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Abstract

Background: Smart tracking technology (STT) that was applied for clinical use has the potential to reduce 30-day all-cause
readmission risk through streamlining clinical workflows with improved accuracy, mobility, and efficiency. However, previously
published literature has inadequately addressed the joint effects of STT for clinical use and its complementary health ITs (HITs)
in this context. Furthermore, while previous studies have discussed the symbiotic and pooled complementarity effects among
different HITs, there is a lack of evidence-based research specifically examining the complementarity effects between STT for
clinical use and other relevant HITs.

Objective: Through a complementarity theory lens, this study aims to examine the joint effects of STT for clinical use and 3
relevant HITs on 30-day all-cause readmission risk. These HITs are STT for supply chain management, mobile IT, and health
information exchange (HIE). Specifically, this study examines whether the pooled complementarity effect exists between STT
for clinical use and STT for supply chain management, and whether symbiotic complementarity effects exist between STT for
clinical use and mobile IT and between STT for clinical use and HIE.

Methods: This study uses a longitudinal in-patient dataset, including 879,122 in-patient hospital admissions for 347,949 patients
in 61 hospitals located in Florida and New York in the United States, from 2014 to 2015. Logistic regression was applied to assess
the effect of HITs on readmission risks. Time and hospital fixed effects were controlled in the regression model. Robust standard
errors (SEs) were used to account for potential heteroskedasticity. These errors were further clustered at the patient level to
consider possible correlations within the patient groups.

Results: The interaction between STT for clinical use and STT for supply chain management, mobile IT, and HIE was negatively
associated with 30-day readmission risk, with coefficients of –0.0352 (P=.003), –0.0520 (P<.001), and –0.0216 (P=.04),
respectively. These results indicate that the pooled complementarity effect exists between STT for clinical use and STT for supply
chain management, and symbiotic complementarity effects exist between STT for clinical use and mobile IT and between STT
for clinical use and HIE. Furthermore, the joint effects of these HITs varied depending on the hospital affiliation and patients’
disease types.

Conclusions: Our results reveal that while individual HIT implementations have varying impacts on 30-day readmission risk,
their joint effects are often associated with a reduction in 30-day readmission risk. This study substantially contributes to HIT
value literature by quantifying the complementarity effects among 4 different types of HITs: STT for clinical use, STT for supply
chain management, mobile IT, and HIE. It further offers practical implications for hospitals to maximize the benefits of their
complementary HITs in reducing the 30-day readmission risk in their respective care scenarios.
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Introduction

Background
Substantial health expenditure has been a perennial issue for
most hospitals in the United States [1,2]. In 2022, health care
expenditure in the United States reached US $4.5 trillion or US
$13,493 per capita, which constituted 17.3% of the gross
domestic product of the United States [3]. Hospital readmission
has been identified as a key contributor to this high expenditure
[4-6], with preventable readmissions after hospital discharge
estimated to cost approximately US $25 billion every year [5-7].

In response to the challenge of excessive health expenditure,
hospitals have adopted health ITs (HITs) to improve hospital
operation efficiency and clinical quality [8-11]. HIT is an
umbrella term that includes various IT applications that are used
in a health care setting [12-14], such as smart tracking
technology (STT), health information exchanges (HIE), and
mobile IT apps [12-14].

STT has been widely applied at points of care to facilitate
clinical workflows among health care providers and business
sectors [15-18]. In a hospital setting, STT primarily incorporates
radio frequency identification and barcode technologies [17,18],
which are supposed to be complementary and embedded in the
existing HIT infrastructure. STT enables a novel IT structure
to streamline clinical processes and facilitate the management
of patients and assets [15,16]. The value–based purchasing
program, a federal regulation, alters hospital reimbursements
from a fee-for-service model to a value-based model, a shift
that has further emphasized the substantial need for accurate
tracking of resources used in care delivery and health outcomes
[19,20]. Therefore, in this study, we assessed the impact of STT
for clinical use on patient outcomes.

Previous research has demonstrated the positive effects of STT,
such as reducing medical errors and readmission rates and
increasing patient satisfaction [19,21], in clinical settings.
However, the effects of potential synergy between STT and
other complementary HIT functions have not been empirically
investigated with a large sample. Although Zhu et al [17]
explored the factors influencing the adoption of STT for clinical
use and supply chain use, they did not examine the joint and
complementary effects of these 2 technologies on health
outcomes. At the peak of the COVID-19 pandemic, a few studies
examined the application of radio frequency identification and
mobile IT for real-time contact tracing [22,23], but none of the
studies have examined their joint effects in a hospital setting.
Bradley et al [19] conducted a study to assess the effect of the
combined use of STT and electronic data interchange on hospital
performance. However, their research had 2 practical limitations:
1) they only included 2 technologies (STT and electronic data
interchange) in their technology bundle, and 2) they only
considered the 2 conditions, heart failure and pneumonia, as

their readmission measures, disregarding other conditions.
Theoretically, their research did not consider the nature of joint
effects because different complementarities can coexist in a
single system [24]. Therefore, this study seeks to address this
knowledge gap by broadening the scope of the joint effects of
STT for clinical use and other HITs on all-cause readmissions
as well as by exploring the nuanced impacts on individuals with
various disease types, including both chronic and acute
conditions.

From an information systems (IS) perspective, the complexity
of HITs is reflected by its chain of various embedded systems
and technologies used to meet the diverse needs of health care
providers, patients, and hospitals across interconnected units
[11,19,24-26]. By understanding the intricate relationships
among various HITs, researchers and practitioners can gain a
comprehensive understanding of their complexity. This includes
insights into the integration, interoperability, and operational
challenges of different HITs. This can further lead to optimal
resource allocations, improved patient care integration, increased
hospital efficiency, and enhanced clinical quality. However, the
current scarcity of available literature on the joint effects of
STT for clinical use and other HITs on patient outcomes
indicates a significant opportunity to advance our understanding
of synergistic effects of HITs on health outcomes [25]. In this
study, to address the high patient readmission rates in the United
States, we aimed to explore the joint effects of STT for clinical
use and other complementary HIT functionalities on the risk of
30-day all-cause readmission within a hospital setting.

To examine the joint effects of STT for clinical use and other
HITs, we adopted the complementarity theory. This theory
suggests that the joint use of multiple technologies can
potentially lead to a greater overall effect than the sum of their
individual effects [27]. Two distinct types of complementarity
effects have been identified [27,28]: (1) pooled complementarity,
which emerges when similar resources are applied across
different application domains, and (2) symbiotic
complementarity, which occurs when different resources are
used within the same application domain [25,28].

Objective
This study aimed to investigate both pooled and symbiotic
complementarities. To illustrate the complementarity effects
among HITs studied in this research, we presented the use case
examples shown in Figure 1. In the following paragraphs, we
will first discuss the pooled complementarity effects and then
discuss symbiotic complementarity effects. Pooled
complementarities may exist between 2 distinct applications of
STT: one used in a clinical context and the other used for supply
chain management. Although both applications are based on
the same technology, they are implemented in different
functional areas. STT for clinical use is used to track patients
and medications in clinical settings, whereas STT for supply
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chain management is used to facilitate operations and track
products within the supply chain management chain at a hospital
setting [17]. When the aforementioned 2 STTs are implemented
together, it can lead to more efficient workflows and operations
across the entire hospital. For instance, an integrated STT system
can provide end-to-end visibility and tracking capability from
the points of medication, supplies, and equipment to their use

and can also help with the patient’s bedside monitoring [21].
This can reduce medical errors and hospital waste as well as
ensure quick and accurate identification of patients and tracking
of their medications, supplies, and equipment, resulting in
improved patient safety, clinical outcomes, and operational
efficiency [21].

Figure 1. Use case examples for the complementarity effects among 4 health ITs (HITs): smart tracking technology (STT) for clinical use, STT for
supply chain management, mobile IT, and health information exchange (HIE). EHR: electronic health record.

Next, the researchers investigated the symbiotic
complementarity between STT for clinical use and mobile IT.
The researchers also investigated the symbiotic complementarity
between STT for clinical use and HIE. The adoption of mobile
technologies such as smartphones and tablets has become
increasingly prevalent within health care institutions, particularly
when combined with electronic health records (EHRs) to
facilitate the clinical workflows of health care providers [29].
The combination of STT and mobile IT has been implemented
in in-patient settings to improve patient identification, match
correct medications and treatments with patients, and access
up-to-date integrated clinical and medication information.
Previous studies have demonstrated that the implementation of
STT led to a decrease in adverse drug events and medication
errors, which are often caused by incomplete patient
information, inadequate tracking of patients and medications,
and insufficient communication between disparate HITs [30-32].
Thus, it is important to examine the symbiotic complementarities

between STT for clinical use and mobile IT. This is because
these 2 unique HITs jointly contribute to the capturing and
tracking of clinical data at the point of care.

Furthermore, while STT for clinical use facilitates the capturing
and processing of data at the point of care, HIE enables and
enhances the sharing of quality and efficiency of patient health
information across different health care organizations,
laboratories, and specialists [33-35]. HIE facilitates information
exchange among hospitals, laboratories, and specialists as
patients seek continuity of care, which is crucial during patient
transitions between different health care facilities [34,35]. For
patients with multiple admissions, it is vital to have their
complete clinical information and historical records accessible
during each admission. The effective use of STT can streamline
the information flow and reduce errors, hospital waste, and
delays in clinical processes [36]. When STT is integrated with
HIE, the flow of information may be further enhanced in terms
of data accuracy and completeness. Therefore, this study also

JMIR Form Res 2024 | vol. 8 | e51198 | p. 3https://formative.jmir.org/2024/1/e51198
(page number not for citation purposes)

Tao et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


aims to investigate the symbiotic complementarity between
STT for clinical use and HIE. Though these are 2 distinct HITs,
both are essential for clinical tracking and for capturing and
sharing of data in the clinical setting.

Moreover, the structure of hospitals and the type of disease can
lead to heterogeneous effects of HITs [25,34,37]. For instance,
hospitals affiliated with multihospital health care systems have
been found to have more resources and capabilities to effectively
implement and coordinate different HITs [17]. Conversely,
unaffiliated, individual hospitals may experience challenges
such as lack of financial and human resources, making the
implementation and effective use of HITs more difficult.
Further, in terms of disease types, certain conditions might
benefit more from HIT than others. For example, patients with
chronic conditions that usually last >12 months and often require
long-term patient monitoring and continuous care management
may benefit from the joint use of HITs due to the ability to
constantly update, access, and analyze patient data. This can
lead to improved health outcomes [6,25,34]. In contrast, patients
with acute conditions that require immediate intervention may
benefit from HITs due to their speed and accuracy in processing
information, allowing for prompt diagnosis and treatment
[25,34]. Thus, this study also explores how hospital affiliations
and the patients’ primary diagnoses impact the joint effects.

Methods

Data Collection and Sample
This is a retrospective study and our data consisted of patient
admission records from 61 hospitals in New York and Florida
in the United States across 2 years, 2014 and 2015. The unit of
analysis in this study was patient-admission level. The
researchers collected and integrated data from 3 different
sources. First, this research used data from the Healthcare Cost
and Utilization Project (HCUP)’s state in-patient datasets to
obtain patient characteristics, admission, clinical, and billing
information [38]. Second, the researchers applied data from the
American Hospital Association’s (AHA’s) annual surveys to
obtain hospital characteristic data [39]. Third, the researchers
used the AHA’s IT supplement files for the 2013 to 2014 period
to obtain HIT implementation data [39]. Given the lagged effects
of HIT adoption, this research followed the method that has
been widely adopted to map datasets with HIT variables lagged
for 1 year [25,40-42]. These 3 datasets were merged by matching
hospital identification from HCUP and AHA. In this study, the
researchers excluded 2 categories of patient admissions. First,
those related to pregnancy, childbirth, and the puerperium, as
the patterns of readmission within this group can significantly
differ from others. Second, we left out the admissions of patients
who were <18 years old, given that their treatment approaches
and readmission patterns frequently vary from those observed
in adults [43]. In addition, we also excluded patients with a
single admission and those whose first admission date was in
the previous year (2015) to ensure that the follow-up time and
observation time (1 year) were consistent across the datasets.
The final sample comprised 879,122 in-patient admissions for
347,949 patients across 61 hospitals.

Variable Description
To investigate joint HIT impacts on health outcomes, we focused
on the risk of 30-day all-cause readmission, which is measured
as a binary variable, indicating whether a patient’s hospital
admission was followed by at least one 30-day hospital
readmission.

This study examined 4 HITs: STT for clinical use, STT for
supply chain use, mobile IT, and HIE. STT for clinical use
measures the level of STT implementation in hospitals for
clinical use, including tracking technologies for medication
administration, patient verification, caregiver verification, and
pharmacy verification. STT for supply chain use measures
whether the hospital has implemented STT for supply chain
management. Mobile IT measures whether the hospital has fully
implemented mobile devices, such as tablets and smartphones,
to connect to EHRs. HIE measures whether the hospital has
fully implemented HIE systems. The researchers used a variety
of methods to construct these variables. Specifically, the
researchers constructed STT for clinical use by counting the
number of tracking technologies that were completely
implemented at a hospital, a common approach used in previous
studies in both the IS and health informatics literature
[17,42,44]. Consequently, the STT for clinical use variable
ranged from 0 to 4, with 0 indicating that the hospital had not
implemented any of the four tracking technologies and 4
indicating that the hospital had implemented all four tracking
technologies (tracking technologies for medication
administration, patient verification, caregiver verification, and
pharmacy verification). The researchers constructed STT for
supply chain use as a binary variable, with 1 indicating full
implementation and 0 otherwise. Mobile IT and HIE were also
constructed as binary variables, with 1 indicating
implementation and 0 indicating otherwise.

Hospital-level and patient admission-level variables were
included as control variables to account for other potential
factors that may affect health outcomes. Hospital-level variables
included EHR implementation level (Multimedia Appendix 1),
hospital bed size, teaching status, profit status, hospital
affiliation (whether the hospital is affiliated to the health care
system or not), hospital location (whether the hospital is located
in a metropolitan city or not), and state indicator (whether the
hospital is located in Florida or New York). The admission-level
variables of a patient included gender; race; age; insurance
types, including Medicare, Medicaid, and private insurance; the
total number of comorbidities; chronic diagnoses; diagnoses;
and procedures at current admission. We also included several
binary variables. One binary variable indicates whether the
primary diagnosis during the current admission was a chronic
condition. The definition of a chronic condition was adopted
from HCUP in this study. HCUP defines a chronic condition
as one persisting for ≥12 months; this either limits self-care,
independent living, and social interactions, or requires
continuous intervention with medical products, services, and
special equipment [45]. Another binary variable denotes whether
the admission was emergency or urgent, and a third reflects
whether the primary diagnosis fell within the same body system
as the previous admission. Furthermore, the study included the
frequency of hospital visits since the patient’s first visit and the
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interval between the current and previous visit. The study also
employed 17 different types of body systems from HCUP as
dummy variables, including (1) certain conditions originating
in the perinatal period; (2) congenital anomalies; (3) diseases
of blood and blood-forming organs; (4) diseases of the
circulatory system; (5) diseases of the digestive system; (6)
diseases of the genitourinary system; (7) diseases of the
musculoskeletal system; (8) diseases of the nervous system and
sense organs; (9) diseases of the respiratory system; (10)
diseases of the skin and subcutaneous tissue; (11) endocrine,
nutritional, and metabolic diseases and immunity disorders;
(12) factors influencing health conditions and contact with health
services; (13) injury and poisoning; (14) infectious and parasitic
disease; (15) mental disorders; (16) neoplasms; and (17)
symptoms, signs, and ill-defined conditions. Multimedia
Appendix 2 presents the summary of statistical variables applied
in this study.

Statistical Analysis
Logistic regression models have been widely used in the
readmission literature to estimate the probability of patients
being readmitted to hospitals within a certain timeframe [10,46].
Therefore, in this study, logistic regression models were applied
to assess the impact of HITs on the 30-day readmission risk.
This model accounted for both hospital and year fixed effects.
Robust SEs were applied to account for potential
heteroskedasticity. The errors were further clustered at the
patient level to account for possible within-patient correlations.
The model specifications are presented in Multimedia Appendix
3. We applied Stata (version 16; StataCorp) as our analysis
software.

Ethical Considerations
According to the HCUP website [38], “HCUP databases are
limited data sets. HCUP databases conform to the definition of
a limited data set. A limited data set is health care data in which
16 direct identifiers, specified in the Privacy Rule, have been
removed. As per the Health Insurance Portability and
Accountability Act, review by an institutional review board

(IRB) is not required for the use of limited data sets.” The
Loyola Marymount University’s IRB decided to exempt this
study from the IRB review because data from AHA’s annual
surveys and IT supplement files were collected at the hospital
level and did not involve human participants. In addition, the
first author of this paper has obtained permission to use the
HCUP data, AHA’s annual surveys, and AHA’s IT supplement
files stated in this study for analysis and publication.

Results

Effects of STT for Clinical Use on 30-Day Readmission
Risk
The results estimated from logistic regression models (equations
1 to 4 in Multimedia Appendix 3) are presented in Table 1.
Column 1 presents the main effects of HITs on the risk of 30-day
readmission. We found that an increase of 1 level in STT
implementation for clinical use is associated with a decrease in
30-day readmission risk (β=–.0153; P=.004), while an increase
of 1 level in STT implementation for supply chain management
is associated with an increase in 30-day readmission risk
(β=.0485; P=.004). Mobile IT showed no significant main
effects. A previous study suggested that the effect of HITs
implementation on readmission rates is time dependent [19]. It
is important to note that because this study relies on only 2 years
of retrospective data, the long-term effects of STT on supply
chain management and mobile IT may differ from the findings
presented here. We also found that HIE implementation is
associated with an increase in readmission risk (β=.0499;
P=.02). Recent studies have yielded mixed results concerning
the relationship between HIE implementation and hospital
readmission rates. A few studies have suggested that HIE
implementation can lead to a decrease in 30-day readmissions
[47,48], whereas other studies have indicated no significant
effect [49,50] or even an increase in readmission rates [51]. It
is possible that HIE implementation may help to identify
additional readmissions that were previously missed due to
incomplete patient self-reports or a lack of follow-up [51].
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Table 1. Effects of smart tracking technology (STT) for clinical use on 30-day readmission riska. Logistic regression was applied to assess the impact
of health ITs (HITs) on 30-day readmission risk. The data sample included 879,122 in-patient admissions in the states of New York and Florida in the
United States between 2014 and 2015. Both chronic and acute disease types are included in the sample.

4321Variable

P valueValueP valueβP valueValueP valueValue

.91.0012
(0.010)

.37.0060
(0.007)

.17–.0079
(0.006)

.004–.0153b

(0.005)

STTClinical, β (SE)

.002.0524b

(0.017)

.230.0217
(0.018)

<.001.1475c

(0.038)

.004.0485b

(0.017)

STTSupply Chain, β (SE)

.43–.0158
(0.020)

<.001.1388c

(0.038)

.17–.0277
(0.020)

.45–.0151
(0.020)

Mobile IT, β (SE)

.002.1040b

(0.034)

.04.0439e

(0.021)

.07.0382f

(0.021)

.02.0499e

(0.021)
HIEd, β (SE)

————.003–.0352b

(0.012)

——gSTTClinical×STTSupply Chain, β (SE)

——<.001–.0520c

(0.011)

————STTClinical×mobile IT, β (SE)

.04–.0216e

(0.011)

——————STTClinical×HIE, β (SE)

—Yes—Yes—Yes—YesHospital control

—Yes—Yes—Yes—YesPatient control

—Yes—Yes—Yes—YesTime and hospital fixed effects

—879,122—879,122—879,122—879,122Observations, n

—347,949—347,949—347,949—347,949Patients, n

aThe constant has been included. Robust SEs were applied, and the errors were further clustered at the patient level to account for possible within-patient
correlations.
bP<.01.
cP<.001.
dHIE: health information exchange.
eP<.05.
fP<.10.
gNot available.

Columns 2 to 4 display the interaction effects of HITs. Column
2 shows that the interaction between STT for clinical use and
for supply chain management is associated with a significant
decrease in readmission risk (β=–.0352; P=.003). This translates
to a reduction in readmission risk by approximately 3.46% for
each level of increase in the interaction effect. This result also
indicates a pooled complementarity effect due to similar
applications in different domains, specifically clinical use and
supply chain management. Column 3 shows that the interaction
of STT for clinical use and mobile IT is also associated with a
lower readmission risk (β=–0.0520; P<.001); this translates to
a reduction in readmission risk by approximately 5.06% for
each level of increase in the interaction effect. This also signifies
a symbiotic complementarity effect because both of these unique
HITs contribute to clinical capturing and tracking at the point
of care. Finally, in column (4), the interaction between STT for

clinical use and HIE is associated with a lower readmission risk
(β=–.0216; P=.04); this translates to a reduction in readmission
risk by approximately 2.14% for each of level increase in the
interaction effect. This result also suggests a symbiotic
complementarity effect. This is because though these are
different HITs, both can be applied in the context of clinical
tracking and data capturing and sharing.

To better understand the joint effects of STT for clinical use
and associated complementary HITs, the researchers further
examined the significant 2-way interactions between STT for
clinical use and that for supply chain management, between
STT for clinical use and mobile IT, and between STT for clinical
use and HIE. These interactions are presented in Figures 2-4.
In these figures, a high level denotes 1 SD above the mean, and
a low level signifies 1 SD below the mean.
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Figure 2. Interaction plot between smart tracking technology (STT) for clinical use and STT for supply chain management. The data sample included
879,122 in-patient admissions in the states of New York and Florida in the United States across 2014 and 2015. Both chronic and acute disease types
are included in the sample.

Figure 2 illustrates that when hospitals do not implement STT
for supply chain management, an increase in STT for clinical
use implementation level is associated with a slight decrease in
30-day readmission risk. In contrast, when hospitals
implemented STT for supply chain management, an increase
in STT for clinical use implementation level is associated with
a dramatic reduction in the 30-day readmission risk. Therefore,
it suggests that patients admitted to hospitals that have
implemented STT for supply chain management experience a
more pronounced decrease in the 30-day readmission risk
compared with those admitted in hospitals without STT for

supply chain management. This result further proves the pooled
complementarity effect.

Figure 3 reveals that when mobile IT is not implemented, an
increase in STT for clinical use implementation level is
associated with an increase in the 30-day readmission risk. In
contrast, when hospitals implemented mobile IT, an increase
in STT for clinical use implementation level is associated with
a lower 30-day readmission risk. This result shows the symbiotic
complementarity effect; STT for clinical use reduces the 30-day
readmission risk when mobile IT is implemented; however,
when mobile IT is not implemented, this risk is slightly
increased even when STT for clinical use is implemented.

Figure 3. Interaction plot between smart tracking technology (STT) for clinical use and mobile IT. The data sample included 879,122 in-patient
admissions in the states of New York and Florida in the United States across 2014 and 2015. Both chronic and acute disease types are included in the
sample.

Figure 4 shows that, in the absence of HIE, an increase in STT
for clinical use implementation level slightly increases the
30-day readmission risk. However, with HIE implemented, an
increase in STT for clinical use implementation level is
associated with a lower 30-day readmission risk. This outcome

further provides evidence for the symbiotic complementarity
effect; STT for clinical use reduces the 30-day readmission risk
when HIE is implemented; however, when HIE is not
implemented, this risk is slightly increased even when STT for
clinical use is administered.
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Figure 4. Interaction plot between smart tracking technology (STT) for clinical use and health information exchange (HIE). The data sample included
879,122 in-patient admissions in the states of New York and Florida in the United States across 2014 and 2015. Both chronic and acute disease types
are included in the sample.

The Role of Hospital Affiliation and Disease Type on
the Joint Effects
Next, we evaluate how the joint effects between STT for clinical
use and that for supply chain management, between STT for
clinical use and mobile IT, and between STT for clinical use
and HIE differ among hospitals with different affiliations, as
well as between patients with chronic or acute diseases. Table
2 presents the results regarding the influence of hospital
affiliation on these joint effects. From this table, we identify
that for hospitals within the health system, both the interaction

effect between STT for clinical use and that for supply chain
management and the interaction effect between STT for clinical
use and mobile IT were associated with a decrease in 30-day
readmission. For hospitals not within the health system, the
interaction effect between STT for clinical use and that for
supply chain management was associated with a higher 30-day
readmission risk. This finding aligns with the earlier research
suggesting that health system–affiliated hospitals, with their
better resources and capabilities, can implement and coordinate
different HITs more effectively [17], resulting in improved
clinical outcomes following HIT implementation.
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Table 2. The role of hospital affiliation on the effects of smart tracking technology (STT) for clinical usea. Logistic regression was applied to assess
the impact of health ITs (HITs) on the 30-day readmission risk. The data sample in models 1 to 3 included 662,874 in-patient admissions and models
4 to 6 included 186,496 in-patient admissions in the states of New York and Florida in the United States across years 2014 and 2015. Both chronic and
acute disease types are included in the sample.

Not in the health systemIn the health systemVariable

654321

P valueValueP valueValueP valueValueP valueValueP valueValueP valueValue

————.03.0715d

(0.033)

————c<.001–.0547b

(0.015)

STTClinical

Use×STT Sup-

ply Chain, β
(SE)

——.96.0012
(0.027)

————<.001.0777b

(0.015)

——STTClinical

Use×mobile
IT, β (SE)

.31–.0411
(0.041)

————.78–.0051
(0.018)

————STTClinical

Use×HIEe, β
(SE)

—Yes—Yes—Yes—Yes—Yes—YesHospital con-
trol

—Yes—Yes—Yes—Yes—Yes—YesPatient control

—Yes—Yes—Yes—Yes—Yes—YesTime and hos-
pital fixed ef-
fects

—186,496—186,496—186,496—662,874—662,874—662,874Observations,
n

—80,130—80,130—80,130—262,562—262,562—262,562Patients, n

—19—19—19—40—40—40Number of
hospitals

aMain effects are included. Constant is included. Robust SEs were applied, and the errors were further clustered at the patient level to account for
possible within-patient correlations. To ensure consistency in the analysis, 2 hospitals were excluded as their affiliation status varied across different
years.
bP<.001.
cNot available.
dP<.05.
eHIE: health information exchange.

Table 3 presents the results regarding the influence of disease
type on these joint effects. We identify that for patients whose
primary diagnosis is a chronic disease, both the interaction
effects between STT for clinical use and that for supply chain
management and between STT for clinical use and mobile IT
were associated with a lower 30-day readmission risk. For
patients whose primary diagnosis is an acute disease, both the
interaction effects between STT for clinical use and mobile IT
and between STT and HIE were associated with a lower 30-day
readmission risk. Consistent with previous literature, patients
with chronic disease require long-term monitoring and ongoing
care management. Such needs can be significantly aided by the

combined use of STT for clinical use and supply chain
management or mobile IT, which allows for continual updates,
tracking, access, and analysis of medications and patients’
clinical information [6,25,34]. For patients with acute conditions
that need immediate intervention, the benefit of HIT lies in its
rapid and accurate information processing [25,34]. This
advantage is particularly noticeable when STT for clinical use
is combined with either mobile IT or HIE. This synergy enables
instant access and capturing of a patient’s clinical information
within and across health care facilities, thereby streamlining
the decision-making processes and improving clinical outcomes.
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Table 3. The role of disease type on the effects of smart track technology (STT) for clinical usea. Logistic regression was applied to assess the impact
of health ITs (HITs) on 30-day readmission risk. The data sample in models 1 to 3 included 428,174 in-patient admissions with chronic conditions and
models 4 to 6 included 450,948 in-patient admissions with acute conditions in the states of New York and Florida in the United States between 2014
and 2015.

Acute conditionChronic conditionsVariable

654321

P valueValueP valueValueP valueValueP valueValueP valueValueP valueValue

————.21–.0211
(0.017)

————c.006–.0448b

(0.016)

STTClinical

Use×STTSupply Chain,
β (SE)

——<.001–.0577d

(0.015)

————.002.0470b

(0.015)

——STTClinical Use×mo-
bile IT, β (SE)

.04–.0300f

(0.014)

————.59–0.0080
(0.015)

————STTClinical Use×HIEe,
β (SE)

—Yes—Yes—Yes—Yes—Yes—YesHospital control

—Yes—Yes—Yes—Yes—Yes—YesPatient control

—Yes—Yes—Yes—Yes—Yes—YesTime and hospital
fixed effects

—450,948—450,948—450,948—428,174—428,174—428,174Observations, n

—245,567—245,567—245,567—233,608—233,608—233,608Patients, n

—61—61—61—61—61—61Hospitals, n

aMain effects are included. Constant is included. Robust SEs were applied, and the errors were further clustered at the patient level to account for
possible within-patient correlations.
bP<.01.
cNot available.
dP<.001.
eHIE: health information exchange.
fP<.05.

Discussion

Principal Findings
This study is the first of its kind to use complementarity theory
to comprehensively examine the joint effects between STT for
clinical use and that for supply chain management, between
STT for clinical use and mobile IT, and between STT for clinical
use and HIE on 30-day all-cause readmission risks using a large
in-patient longitudinal dataset across 2 years from US-based
hospitals. Our results revealed that while individual HIT
implementations have varying impacts on the readmission risk,
the combined use of HITs often yields a more notable effect on
the reduction of readmission instances. This highlights the
importance of an integrated approach to HIT deployment in
health care for readmission reduction.

Furthermore, the empirical results of this study provide evidence
for the pooled complementarity effect between STT for clinical
use and STT for supply chain management. The results also
provide evidence for symbiotic complementarities between STT
for clinical use and mobile IT and between STT for clinical use
and HIE. Specifically, this study has quantified the
complementarity effects that arise from the combined use of
HITs in US hospital settings and, thus, significantly contributes
to the literature on the complementarity effects of HITs.

Specifically, our findings enrich the current HIT
complementarity literature by suggesting the potential benefits
of HIT complementarity in both the IS and health informatics
fields. Consistent with the previous studies that identified
complementarity between different types of HITs [19,24,25],
this study also identified a pooled complementarity effect
between STT for clinical use and STT for supply chain
management. The researchers also identified symbiotic
complementarity effects between STT for clinical use and both
mobile IT and HIE, respectively. As the initial study that
quantifies the pooled complementarity effect and symbiotic
complementarity effects of STT for clinical use, this study opens
up future research toward the collective impacts of HITs on the
strategic growth of hospitals, technological advancement and
investments, deliverables, and other patient-centered care issues.

This study further illuminates the role of hospital affiliation and
disease type on the efficacy of combining the use of STT for
clinical purposes with STT for supply chain management,
mobile IT, and HIE. The study findings highlight the differential
impact of this integration, revealing that for hospitals within a
health system and patients with chronic conditions, the joint
use of STT for clinical applications with STT for supply chain
management and mobile IT was associated with a decrease in
the 30-day readmission risk. Meanwhile, hospitals outside the
health system experienced an increase in 30-day readmissions
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when STT for clinical use was combined with STT for supply
chain management. For patients with acute diseases, the
bundling of STT for clinical use with mobile IT and HIE was
beneficial in reducing 30-day readmissions. Thus, further
research is needed to analyze the joint effects of HITs in various
health care settings and patient populations. Further studies are
required to explore these complementary HIT interactions and
to develop robust guidelines for the effective use of the
aforementioned HIT interventions in different health care
contexts.

This research has several practical implications that could
facilitate the joint adoption of state-of-the-art technologies such
as STT for clinical use. First, before the introduction of any
collective HIT systems, it is critical to assess diverse
perspectives on hospital management, operations, clinical
workflows, and patient care rather than assuming that the joint
implementation of digital innovation in health care would always
lead to optimal outcomes. Second, health care practitioners and
hospitals should have a comprehensive view of the adoption of
STT for clinical use and other HITs and their integration for
critical outcome evaluations in US hospitals. This study provides
unique empirical evidence on the complexity of various types
of HIT integrations and the interoperability of various
technologies. More specifically, this study found both pooled
and symbolic complementarity effects in understanding the joint
use of STT for clinical use, STT for supply chain management,
mobile IT, and HIE in hospital settings. Third, this study has
managerial implications on how hospitals could contextualize
their HIT implementation and integration to maximize the
benefits by implementing and using STT for clinical use in
specific contexts and use cases. In other words, hospitals need
to consider their unique use context, such as their hospital
affiliation status and the types of diseases most commonly
treated in their hospitals, while deciding how to implement HIT
systems. For example, patients with chronic diseases, who
demand continual monitoring and comprehensive care, can
significantly benefit from the integration of STT for clinical
use with that for supply chain management or mobile IT. These
tools facilitate real-time monitoring, efficient medication
tracking, and offer unhindered access to important patient
information. In contrast, patients diagnosed with acute
conditions requiring prompt medical interventions can derive
benefits from the joint use of STT for clinical use and either
mobile IT or HIE. Practitioners need to be mindful to assess the
complementarity effects of multiple HITs for streamlining their
specific clinical workflows and investing in emerging HITs
with the potential to significantly enhance hospital operational
efficiency and patient outcomes.

Limitations
There are a few limitations in this study, creating new
opportunities for future work. First, this study is limited to

in-patient settings. Therefore, future studies should be conducted
to explore whether the reported joint effects remain true in other
health care contexts. Second, the retrospective data are extracted
from a 2-year period and is based out of New York and Florida.
Therefore, further research should be conducted with data
collected from more US states that spans a longer period to
further understand the long-term joint effects and change
trajectories of STT and other relevant HITs on health outcomes
[52]. Third, while pooled and symbiotic complementarities
among the HITs were identified, the underlying mechanisms
were not explored due to the data limitations of this study.
Therefore, future research should further investigate the
mechanisms of generating these complementarity effects. For
instance, future studies can explore ways to integrate and process
clinical data as it flows among different HIT systems. Fourth,
this study is primarily centered on the complementarity effects
of various HITs. However, previous studies also pointed out
that using HITs can also lead to unintended consequences
[53,54], which are rarely explored especially when dealing with
multiple HITs. Therefore, we call for future studies to focus on
the unintended outcomes stemming from interoperability issues
among different technologies. Fifth, while this research primarily
investigates the complementarity effects of HITs on the 30-day
readmission risk, other patient-level and hospital-level health
outcomes, such as health care costs, patient in-hospital length
of stay, and mortality risk, should be examined in this context.

Conclusions
This study aims to investigate the joint effects of STT for clinical
use with STT for supply chain management, mobile IT, and
HIE on the risk of 30-day all-cause readmission. By analyzing
a large in-patient dataset from multiple sources across 61
hospitals in Florida and New York in the United States from
2014 to 2015, this study provided the first empirical examination
of the complementarity effects of these HIT technologies in a
longitudinal setting. The results showed a pooled
complementarity effect between STT for clinical use and STT
for supply chain management. This study also showed symbiotic
complementarity effects between STT for clinical use and
mobile IT and between STT for clinical use and HIE. Moreover,
hospital affiliation and disease type significantly influenced the
HIT complementarity effects. This study is the first
evidence-based longitudinal study to quantify the
complementarity effects of STT for clinical use with STT for
supply chain management, mobile IT, and HIE. Therefore, it
significantly contributes to an emerging stream of HITs through
a complementarity theory lens in both the IS and health
informatics fields. It also provides practical implications to be
informative to managerial decisions by considering the
complementarity effects of various HITs in a hospital setting.

Acknowledgments
The authors would like to express our gratitude to the Le Family for their support on this study. This work was partially funded
by the Le Family Endowed Faculty Opportunity Fund at the College of Business Administration, Loyola Marymount University,
California, United States. This fund had no influence, either direct or indirect, on the outcomes or direction of the research.

JMIR Form Res 2024 | vol. 8 | e51198 | p. 11https://formative.jmir.org/2024/1/e51198
(page number not for citation purposes)

Tao et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Data Availability
Access to the datasets used in this study is limited due to use restrictions imposed by the American Hospital Association (AHA)
data use agreement and the Healthcare Cost and Utilization Project data use agreement. The datasets can be accessed with
permission from the AHA [39] and Agency for Healthcare Research and Quality [38].

Conflicts of Interest
None declared.

Multimedia Appendix 1
Technology items in smart tracking technology for clinical use and electronic health record.
[DOCX File , 23 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Summary statistics.
[DOCX File , 47 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Model specifications.
[DOCX File , 36 KB-Multimedia Appendix 3]

References

1. Shrank WH, Rogstad TL, Parekh N. Waste in the US health care system: estimated costs and potential for savings. JAMA.
Oct 15, 2019;322(15):1501-1509. [doi: 10.1001/jama.2019.13978] [Medline: 31589283]

2. Speer M, McCullough JM, Fielding JE, Faustino E, Teutsch SM. Excess medical care spending: the categories, magnitude,
and opportunity costs of wasteful spending in the United States. Am J Public Health. Dec 2020;110(12):1743-1748. [doi:
10.2105/AJPH.2020.305865] [Medline: 33058700]

3. NHE fact sheet. Centers for Disease Control and Prevention. URL: https://www.cms.gov/data-research/
statistics-trends-and-reports/national-health-expenditure-data/nhe-fact-sheet [accessed 2024-09-05]

4. Glance LG, Kellermann AL, Osler TM, Li Y, Mukamel DB, Lustik SJ, et al. Hospital readmission after noncardiac surgery:
the role of major complications. JAMA Surg. May 01, 2014;149(5):439-445. [doi: 10.1001/jamasurg.2014.4] [Medline:
24599504]

5. Bardhan I, Oh JH, Zheng Z, Kirksey K. Predictive analytics for readmission of patients with congestive heart failure. Inf
Syst Res. Mar 2015;26(1):19-39. [doi: 10.1287/isre.2014.0553]

6. Ben-Assuli O, Padman R. Trajectories of repeated readmissions of chronic disease patients: risk stratification, profiling,
and prediction. MIS Q. 2020;44(1):201-226. [doi: 10.25300/MISQ/2020/15101]

7. Behara R, Agarwal A, Fatteh F, Furht B. Predicting hospital readmission risk for COPD using EHR information. In: Furht
B, Agarwal A, editors. Handbook of Medical and Healthcare Technologies. New York, NY. Springer; 2013.

8. Aron R, Dutta S, Janakiraman R, Pathak PA. The impact of automation of systems on medical errors: evidence from field
research. Inf Syst Res. Sep 2011;22(3):429-446. [doi: 10.1287/isre.1110.0350]

9. Hydari MZ, Telang R, Marella WM. Saving patient ryan—can advanced electronic medical records make patient care
safer? Manag Sci. Jul 31, 2018;65(5). [doi: 10.1287/mnsc.2018.3042]

10. Oh JH, Zheng Z, Bardhan IR. Sooner or later? Health information technology, length of stay, and readmission risk. Prod
Oper Manag. Nov 01, 2018;27(11):2038-2053. [doi: 10.1111/poms.12748]

11. Hansen S, Baroody AJ. Electronic health records and the logics of care: complementarity and conflict in the U.S. healthcare
system. Inf Syst Res. Mar 2020;31(1):57-75. [doi: 10.1287/isre.2019.0875]

12. Brailer D, Thompson T. Health IT strategic framework. U.S. Department of Health and Human Services. 2004. URL: https:/
/scholar.google.com/
scholar_lookup?title=Health+IT+Strategic+Framework&author=T+Thompson&author=D+Brailer&publication_year=2004&
[accessed 2024-09-09]

13. What is Health IT? HealthIT.gov. URL: https://www.healthit.gov/faq/what-health-it [accessed 2024-09-09]
14. Health information technology. U.S. Department of Health and Human Services. URL: https://www.hhs.gov/hipaa/

for-professionals/special-topics/health-information-technology/index.html [accessed 2023-08-21]
15. Yamashita K, Oyama S, Otani T, Yamashita S, Furukawa T, Kobayashi D, et al. Smart hospital infrastructure: geomagnetic

in-hospital medical worker tracking. J Am Med Inform Assoc. Mar 01, 2021;28(3):477-486. [FREE Full text] [doi:
10.1093/jamia/ocaa204] [Medline: 33316057]

JMIR Form Res 2024 | vol. 8 | e51198 | p. 12https://formative.jmir.org/2024/1/e51198
(page number not for citation purposes)

Tao et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=formative_v8i1e51198_app1.docx&filename=d429fc692776ed633d9ff910f3935bf5.docx
https://jmir.org/api/download?alt_name=formative_v8i1e51198_app1.docx&filename=d429fc692776ed633d9ff910f3935bf5.docx
https://jmir.org/api/download?alt_name=formative_v8i1e51198_app2.docx&filename=ccce710566b3eafbdb726996da076f46.docx
https://jmir.org/api/download?alt_name=formative_v8i1e51198_app2.docx&filename=ccce710566b3eafbdb726996da076f46.docx
https://jmir.org/api/download?alt_name=formative_v8i1e51198_app3.docx&filename=b0f26092a7e7a7daafa2309593539c8b.docx
https://jmir.org/api/download?alt_name=formative_v8i1e51198_app3.docx&filename=b0f26092a7e7a7daafa2309593539c8b.docx
http://dx.doi.org/10.1001/jama.2019.13978
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31589283&dopt=Abstract
http://dx.doi.org/10.2105/AJPH.2020.305865
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33058700&dopt=Abstract
https://www.cms.gov/data-research/statistics-trends-and-reports/national-health-expenditure-data/nhe-fact-sheet
https://www.cms.gov/data-research/statistics-trends-and-reports/national-health-expenditure-data/nhe-fact-sheet
http://dx.doi.org/10.1001/jamasurg.2014.4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24599504&dopt=Abstract
http://dx.doi.org/10.1287/isre.2014.0553
http://dx.doi.org/10.25300/MISQ/2020/15101
http://dx.doi.org/10.1287/isre.1110.0350
http://dx.doi.org/10.1287/mnsc.2018.3042
http://dx.doi.org/10.1111/poms.12748
http://dx.doi.org/10.1287/isre.2019.0875
https://scholar.google.com/scholar_lookup?title=Health+IT+Strategic+Framework&author=T+Thompson&author=D+Brailer&publication_year=2004&
https://scholar.google.com/scholar_lookup?title=Health+IT+Strategic+Framework&author=T+Thompson&author=D+Brailer&publication_year=2004&
https://scholar.google.com/scholar_lookup?title=Health+IT+Strategic+Framework&author=T+Thompson&author=D+Brailer&publication_year=2004&
https://www.healthit.gov/faq/what-health-it
https://www.hhs.gov/hipaa/for-professionals/special-topics/health-information-technology/index.html
https://www.hhs.gov/hipaa/for-professionals/special-topics/health-information-technology/index.html
https://europepmc.org/abstract/MED/33316057
http://dx.doi.org/10.1093/jamia/ocaa204
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33316057&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


16. Omar HQ, Khoshnaw A, Monnet W. Smart patient management, monitoring and tracking system using radio-frequency
identification (RFID) technology. In: Proceedings of the IEEE EMBS Conference on Biomedical Engineering and Sciences.
2016. Presented at: IECBES 2016; December 4-8, 2016; Kuala Lumpur, Malaysia. [doi: 10.1109/iecbes.2016.7843411]

17. Zhu X, Tao Y, Zhu R, Wu D, Ming WK. Impact of hospital characteristics and governance structure on the adoption of
tracking technologies for clinical and supply chain use: longitudinal study of US hospitals. J Med Internet Res. May 26,
2022;24(5):e33742. [FREE Full text] [doi: 10.2196/33742] [Medline: 35617002]

18. Ohashi K, Ota S, Ohno-Machado L, Tanaka H. Smart medical environment at the point of care: auto-tracking clinical
interventions at the bed side using RFID technology. Comput Biol Med. Jun 2010;40(6):545-554. [doi:
10.1016/j.compbiomed.2010.03.007] [Medline: 20471637]

19. Bradley RV, Esper TL, In J, Lee KB, Bichescu BC, Byrd TA. The joint use of RFID and EDI: implications for hospital
performance. Prod Oper Manag. Nov 01, 2018;27(11):2071-2090. [doi: 10.1111/poms.12955]

20. The hospital value-based purchasing (VBP) program. Centers for Disease Control and Prevention. URL: https://www.
cms.gov/medicare/quality/value-based-programs/hospital-purchasing [accessed 2024-09-17]

21. Yao W, Chu CH, Li Z. The adoption and implementation of RFID technologies in healthcare: a literature review. J Med
Syst. Dec 19, 2012;36(6):3507-3525. [doi: 10.1007/s10916-011-9789-8] [Medline: 22009254]

22. Mehta S, Grant K, Atlin C, Ackery A. Mitigating staff risk in the workplace: the use of RFID technology during a COVID-19
pandemic and beyond. BMJ Health Care Inform. Nov 13, 2020;27(3):e100230. [FREE Full text] [doi:
10.1136/bmjhci-2020-100230] [Medline: 33187955]

23. Cho H, Ippolito D, Yu YW. Contact tracing mobile apps for COVID-19: privacy considerations and related trade-offs.
arXiv. Preprint posted online on March 25, 2020. [FREE Full text]

24. Sharma L, Chandrasekaran A, Boyer KK, McDermott CM. The impact of Health Information Technology bundles on
hospital performance: an econometric study. J Oper Manag. Dec 2015;41(1):25-41. [doi: 10.1016/j.jom.2015.10.001]

25. Mishra AN, Tao Y, Keil M, Oh JH. Functional IT complementarity and hospital performance in the United States: a
longitudinal investigation. Inf Syst Res. Mar 2022;33(1):55-75. [doi: 10.1287/isre.2021.1064]

26. Chou D. Health IT and patient safety: building safer systems for better care. JAMA. Dec 05, 2012;308(21):2282. [doi:
10.1001/jama.308.21.2282-a]

27. Milgrom P, Roberts J. Complementarities and fit strategy, structure, and organizational change in manufacturing. J Account
Econ. Mar 1995;19(2-3):179-208. [doi: 10.1016/0165-4101(94)00382-f]

28. Grandori A, Furnari S. Types of complementarity, combinative organization forms and structural heterogeneity: beyond
discrete structural alternatives. In: Morroni M, editor. Corporate Governance, Organization and the Firm: Co-operation and
Outsourcing in a Globalised Market. London, UK. Edward Elgar; 2009:63-86.

29. Soh JY, Jung SH, Cha WC, Kang M, Chang DK, Jung J, et al. Variability in doctors' usage paths of mobile electronic health
records across specialties: comprehensive analysis of log data. JMIR Mhealth Uhealth. Jan 17, 2019;7(1):e12041. [FREE
Full text] [doi: 10.2196/12041] [Medline: 30664473]

30. Yazici HJ. An exploratory analysis of hospital perspectives on real time information requirements and perceived benefits
of RFID technology for future adoption. Int J Inf Manage. Oct 2014;34(5):603-621. [doi: 10.1016/j.ijinfomgt.2014.04.010]

31. Álvarez López Y, Franssen J, Álvarez Narciandi G, Pagnozzi J, González-Pinto Arrillaga I, Las-Heras Andrés F. RFID
technology for management and tracking: e-health applications. Sensors (Basel). Aug 13, 2018;18(8):2663. [FREE Full
text] [doi: 10.3390/s18082663] [Medline: 30104557]

32. Khan SF. Health care monitoring system in Internet of Things (IoT) by using RFID. In: Proceedings of the 6th International
Conference on Industrial Technology and Management. 2017. Presented at: ICITM 2017; March 7-10, 2017; Cambridge,
UK. [doi: 10.1109/icitm.2017.7917920]

33. Ben-Assuli O, Shabtai I, Leshno M. The impact of EHR and HIE on reducing avoidable admissions: controlling main
differential diagnoses. BMC Med Inform Decis Mak. Apr 17, 2013;13(1):49. [FREE Full text] [doi:
10.1186/1472-6947-13-49] [Medline: 23594488]

34. Janakiraman R, Park E, Demirezen EM, Kumar S. The effects of health information exchange access on healthcare quality
and efficiency: an empirical investigation. Manage Sci. Feb 2023;69(2):791-811. [doi: 10.1287/mnsc.2022.4378]

35. Vest JR, Unruh MA, Freedman S, Simon K. Health systems' use of enterprise health information exchange vs single
electronic health record vendor environments and unplanned readmissions. J Am Med Inform Assoc. Oct 01,
2019;26(10):989-998. [FREE Full text] [doi: 10.1093/jamia/ocz116] [Medline: 31348514]

36. Dexheimer JW, Borycki EM. Use of mobile devices in the emergency department: a scoping review. Health Informatics
J. Dec 29, 2015;21(4):306-315. [FREE Full text] [doi: 10.1177/1460458214530137] [Medline: 24782479]

37. Xing Q, Miranda SM, Singh R. Resource utilization uncertainty reduction in hospitals: the role of digital capability and
governance structure. In: Proceedings of the 41st International Conference on Information Systems. 2020. Presented at:
ICIS 2020; December 13-16, 2020; Hyderabad, India.

38. Healthcare Cost and Utilization Project (HCUP). Agency for Healthcare Research and Quality. URL: https://www.ahrq.gov/
data/hcup/index.html [accessed 2024-09-10]

39. AHA annual survey database™. American Hospital Association Data and Insight. URL: https://www.ahadata.com/
aha-annual-survey-database [accessed 2024-04-30]

JMIR Form Res 2024 | vol. 8 | e51198 | p. 13https://formative.jmir.org/2024/1/e51198
(page number not for citation purposes)

Tao et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1109/iecbes.2016.7843411
https://www.jmir.org/2022/5/e33742/
http://dx.doi.org/10.2196/33742
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35617002&dopt=Abstract
http://dx.doi.org/10.1016/j.compbiomed.2010.03.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20471637&dopt=Abstract
http://dx.doi.org/10.1111/poms.12955
https://www.cms.gov/medicare/quality/value-based-programs/hospital-purchasing
https://www.cms.gov/medicare/quality/value-based-programs/hospital-purchasing
http://dx.doi.org/10.1007/s10916-011-9789-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22009254&dopt=Abstract
https://informatics.bmj.com/lookup/pmidlookup?view=long&pmid=33187955
http://dx.doi.org/10.1136/bmjhci-2020-100230
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33187955&dopt=Abstract
https://arxiv.org/abs/2003.11511
http://dx.doi.org/10.1016/j.jom.2015.10.001
http://dx.doi.org/10.1287/isre.2021.1064
http://dx.doi.org/10.1001/jama.308.21.2282-a
http://dx.doi.org/10.1016/0165-4101(94)00382-f
https://mhealth.jmir.org/2019/1/e12041/
https://mhealth.jmir.org/2019/1/e12041/
http://dx.doi.org/10.2196/12041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30664473&dopt=Abstract
http://dx.doi.org/10.1016/j.ijinfomgt.2014.04.010
https://www.mdpi.com/resolver?pii=s18082663
https://www.mdpi.com/resolver?pii=s18082663
http://dx.doi.org/10.3390/s18082663
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30104557&dopt=Abstract
http://dx.doi.org/10.1109/icitm.2017.7917920
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/1472-6947-13-49
http://dx.doi.org/10.1186/1472-6947-13-49
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23594488&dopt=Abstract
http://dx.doi.org/10.1287/mnsc.2022.4378
https://europepmc.org/abstract/MED/31348514
http://dx.doi.org/10.1093/jamia/ocz116
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31348514&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/1460458214530137?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/1460458214530137
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24782479&dopt=Abstract
https://www.ahrq.gov/data/hcup/index.html
https://www.ahrq.gov/data/hcup/index.html
https://www.ahadata.com/aha-annual-survey-database
https://www.ahadata.com/aha-annual-survey-database
http://www.w3.org/Style/XSL
http://www.renderx.com/


40. Lin YK, Lin M, Chen H. Do electronic health records affect quality of care? Evidence from the HITECH Act. Inf Syst Res.
Mar 12, 2019;30(1):306-318. [doi: 10.1287/isre.2018.0813]

41. Adler-Milstein J, Everson J, Lee SY. EHR adoption and hospital performance: time-related effects. Health Serv Res. Dec
2015;50(6):1751-1771. [FREE Full text] [doi: 10.1111/1475-6773.12406] [Medline: 26473506]

42. Angst CM, Devaraj S, D'Arcy J. Dual role of IT-assisted communication in patient care: a validated structure-process-outcome
framework. J Manag Inf Syst. Dec 08, 2014;29(2):257-292. [doi: 10.2753/mis0742-1222290209]

43. Schmidt AF, Groenwold RH, van Delden JJ, van der Does Y, Klungel OH, Roes KC, et al. Justification of exclusion criteria
was underreported in a review of cardiovascular trials. J Clin Epidemiol. Jun 2014;67(6):635-644. [FREE Full text] [doi:
10.1016/j.jclinepi.2013.12.005] [Medline: 24613498]

44. Borzekowski R. Measuring the cost impact of hospital information systems: 1987-1994. J Health Econ. Sep
2009;28(5):938-949. [doi: 10.1016/j.jhealeco.2009.06.004] [Medline: 19699542]

45. Chronic Condition Indicator (CCI) for ICD-9-CM. Healthcare Cost & Utilization Project. 2016. URL: https://hcup-us.
ahrq.gov/toolssoftware/chronic/chronic.jsp [accessed 2024-09-20]

46. Zhao P, Yoo I, Naqvi SH. Early prediction of unplanned 30-day hospital readmission: model development and retrospective
data analysis. JMIR Med Inform. Mar 23, 2021;9(3):e16306. [FREE Full text] [doi: 10.2196/16306] [Medline: 33755027]

47. Kash BA, Baek J, Davis E, Champagne-Langabeer T, Langabeer JR2. Review of successful hospital readmission reduction
strategies and the role of health information exchange. Int J Med Inform. Aug 2017;104:97-104. [doi:
10.1016/j.ijmedinf.2017.05.012] [Medline: 28599821]

48. Vest JR, Kern LM, Silver MD, Kaushal R, HITEC Investigators. The potential for community-based health information
exchange systems to reduce hospital readmissions. J Am Med Inform Assoc. Mar 2015;22(2):435-442. [doi:
10.1136/amiajnl-2014-002760] [Medline: 25100447]

49. Cross DA, McCullough JS, Banaszak-Holl J, Adler-Milstein J. Health information exchange between hospital and skilled
nursing facilities not associated with lower readmissions. Health Serv Res. Dec 10, 2019;54(6):1335-1345. [FREE Full
text] [doi: 10.1111/1475-6773.13210] [Medline: 31602639]

50. Jones SS, Friedberg MW, Schneider EC. Health information exchange, Health Information Technology use, and hospital
readmission rates. AMIA Annu Symp Proc. 2011;2011:644-653. [FREE Full text] [Medline: 22195120]

51. Daddato AE, Dollar B, Lum HD, Burke RE, Boxer RS. Identifying patient readmissions: are our data sources misleading?
J Am Med Dir Assoc. Aug 2019;20(8):1042-1044. [FREE Full text] [doi: 10.1016/j.jamda.2019.04.028] [Medline: 31227472]

52. Tao Y, Mishra AN, Masyn K, Keil M. Addressing change trajectories and reciprocal relationships: a longitudinal method
for information systems research. Commun Assoc Inf Syst. Aug 2021;44:1-60. [FREE Full text] [doi: 10.17705/1CAIS.05018]

53. Colicchio TK, Cimino JJ, Del Fiol G. Unintended consequences of nationwide electronic health record adoption: challenges
and opportunities in the post-meaningful use era. J Med Internet Res. Jun 03, 2019;21(6):e13313. [FREE Full text] [doi:
10.2196/13313] [Medline: 31162125]

54. Ancker JS, Edwards A, Nosal S, Hauser D, Mauer E, Kaushal R. Effects of workload, work complexity, and repeated alerts
on alert fatigue in a clinical decision support system. BMC Med Inform Decis Mak. Apr 10, 2017;17(1):36. [FREE Full
text] [doi: 10.1186/s12911-017-0430-8] [Medline: 28395667]

Abbreviations
AHA: American Hospital Association
EHR: electronic health record
HCUP: Healthcare Cost and Utilization Project
HIE: health information exchange
HIT: health IT
IRB: institutional review board
IS: information system
STT: smart tracking technology

Edited by A Mavragani; submitted 24.07.23; peer-reviewed by R“ Zhang, E Vashishtha; comments to author 12.08.23; revised version
received 31.08.23; accepted 03.09.24; published 01.10.24

Please cite as:
Tao Y, Zhu R, Wu D
Harnessing the Power of Complementarity Between Smart Tracking Technology and Associated Health Information Technologies:
Longitudinal Study
JMIR Form Res 2024;8:e51198
URL: https://formative.jmir.org/2024/1/e51198
doi: 10.2196/51198
PMID:

JMIR Form Res 2024 | vol. 8 | e51198 | p. 14https://formative.jmir.org/2024/1/e51198
(page number not for citation purposes)

Tao et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1287/isre.2018.0813
https://europepmc.org/abstract/MED/26473506
http://dx.doi.org/10.1111/1475-6773.12406
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26473506&dopt=Abstract
http://dx.doi.org/10.2753/mis0742-1222290209
https://linkinghub.elsevier.com/retrieve/pii/S0895-4356(13)00510-6
http://dx.doi.org/10.1016/j.jclinepi.2013.12.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24613498&dopt=Abstract
http://dx.doi.org/10.1016/j.jhealeco.2009.06.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19699542&dopt=Abstract
https://hcup-us.ahrq.gov/toolssoftware/chronic/chronic.jsp
https://hcup-us.ahrq.gov/toolssoftware/chronic/chronic.jsp
https://medinform.jmir.org/2021/3/e16306/
http://dx.doi.org/10.2196/16306
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33755027&dopt=Abstract
http://dx.doi.org/10.1016/j.ijmedinf.2017.05.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28599821&dopt=Abstract
http://dx.doi.org/10.1136/amiajnl-2014-002760
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25100447&dopt=Abstract
http://hdl.handle.net/2027.42/153113
http://hdl.handle.net/2027.42/153113
http://dx.doi.org/10.1111/1475-6773.13210
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31602639&dopt=Abstract
https://europepmc.org/abstract/MED/22195120
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22195120&dopt=Abstract
https://europepmc.org/abstract/MED/31227472
http://dx.doi.org/10.1016/j.jamda.2019.04.028
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31227472&dopt=Abstract
https://www.researchgate.net/publication/354089307_ADDRESSING_CHANGE_TRAJECTORIES_AND_RECIPROCAL_RELATIONSHIPS_A_LONGITUDINAL_METHOD_FOR_INFORMATION_SYSTEMS_RESEARCH
http://dx.doi.org/10.17705/1CAIS.05018
https://www.jmir.org/2019/6/e13313/
http://dx.doi.org/10.2196/13313
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31162125&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-017-0430-8
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-017-0430-8
http://dx.doi.org/10.1186/s12911-017-0430-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28395667&dopt=Abstract
https://formative.jmir.org/2024/1/e51198
http://dx.doi.org/10.2196/51198
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


©Youyou Tao, Ruilin Zhu, Dezhi Wu. Originally published in JMIR Formative Research (https://formative.jmir.org), 01.10.2024.
This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in JMIR Formative Research, is properly cited. The complete bibliographic information,
a link to the original publication on https://formative.jmir.org, as well as this copyright and license information must be included.

JMIR Form Res 2024 | vol. 8 | e51198 | p. 15https://formative.jmir.org/2024/1/e51198
(page number not for citation purposes)

Tao et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/

