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Abstract N\
Health information technology (IT) is often proposed as a solution to fragmentation of care, and has been hypothesized to reduce |
readmission risk through better information flow. However, there are numerous distinct health IT capabilities, and it is unclear which, if
any, are associated with lower readmission risk.

To identify the specific health IT capabilities adopted by hospitals that are associated with hospital-level risk-standardized
readmission rates (RSRRs) through path analyses using structural equation modeling.

This STROBE-compliant retrospective cross-sectional study included non-federal U.S. acute care hospitals, based on their
adoption of specific types of health IT capabilities self-reported in a 2013 American Hospital Association [T survey as independent
variables. The outcome measure included the 2014 RSRRs reported on Hospital Compare website.

A 54-indicator 7-factor structure of hospital health IT capabilities was identified by exploratory factor analysis, and corroborated by
confirmatory factor analysis. Subsequent path analysis using Structural equation modeling revealed that a one-point increase in the
hospital adoption of patient engagement capability latent scores (median path coefficient B=—0.086; 95% Confidence Interval,
—0.162 to —0.008), including functionalities like direct access to the electronic health records, would generally lead to a decrease in
RSRRs by 0.086%. However, computerized hospital discharge and information exchange capabilities with other inpatient and
outpatient providers were not associated with readmission rates.

These findings suggest that improving patient access to and use of their electronic health records may be helpful in improving
hospital performance on readmission; however, computerized hospital discharge and information exchange among clinicians did not
seem as beneficial — perhaps because of the quality or timeliness of information transmitted. Future research should use more recent
data to study, not just adoption of health IT capabilities, but also whether their usage is associated with lower readmission risk.
Understanding which capabilities impact readmission risk can help policymakers and clinical stakeholders better focus their scarce
resources as they invest in health IT to improve care delivery.

Abbreviations: AHA = American hospital association, CFA = confirmatory factor analysis, CMS = centers for medicare and
medicaid services, EFA = exploratory factor analysis, IQR = interquartile range, IT = information technology, RSRRs = hospital-level
risk-standardized readmission rates, SEM = structural equation modeling.

Keywords: health information technology capabilities, outcome measure, patient engagement capability, patient readmissions,
public health reporting capability
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1. Introduction

Through the Health Information Technology for Economic and
Clinical Health Act, the United States (US) government has
provided more than $27 billion to subsidize the adoption of
health Information Technology (IT) capabilities, under the
premise that improved information capture and transfer across
various care settings will improve patient outcomes.!'=!

Health IT capabilities vary widely and include functionalities
that support quality of hospital discharge, patient engagement,
public health reporting of immunizations, disease surveillance,
specialized registries, and clinical information sharing electroni-
cally with patients and providers inside and outside hospital
systems.*"*! Each of the capabilities may play a distinct role in
influencing readmission risk; in turn these roles may be additive
or synergistic. For instance, being able to exchange data with
clinicians outside the health system may help outpatient clinicians
with post-discharge follow up and medication reconciliation.
However, adverse events leading to readmissions may still occur
if patients do not have direct access to electronic health records
systems in order to best adhere to prescribed treatment and
engage in their own care.

Early research linking health IT capabilities and reduced
readmission rates has yielded mixed and inconclusive evi-
dence.'>™'! For instance, in a study of 2406 hospitals, Jones
and colleagues found that hospital participation in health
information exchange had no impact on 30-day risk adjusted
readmission rates, although expanded use of electronic docu-
mentation was found to be associated with moderately reduced
readmission rates for pneumonia and heart failure.'®" By
contrast, Ben-Assuli and colleagues found that electronic health
records and health information exchange usage is associated with
lower readmission rates,!'”! while Ryan and colleagues have
found the adoption and meaningful use of health IT to be among
the reforms that led to greater reduction of readmissions.'*%*!! At
the same time, research by other experts continued to yield mixed
evidence.['”! Despite these recent positive results, the specific
health IT capabilities that are most associated with reduced
readmission risk remain unclear, suggesting that the relationships
between these variables are complex.

Our aim was to understand which health IT capabilities,
specifically, contribute to lower readmission risk. First, using
nationwide hospital IT adoption data, we identified and
confirmed a set of factors representing types of health IT
capability using factor analysis. We then applied structural
equation modeling to determine the association of these factors
with risk-standardized hospital readmission rates.

By understanding which capabilities are associated with lower
readmission risk, policymakers and clinical stakeholders can craft
and execute better strategies to maximize their utilization, as they
work to minimize 30-day readmissions, which are detrimental to
patient health, in addition to being costly.

2. Methods

2.1. Data sources

We used data from two sources: the 2013 American Hospital
Association (AHA) annual IT supplement survey, and the 2014
Centers for Medicare and Medicaid Services (CMS) Hospital
Compare database.*>% The 2013 AHA IT supplement survey
was administered between November 2013 and February 2014,
and consists of self-reported answers to questions about a variety
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of health IT capabilities adopted by hospitals.””>! The 2014 CMS
Hospital Compare database includes the 30-day hospital-wide
risk-standardized readmission rates (RSRRs), which were
calculated using the Medicare administrative claims data and
enrollment information of Medicare fee-for-service beneficiaries
between July 2014 and June 20135, ensuring that outcomes were
being captured after health IT adoption by hospitals was
measured.

2.2. Study variables

From the AHA IT supplement survey, we identified 55 survey
items, also referred to as indicators, to conduct the exploratory
and confirmatory factor analyses (EFA and CFA) in order to
derive and validate specific factors representing hospital health I'T
capabilities that were plausibly clinically important to reducing
readmissions. These items were selected from various sections of
the AHA IT supplement survey, including meaningful use
functionalities (topic 2, 19 items), health information exchange
functionalities (topic 3, 24 items), and patient engagement
functionalities (topics 7 and 8, 8 and 4 items, respectively).

For items identified from topics 2, 3, and 7, the response
options were “Yes,” “No,” and “Do Not Know.”For missing
data, we conducted multiple imputations based on the assump-
tion that data in these items are missing at random; however, we
treated “Do Not Know” as “No.”On the other hand, after
carefully reviewed the wording of and responses to items in topic
8, the pattern of missing values could not be assumed to be
missing at random. We treated the missingness in these items as
“Do Not Know.”

From the 2016 CMS Hospital Compare database, we used the
hospital-wide RSRRs as the outcome variable to conduct path
analyses using structural equation model (SEM) to determine the
association between hospital health IT capabilities and readmis-
sion risk. RSRRs are calculated by CMS as ratios of predicted
over expected readmission risk for each hospital, and are
multiplied by the national mean for interpretability.!*!

2.3. Study sample

We included all non-federal acute care hospitals that responded
to the 2013 AHA IT supplemental survey and that had hospital-
wide RSRRs reported in Hospital Compare. We excluded federal
hospitals because they are not included in Hospital Compare.

2.4. Statistical analysis

The analyses to determine the specific types of health IT
capabilities that are associated with lower hospital-wide RSRRs
were conducted in four phases. In the first phase, we used the fully
conditional specification logistic regression method to impute
missing data to items selected from topics 2, 3, and 7 as they are
binary. We first attempted to use only one random-split sample to
conduct the EFA based on the tetrachoric correlation matrix.
However, the EFA model failed to converge. To address this, we
conducted five imputations because they produce fairly accurate
estimates with a standard deviation wider than the one of
estimates based on infinite imputations by about 5%, as
suggested by Rubin.*®! For each of the five datasets created
with imputed missing values, we randomly split it into 2 halves
for 200 times, creating1000 derivation sets, and 1000 verification
sets.



Elysee et al. Medicine (2021) 100:8

Using the hospital Medicare Provider Identification (ID)
numbers, we merged the 1000 verification sets with the 2014
dataset of hospital-wide RSRRs, creating 1000 merged sets (see
Fig. 1). All of the above datasets exceeded the minimum sample
size standard of 10 respondents per observed variable, or 550
hospitals for the 55survey items in this study./*”!

In the second phase, we used the 1000 derivation sets to
conduct EFA to identify the underlying factor structure based on
the tetrachoric correlations among the 55 items, since they are
binary. We employed the oblique (Promax) rotation method
because we did not assume that the factors were independent.*8!

Given the high number of replications involved in the factor
analyses, we conducted the Shapiro-Wilk Test to evaluate
normality, and found that the variable loadings on some factors
were not normally distributed across replications. Therefore, to
summarize our results, we calculated and examined the medians
and interquartile ranges (IQR) of the variable loadings on each
factor across all replications. We used the factor loading medians
and frequencies to identify the variables to retain.

In the third phase, we used the validation sets to perform CFA
to validate the factor structure discovered by the EFA. To address
non-normality associated with the binary variables, we selected
the maximum likelihood Satorra-Bentler estimation method,
involving scaled model fit chi-square x2statistics and the
sandwich-type standard error estimates, both suggested by
Satorra and Bentler.**! Validated factors represented categories
of health IT capabilities adopted by US hospitals. We then labeled
them to reflect the attributes of the variables that loaded most
strongly on them.

In the fourth phase, we conducted path analyses employing the
SEM technique, using the maximum likelihood Satorra-Bentler
estimation method discussed above. The advantage of the SEM
technique is that we could use the latent factors of hospital health
IT capabilities directly as the independent variables to predict the
outcome variable, the hospital-wide RSRRs, accounting for
measurement error to reduce potential bias in the estimates due to
unreliability that may exist in the observed variables.

All statistical analyses in this study were conducted using SAS
software version 9.4 (SAS Institute, Inc., Cary, NC). Specifically,
we used procedure FACTOR for the EFA and procedure
covariance analysis of linear structural equation for the CFA
and SEM. As this study did not involve human subjects,
institutional review board approval was not required.

To assess the general fits of CFA and SEM models, due to data
non-normality we examined the medians and IQRs of Standard-
ized Root Mean Square Residual (<0.05), Relative Root Mean
Square Error (<0.08), and Bentler Comparative Fit Index (>
0.90).139-391 If the median values of most of the above indexes
indicate acceptable model fit, it means that the data support the
derived factor structure of health IT capabilities adopted by US
hospitals.!>!!

3. Study results

3.1. Study sample

As displayed in Figure 1, there were 3,283 hospitals in the 2013
AHA annual survey IT supplement dataset. Of these hospitals, 62
were federal hospitals and were excluded. Among the 3,221 non-
federal hospitals remaining, 37% were in rural areas; 28 % were
teaching hospitals; 50% were relatively small hospitals with less
than 100 beds (including 23% critical access hospitals), 14%
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were relatively large hospitals with more than 400 beds, and the
rest (36%) were medium-sized hospitals. Means and standard
deviations (SD) are reported in Figure 1 because non-normality is
not an issue for the distributions of data across the 1000 pairs of
randomly-split samples, as confirmed by the results of the
Shapiro-Wilk test (P=.73). After excluding those without
hospital Medicare Provider IDs and RSRRs, a mean of 1,335
hospitals (SD=27.4) were linked to the CMS Hospital Compare
database, representing our final analytic dataset.

3.2. Missing data imputation phase

Of the 3,221 non-federal hospitals in the 2013 AHA IT
Supplement dataset, the fully conditional specification missing
data imputation procedure followed by the randomized split of
each of the five imputed datasets into halves for 200 times yielded
1000 derivation sets with a mean (SD) of 1612 (SD=28.6)
hospitals, 1000 verification sets with a mean (SD) of 1609 (SD=
28.6) hospitals, and 1000 merged sets with a mean (SD) of 1335
(27.4) hospitals, as shown in Figure 1.

3.3. Derivation phase

The 1000 derivation sets were used to conduct the EFA. The
estimation of the tetrachoric correlation matrix converged for
619 of them. For the factor structure, we reported medians and
IQRs because the Shapiro-Wilk test revealed P values of <.05 for
more than half of the variables that loaded on the seven factors,
demonstrating non-normality. On the basis of the median
loading values and IQRs for the factor structure suggested by
EFA (see Appendix A, http:/links.lww.com/MD/F672), and the
loading frequencies (see Appendix B, http://links.lww.com/MD/
F673), we retained 54 survey items with high loadings, and
deleted the one with low median factor loading and frequency.

3.4. Validation phase

The 1000 verification sets were used to carry out CFA to assess
the validity of the 7-factor structure of hospital health IT
capabilities. The median values and IQRs of each fit index across
the 1000 sets for the CFA model are reported in Table 1. The CFA
and SEM models show acceptable or near acceptable fit
(standardized root mean square residual <0.05, relative root
mean square error <0.08, and comparative fit indexs close to
commonly accepted value of 0.9).

The factor structure validated by the CFA is shown in
Appendix C, http://links.lww.com/MD/F674. As depicted there,
we labeled the first factor, computerized discharge capability,
because the sixteen observed variables that successfully loaded on
it represent features, including being able to generate updated
medication lists and orders at admission and at discharge,
generate discharge instructions for patients, create and transmit
discharge summaries for appropriate care transitions. The second
factor we labeled, public health reporting because the three
variables that underlie it reflect features such as hospitals’
electronic abilities to submit data to immunization registries or
information systems, lab results and syndromic surveillance data
to public health agencies.

The third factor was assigned the label of external hospital
exchange because the six variables that loaded on it represent
hospitals’ abilities to electronically exchange different types of
patient data with other hospitals outside their system. The fourth
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Figure 1. Flowchart of hospitals in study.

factor was marked internal hospital exchange because the six
variables that loaded on it represent hospitals’ abilities to
electronically exchange different types of patient data with
hospitals inside their system.

The fifth factor was labeled external ambulatory exchange
because the six variables that loaded on it reflect hospitals’
abilities to electronically exchange different types of patient data
with ambulatory providers outside their system. The sixth factor
was labeled internal ambulatory exchange because the six
variables that loaded on it reflect hospitals’ abilities to
electronically exchange different types of patient data with
ambulatory providers inside their system.

The seventh or last factor was labeled patient engagement,
because the eleven variables that loaded on it all relate to patient
interaction with the electronic health records: accessing health
information electronically; being able to view, download, and

transmit health/medical records online to a third party;
requesting refills for prescriptions online; amending their health
record; and engaging in secure messaging with providers.

We referred to the seven factors as specific types of health IT
capabilities, and used them to develop the research framework in
Figure 2 below, which displays the paths that are under study.
Next, we tested these paths using SEM.

3.5. Structural equation modeling (SEM) phase

The 1000 merged sets were used to conduct path analyses
employing the SEM technique. The summarized path analysis
results, as reported in Figure 3, revealed that, among the seven
health IT capabilities validated by CFA, the patient engagement
capability (Factor 7) had the general tendency to be negatively
associated with hospital-wide RSRRs with a median path

Fit Indexes for CFA and SEM Models.

Median (IQR) Fit Indices of the 1000 Replications

RMSER 95% ClI

Models SRMR RMSER Lower Upper CFl
CFA 0.049 (0.001) 0.062 (0.001) 0.061 (0.001) 0.063 (0.001) 0.890 (0.005)
SEM 0.051 (0.002) 0.060 (0.001) 0.059 (0.001) 0.062 (0.001) 0.875 (0.006)

CFA=confirmatory Factor Analysis, CFl=Bentler's comparative fit index, Cl=confidence Interval, IQR = Interquartile Range, RMSER =Relative root mean square error, SEM = structural equation modeling,

SRMR = standardized root mean square Residual.
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Figure 2. Research Framework.

coefficient () of —0.086 (95% confidence interval, —0.162 to
—0.008). By contrast, the hospital public health reporting
capability (Factor 2) generally tended to have a positive
association with RSRRs with a median path coefficient (£) of
0.110 (95% confidence interval, 0.015 to 0.212). On the other
hand, the remaining five health IT capabilities, including the
computerized hospital discharge (Factor 1) and information
exchange capabilities (Factors 3-6) were found not to be
associated with RSRRs, as shown in Figure 3. However, as
displayed in Table 2, the seven factors were found to be positively
correlated with one another.

4. Discussion

Through a series of factor analyses on 2013 hospital IT adoption
data, we derived and validated seven clinically important hospital
health IT capabilities (computerized discharge capability, public
health reporting, electronic exchange with hospitals in and out of
the health system, electronic exchange with ambulatory providers
in and out of the health system, and patient engagement) and
found that only the patient engagement domain was associated
with lower hospital readmission rates.

By engaging with their health information and with providers
online, patients may be able to better understand their clinical
information, adhere to the treatment plan and manage their
medical conditions post-discharge.[36:37-38:3%:40:411 £or example,
a recent study by Reed and colleagues'*! revealed that, after
portal access, patients with diabetes used outpatient visits more,
and the emergency departments less. As in our study, this
favorable outcome is explained by the availability of, not only of
patient electronic access, but also of advanced features such as
“interactive tools, including viewing lab results and visit
summaries, secure email messaging with health care providers,
ordering medication refills, and appointment scheduling.”#*!(P%)

However, we found that computerized hospital discharge and
electronic information exchange capabilities had no associations
with readmission rates. A plausible explanation for this
unexpected finding might be because the clinical information
transmitted is untimely or unusable due to low quality!”! or lack
of interoperability if it is not structured in a standardized format
that would allow for easy integration into recipient health IT
system. We were surprised by the association of public health
reporting capability with increased readmission rates. One
explanation for this finding might be because the public health

Factor 1:
Computerized
Discharge
Capability

Factor 2: Public
Health
Reporting

Eactor 3: External
Hospital Exchange

Factor 4: Internal
Hospital Exchange

Factor 7:
Patient
Engagement

Factor 5: External
Ambulatory Exchange)

Factor 6: Internal
Ambulatory Exchange)

i 0.110* \ 0,032
-0.016* e 0.006* 0.058* -0.039* -0.086*
(-0.201,0.160) — (0.015,0.212) (-0.067, 0.082) (-0.008, 0.123) (-0.117, 0.047) (-0.110,0.050) (-0.162, -0.008)
----- — ; >3 "

i

|

H

Hospital-Wide
RSRRs

&

Figure 3. Summarized results of path analyses using SEM. *B = median path coefficient across 1000 sets for each individual path. 95% Confidence Intervals (Cl)
reported in parentheses. The solid arrow-ended lines denote health T capabilities that in general tended to be associated with lower hospital-wide RSRRs. If the
95% Cl includes zero, then the path is not statistically significantly from zero, which is denoted as dashed lines in the diagram.
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Table 2
Factor correlation matrix.

Median (IQR) Correlations of the 1000 Replications
Factor 1 2 4 5 6 7
1 Computerized Discharge Capability 0.501 (0.025) 0.196 (0.030) 0.197 (0.033) 0.247 (0.033) 0.229 (0.031) 0.370 (0.021)
2 Public Health Reporting 0.170 (0.030) 0.173 (0.029) 0.172 (0.032) 0.202 (0.031) 0.258 (0.028)
3 External Hospital Exchange 0.210 (0.026) 0.228 (0.023) 0.548 (0.025) 0.346 (0.027)
4 Internal Hospital Exchange 0.237 (0.030) 0.187 (0.029) 0.331 (0.023)
5 External Ambulatory Exchange 0.431 (0.025) 0.305 (0.024)
6 Internal Ambulatory Exchange 0.347 (0.027)
7 Patient Engagement

agencies may not have the capability to receive the data sent to
them electronically by hospitals, as found by Holgrem and
colleagues using 2018 data.[*3!

These gaps in interoperability between the data sharing
systems used by public health agencies and hospitals may
adversely impact readmission risk.[*>** We expect these gaps to
be even more profound in 2013, when study data were collected,
but also a period in which hospital adoption of health IT was in
its infancy. Another explanation is that, as public health
reporting electronically requires a very sophisticated capability,
it may only be present in large health systems which tend to have
higher readmission rates.

We find that, even when patient discharge and public health
reporting are carried out properly, clinician decision making is
effective, all enabled by appropriate health IT capabilities (i.e.
flow of vital health information between providers during care
transitions is timely, complete, and error-free, resulting in an
informed treatment plan), that may not be enough to reduce
readmission risk. Patient engagement!*’! is also needed, which
can be enabled through several different types of patient-facing
technologies,*®! including Personal Health Records, patient
portals, and secure messaging, which loaded strongly on related
factor (see Appendix C, http:/links.lww.com/MD/F674), mean-
ing they are part of the building blocks unique to the patient
engagement capability factor that has been found to be associated
with lower readmission risk.

These technologies can give patients electronic access to their
health information so they can view and understand the discharge
instructions, medications, interact online with their providers,
make informed decisions about their care, identify and help
correct record inaccuracies, adhere to the prescribed treatment
plan, and more actively participate in their healthcare decisions.
However, recent research by Sharma and colleagues and Lin et al.
found that patient portal access is still underused,'**”!
suggesting there remains a need for policymakers and other
stakeholders to intervene and incentivize portal adoption and use
in order to realize greater reduction in readmission risk. Given the
positive correlation among the seven factors, policies that focus
on the adoption and use of patient engagement capability may
not only lead to lower readmission risk, but are likely also
improve adoption of the other six capabilities.

4.1. Study limitations and recommendations for future
research

Our study used a large national dataset and multiple measures of
health IT capability to better capture with acceptable model fit the
complexities in the relationships between multifunctional health
IT capabilities and readmission rates.

Despite the above strengths, our study has several limitations.
First, it is cross-sectional; thus, we cannot draw causal inferences
from the results. Second, our data source for the health IT
capability measures is a survey, whose responses have not been
validated directly. However, the factor structure used to examine
the associations with RSRRs was validated by the confirmatory
factor analysis we conducted.

Third, the data used for the health IT capability measures were
collected in 2013, which represent only a single snapshot in time.
Fourth, we did not observe hospital usage of adopted capabilities,
which would influence the readmission rates more directly.
Lastly, generalizability of study findings may be limited to non-
federal acute care US hospitals.

Future studies should use more recent data on the adoption and
use of health IT capabilities to conduct a more comprehensive
examination of their impact on hospital readmission risk. Our model
should be expanded in future research to examine other health IT
capabilities such as telehealth, mHealth, remote monitoring,
interoperability, and artificial intelligence, and their direct and
indirect association with RSRRs. Also, future research should use
panel data to see whether and how the associations studied here
between health IT capabilities and readmission rates change over
time to account for the lagged effects of health IT capabilities.

5. Conclusions

While readmission is 1 of the biggest challenges facing US
healthcare, affecting millions of patients every year and costing
billions of dollars, this study provides evidence of general
tendency that it can be impacted in favorable ways by hospital
adoption of patient access capability. For policymakers,
providers, and payers, this finding suggests that enhancing
hospital adoption of patient engagement capability may help
improve hospital performance on readmission. However, for
hospital adoption of public health reporting capability, more
research is needed to determine how interoperability between the
data sharing systems used by public health agencies and
hospitals'**! may impact its relationship with readmission risk.
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