban continuum and county-level broadband access, for critical
access hospitals located within and beyond 175 miles of the closest REC.

Distance below 175 miles 0.36*

(0.20)
R-squared 0.08
Fixed effects Ownership: 3

Rural-urban
continuum: 3
Bed size: 2
Broadband
quartile: 4

No. observations 546
Standard errors are reported in parentheses. * indicates
significance at the 90% level

Table B3.2 Differences in adoption of clinical data analytics functions in 2018, controlling for
ownership status, bed size, rural-urban continuum and county-level broadband access, for critical
access hospitals located within and beyond 175 miles of the closest REC.

Distance below 175 miles -0.01

(0.26)
R-squared 0.10
Fixed effects Ownership: 3

Rural-urban
continuum: 3
Bed size: 2
Broadband
quartile: 4

No. observations 549
Standard errors are reported in parentheses.
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Table B3.3 Differences in adoption of patient engagement functions in 2018, controlling for
ownership status, bed size, rural-urban continuum and county-level broadband access, for critical
access hospitals located within and beyond 225 miles of the closest REC.

Distance below 225 miles 0.42%*

(0.20)
R-squared 0.10
Fixed effects Ownership: 3

Rural-urban
continuum: 3
Bed size: 2
Broadband
quartile: 4

No. observations 546
Standard errors are reported in parentheses. ** indicates
significance at the 95% level

Table B3.4 Differences in adoption of clinical data analytics functions in 2018, controlling for
ownership status, bed size, rural-urban continuum and county-level broadband access, for critical
access hospitals located within and beyond 225 miles of the closest REC.

Distance below 225 miles 0.23

(0.20)
R-squared 0.08
Fixed effects Ownership: 3

Rural-urban
continuum: 3
Bed size: 2
Broadband
quartile: 4

No. observations 546
Standard errors are reported in parentheses.
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Table B3.5 Differences in adoption of patient engagement functions in 2018, controlling for
ownership status, bed size, rural-urban continuum and county-level broadband access as a
function of distance in miles from the closest REC.

Distance below 225 miles -0.001
(0.001)

R-squared 0.08

Fixed effects Ownership: 3

Rural-urban
continuum: 3
Bed size: 2
Broadband
quartile: 4

No. observations 546
Standard errors are reported in parentheses.

Table B3.6 Differences in adoption of clinical data analytics functions in 2018, controlling for
ownership status, bed size, rural-urban continuum and county-level broadband access as a
function of distance in miles from the closest REC.

Distance below 225 miles -0.001
(0.001)

R-squared 0.10

Fixed effects Ownership: 3

Rural-urban
continuum: 3
Bed size: 2
Broadband
quartile: 4

No. observations 549
Standard errors are reported in parentheses.
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Appendix 3: Supplementary Materials for Chapter 3

Appendix Exhibit C1: Standard observation template: pre-implementation stage

Observation date and time:
Observation location:
Observer name:

Takeaways on remote monitoring:

Takeaways on monitoring at bedside:

Contextual notes important for project workflow:

Explanations provided/not observed:

Remaining questions:

Detailed field notes/workflow description:

Possible workflow changes:
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Appendix Exhibit C2: Semi-structured interview guide: pre-implementation stage

Part 1: Background Questions

1. Could you describe your role (e.g., bedside clinical, educator, manager)?

Part 2: Current Practices

2. Could you describe your process for monitoring a patients’ condition?

(98]

Which parts of the electronic health record do you use most frequently to monitor patient
status?

How do you get notified that a patients’ condition is deteriorating?

What is the process for responding to an alert that a patients’ condition is deteriorating?

How frequently do you check patient status remotely?

N »k

How often do you check in on patients at bedside (as opposed to monitoring data in the

EHR?)?

Part 3: Introducing CFCM

8. Are you familiar with the [vendor name] continuous patient monitoring system?
9. Do you have any questions about the system?

10. How do you think this technology might change your workflow?

11. What information or training might be helpful?

12. Do you see any barriers to deploying this technology on your unit?

13. Do you think [vendor name] CFCM would improve your workflow? Why or why not?

Part 4: Closing Questions

14. Anything else you would like to share with us? Additional thoughts about integration of
[vendor name] CFCM?
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Appendix Exhibit C3: Semi-structured interview guide: post-implementation stage

Part 1: Background Questions

1. Could you describe your role (e.g., bedside clinical, educator, manager)?

Part 2: Current Practices

Could you describe your process for monitoring a patients’ condition?

2

3. How do you get notified that a patients’ condition is deteriorating?

4. How frequently do you check patient status remotely?

5. How often do you check in on patients at bedside (as opposed to monitoring data in the
EHR?)?

6. Thinking back to the last time you received a [vendor name] alert, could you describe the
situation?

a. What actions did you take after receiving the alert?

b. What was your process for notifying the provider, if any?

Part 3: Perceptions of CFCM

7. On average, what is your level of trust in the alerts that you receive from CFCM?

8. What information or training was helpful when you were getting to know the system?
a. Was there any information or training that was lacking?

9. What elements, if any, have been helpful?

10. What elements, if any, could be improved?

11. Have you noticed any barriers to deploying this technology on your unit?

12. Overall, how has [vendor name] CFCM impacted your workflow?

Part 4: Closing Questions

13. Anything else you would like to share with us? Additional thoughts about integration of
[vendor name] CFCM?
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Appendix Exhibit C4: Main themes from the pre-deployment set of interviews and associated
educational materials developed by the research team.

Main themes

Educational materials

Details

Alarm fatigue

Training slides

Evidence on the rates of alarm of
CFCM per day, favorable alarm
rate comparison to telemetry

CFCM vs telemetry

Training slides

Comparison of CFCM vs
telemetry, including workflow
details, proactive vs. reactive
nature, alarm rates per day.

Patient experience

Patient handout and
poster

Explanation of the technology and
its benefits for the patient, easily
accessible in the patients’ rooms.

Trust/accuracy concerns

Training slides, in-
person training.

Data on CFCM accuracy,
examples for implementation of a
similar tool at a different hospital;
proposed workflow visual to
emphasize the importance of
critical thinking in responding to
the alert.

Workflow

Training slides, QR
code with user video on
the bed, in-person
training.

A visual on the new configuration
of the workflow steps, a video
clinicians can access at bedside or
elsewhere via QR code to review a
short video on how to use the
technology.
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