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Health Analytics in Business Research: A Literature Review

Technological advances have enabled the collection of large quantities of valuable data for
health-related use. Particularly, a growing number of scholars are paying attention to the
application of health analytics to business topics. A comprehensive analysis of health
analytics application in business research is necessary to realize the commercial value of
health analytics. In this article, we summarize peer-reviewed articles that have been
published in business journals, with an eye toward formulating a roadmap for applying
health analytics across multiple business domains. First, we demonstrate how health-
related data can be harnessed to inform business research. Second, we endeavor to
consolidate the available datasets and analytical techniques commonly employed to
explore health analytics in business domains. Finally, we discuss the practical challenges
confronting scholars in health analytics, as well as future research opportunities. Insights
from our study yields insights that can be leveraged by business scholars interested in

health analytics research.

Keywords: health analytics; business topics; literature review; managerial challenges; big

data

1. INTRODUCTION

Health analytics is a business-driven term encompassing a vast spectrum of business
intelligence applications in the healthcare sector that rely on insights generated from big data
analysis (Khalifa, 2018). In this sense, health analytics revolves around the availability and
accessibility of data compiled from a wide range of interoperable health information systems
(Khalifa, 2018), allowing both professionals and researchers to tackle health-related problems
in a purposeful and targeted fashion (Chen et al., 2012). As conceived by the Healthcare
Information and Management Systems Society (HIMSS), health analytics entails “the
systematic use of data and related clinical and business (C&B) insights developed through
applied analytical disciplines such as statistical, contextual, quantitative, predictive, and

cognitive spectrums to drive fact-based decision making for planning, management,



measurement and learning” !, oftentimes assuming the form of “decision support
technologies...aimed at enabling knowledge workers such as physicians, nurses and health
officials, health policy makers and pharmacists to gain insight and make better and faster health
decisions” (Raghupathi & Raghupathi, 2013, p. 5).

Ubiquitous in today’s daily lives, health analytics holds the promise of revolutionizing
healthcare in diverse ways. For example, by harnessing mammography databases to guide
breast cancer diagnostic decisions, Tunc et al. (2022) discovered that such decisions can bolster
patients’ quality of life and reduce the immense costs associated with overdiagnosis,
culminating in annual savings of approximately USD $300 million for the healthcare system
in the United States (U.S.). Likewise, by matching treatments to the attributes of breast cancer
patients, treatment plans can be tailored to strike a balance between the risks of recurrence of
local tumors and the adverse impact induced by radiation, which in turn reduces the treatment
costs stemming from the manifestation of unintended side-effects such as diarrhea and nausea
(Chen et al., 2021). Applying sensor-based multi-axial time-series data, Activities of Daily
Living (ADLs) monitoring systems have emerged to aid caregivers in remotely monitoring
elderly’s self-care abilities in an unobtrusive manner in order to detect abnormal behaviors and
take pre-emptive measures accordingly (Zhu et al., 2020).

Fueling the growth of health analytics are recent technological advances that have
enabled the collection and generation of huge volumes of valuable data for health-related
analysis, assisting physicians, care givers, and patients to comprehend and make sense of health
data as needed for diagnosis, treatment, health management, and preventive care (Raghupathi
& Raghupathi, 2013). Health analytics has thus been touted as a means for transforming

healthcare from a volume- to a value-based system (Khanra et al., 2020; Wu et al., 2016).
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Indeed, one of the core benefits of health analytics is that it can bolster the effectiveness and
efficiency of the entire healthcare delivery process (Ferranti et al., 2010; Kaplan & Porter,
2011). Particularly, health analytics endows a healthcare system with better outcomes
(enhanced coordination, reduced time and costs, and better value) while delivering consistent
quality care (Ahangama & Poo, 2014). Although healthcare is still plagued by entrenched
inefficiencies causing annual wastage of over USD $2 trillion worldwide?, it has been
documented that the Minnesota health care system has realized more than USD $45 million in
savings over a five-year period through the deployment of health analytics. In the same vein,
the Centers for Medicare and Medicaid Services (CMS) has deployed analytics to reduce
hospital readmission rates and avert USD $115 million in fraudulent payments (Ghassemi et
al., 2015). Taken together, health analytics is estimated to save the healthcare industry upwards
of USD $450 billion annually in the United States (Herland et al., 2014).

Even though health analytics have been widely acknowledged to hold tremendous
commercial value, there is currently no comprehensive review that outlines how they are
deployed in business research. A business-oriented view can help healthcare stakeholders to
optimize and communicate the value of their service offerings, which in turn can lead to
enhanced service delivery and improved social welfare. There is, however, a lack of
understanding of how health analytics can inform business research (Khalifa, 2018). To this
end, we conduct a comprehensive and systematic of extant literature on health analytics to not
only take stock of the current state of knowledge and identify potential avenues for future
research, but also to reveal untapped opportunities that can be exploited by practitioners to
improve healthcare quality. In so doing, we can circumvent the limitations of pre-existing
studies which are generally situated within a given context and focus on specific research

themes, including clinical decision support (Chen et al., 2021; Merdan et al., 2021; Tunc et al.,
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2022), chronic disease management (Nenova & Shang, 2022; Thompson et al., 2020) and
medical interventions (Skandari & Shechter, 2021; Xie et al., 2022). Particularly, insights
gleaned from this study can contribute to contemporary knowledge on health analytics on three
fronts. First, we attest to how health-related data can be harnessed to inform business research,
with particular emphasis on the research questions being answered as well as how answering
these research questions contribute to the resolution of business challenges in the healthcare
sector. Second, we endeavor to consolidate the available datasets and analytical techniques
commonly employed to explore health analytics in business domains. Finally, we outline the
challenges confronting scholars in the application of health analytics together with future
research opportunities in advancing better healthcare through the innovative application of

health analytics.

The remainder of this article is structured as follows. First, we detail the methodological
approach for selecting published articles pertinent to our literature review as well as present
preliminary descriptive statistics for our ensuing search. Second, we offer an overview of how
health analytics has been applied to business research across a variety of topics. In the third
section, we uncover the available datasets, popular analytical techniques, and useful toolkits
that can be leveraged by business scholars in conducting health analytics research. We then
conclude by highlighting future research directions for health analytics in the business domain

from both managerial and technological angles.

2. METHODOLOGY

To ensure that we are capturing a broad range of high-quality research articles in business and
management studies, we first determine the list of journals that should be included in our

literature review. Firstly, we added all 24 leading business journals (UTD24)® identified by the
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University of Texas at Dallas Top Business School Research Rankings into our journal list.
Studies published in these journals generally possess a strong theoretical foundation, rigorous
empirical design, meticulous analytical procedures, and rich datasets (Kang et al., 2020).
Second, we add 43 journals rated four-star (4*) in the Academic Journal Guide (AJG2021)*
into our journal list. The AJG is a guide to the quality and range of journals in the area of
business and management academic research. It gives an indicator of the quality of business
and management journals by way of a ranking system 1 to 4*, with those ranked 4* being the
highest-ranked and distinctly recognized world-wide as exemplars of excellent leading
journals. Third, the top FT50 journals® are also kept in, which are used to compile the research
rank for business schools in the Financial Times’ MBA and EMBA rankings and considered
the best journals in business and management. Having mixed up all the journals in the list of
UTD24, AJG2021 and FT50 and removed duplications, 65 journals are ultimately left to make
up our final list for literature review.

Then, we use the keyword “health* analytic*” to search in the Field Tag of Topic in the
database Web of Science Core Collection from publication year 2013 to 2022 in our final
journal list. Web of Science is the world’s oldest, most widely used and authoritative database
of research publications and citations which allows scholars to access an unrivalled breadth of
world-class research literature linked to a rigorously selected core of journals (Birkle et al.,
2020). The wildcard character asterisk (*) is used to search for articles that contain the
lemmatized words health and/or analytic in the title, abstract, or keywords list. The publication
year is restricted to a specific 10-year timespan to obtain relatively recent trends and publication

patterns in health analytics.
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2.1 Search Process for Literature Review

Our selection of articles is based on the flow diagram proposed by the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) (Moher et al., 2009). The process
of literature search is illustrated in Figure 1.

The above-mentioned keywords were searched on the database Web of Science within
the time frame from 2012 to 2022 in the Topic Field, resulting in 123 English-language articles
being identified as our primary dataset. Following the removal of duplicates, book chapters,
and editorial materials (6 articles), 117 articles were retained for further eligibility check. Next,
we review the abstracts of each article to determine whether they are directly related to our
chosen topic of health analytics. One article was removed from this process since its full text
was not available. We have also excluded 53 articles due to their incongruity with the topic
because they did not discuss healthcare at all. Finally, we left 63 papers in our paper pool for

further review.
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Figure 1: Flow Diagram of Literature Search Process



2.2 Statistical Results

Having performed the literature search process and identified all the articles included in the
review, we present some basic statistical results as a means of observing trends in health
analytics research and publication patterns. The distribution of publications and citations
related to health analytics in 65 selected business journals across the timeline of the study
(2013-2022) is presented in Figure 2. Overall, health analytics within business research has
experienced rapid growth in the last ten years, indicating that business school scholars have a
substantial interest in this area of research. The number of publications rose from only two in
2013 to 16 at maximum in 2021. Citations increased from a surprising zero in 2013 to a peak
of 250 in 2021. Since statistical data is only considered for the first six months of 2022 until
the review date, the abrupt reduction in both publications and citations between 2021 and 2022
is understandable; based on the apparent upward trend, we anticipate that there will be a
substantial increase in the number of health analytics research outputs for business scholars in

the coming years.
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Figure 2: Number of Publications and Citations from 2013 to 2022
As shown in Error! Reference source not found., these articles were published across

8 different journals out of 65 pre-selected high-quality business and management journals.



Production and Operations Management (POM) accounts for the majority of the literature on
health analytics with 25 of the 65 articles. The second most popular publications were
Management Science (ManSci), MIS Quarterly (MISQ), and Operations Research (OR), with
8 articles each in total. The number of articles published in other journals was relatively low.
We were surprised to find that despite carefully selecting the journals to be included in our
literature review, high-quality business research articles on health analytics were still highly
clustered within a small group of journals. Additionally, according to the statistics of Web of
Science Categories, Operations Research Management Science is the most active research field

that emphasizes health analytics.
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Figure 3: Number of Articles Published in Different Journals
To better identify possible research topics within the articles, we utilized a word cloud
created by analyzing keywords from the articles to gain an intuitive understanding of frequently
discussed topics. We used the Word Art® online toolkit to visualize the text extracted from the
title and abstract of each article. A picture of the word cloud is shown in Figure 3. Patient was
the most frequently cited noun in all of these articles, indicating that patient-related research

questions were at the center of many current studies on predicting patients' health status. A
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number of models and methods are also used in the existing literature to optimize the whole
operational process of the hospital. The word cloud enabled us to summarize and classify health
analytics applications into different business areas from an individual level (patient) to an

organization level (hospital).
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Figure 3: Word Cloud of Health Analytics in Business Research

3. HEALTH ANALYTICS APPLICATIONS IN DIFFERENT BUSINESS TOPICS

The above word cloud illustrates that topics in health analytics primarily encompass patients
and healthcare delivery organizations. Scholars in other fields have proposed classification
schemes from different research perspectives. As Dr. Niti Pall, a visionary global senior clinical
leader, pointed out in her lessons 7, “The focus is on patient-facing technologies. Others are
professional-facing and organization-facing technologies depending on their primary user and
value in enhancing individual patient care or improving care systems. The electronic health
record spans the entire system and serves as the foundation for many other applications”. Figure
4 illustrates her holistic view of the future development of digital health. Herein, different

wellbeing status of patients are grouped in a central location. A variety of 1T-based devices are
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used by patients to communicate with healthcare professionals and exchange key information.
Various digital technologies are used by medical professionals to monitor, measure, and
diagnose patients' potential health problems to improve their decision-making process. Niti
believes that electronic health records (EHRs) form a vital link between patients, professionals,
and organizations in the growing world of digital medical care.

Furthermore, from the perspective of data mining, (Islam et al., 2018) identified six
application areas (clinical decision support, healthcare administration, privacy and fraud
detection, mental health, public health, pharmacovigilance) of healthcare analytics and
established an operational definition for each class (see Table 1), which are also served as the
basic reference for our further topics categorization.

Health analytics are essentially inseparable from the whole medical management process
despite these researchers’ attempts to cluster the major topics in healthcare from different
angles. For one thing, health analytics is associated with main participants or beneficiary
subjects during the healthcare progression, including patients, professionals, and medical
organizations. For another, it is also closely related with functional applications such as clinical
decision support and healthcare administration. Accordingly, health analytics applications
should be a practical process targeted at different types of beneficiaries. So following the
classification scheme on application topics proposed by (Islam et al., 2018), combined with the
objective entities existing in the healthcare process, we try to classify health analytics
applications in business topics into different application area based on diversified beneficiary
subjects, with an eye on explicating how current research benefits relevant stakeholders and at

the same time navigating possible research potentials.
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Table 1 Operational Definition of Different Application Topics (Islam et al., 2018)

Application Topics

Operational Definition

Clinical Decision
Support

Analytics applied to analyze, extract, and communicate information
about diseases, risk for clinical use

Healthcare
Administration

Application of analytics to improve quality of care, reduce the cost
of care and to improve overall system dynamics

Privacy and Fraud
Detection

Privacy: Protection of patient identity in the dataset; Fraud detection:
Deceptive and unauthorized activity detection

Mental Health

Analytical decision support for psychiatric patients or patient with
mental disorder

Public Health

Analysis of problems which affect a mass population, a region, or a
country

Pharmacovigilance

Post market monitoring of Adverse Drug Reaction (ADR)

11




To summarize the body of knowledge, we referred to the six-steps processing steps (i.e.
Know the literature, Comprehend the literature, Apply, Analyze, Synthesize and Evaluate)
proposed by (Levy & Ellis, 2006) and (Webster & Watson, 2002). We begin by reviewing the
titles, abstracts, and keywords of each research article to gain an understanding of the main
ideas they are expected to express. Then, the key information from each article was identified
and incorporated into a concept matrix proposed by (Webster & Watson, 2002), which included
the research questions, research gaps, methods and analysis, and conclusions (“Comprehend
the literature”). By the basis of our own understanding, we summarized and grouped
homologous articles with similar research questions into six pre-classified topics and three
beneficiary subjects. The six pre-classified topics are as suggested by (Islam et al., 2018). Three
beneficiary subjects (Patient, Medical Professional and Medical Institution) are as introduced
in Dr. Niti Pall’s three-level landscape of digital healthcare.

In this way, the analysis was ensured to exclude any irrelevant information (Islam et al.,
2018). After completing 10 articles, the concept matrix was iteratively updated to adjust
existing topics by comparing the current articles list (“Apply”). This procedure also enabled us
to identify possible subtopics under each of the six topics, or more common beneficiaries. By
combining all of the insights obtained from the final concept matrix, application topics were
ultimately classified into five areas and one more beneficiary subject (Government) was added
("Analyze and Synthesis”). The existing research based on applications and subjects was
shown in Table 2. Research topics were further discussed among researchers to eliminate

divergences of opinion ("Evaluate™).

Table 2: Existing Research Based on Applications and Subjects

Beneficiary Subjects
Application Topics _ Medical Medical
Patient . . Government
Professional Institution
Clinical Decision Support v v

12



Healthcare Administration v v v

Privacy and Fraud v
Detection

Public Health v v
Pharmacovigilance v v

3.1 Clinical Decision Support

By intelligently filtering or presenting patient-specific information at appropriate times,
clinical decision support such as tailored diagnostic decisions and risk prediction enhances
health and health care (Bright et al., 2012). In this regard, clinical decision support can improve
the quality of life of patients, reduce their medical expenses, and facilitate the development of
current clinical guidelines. Revolving around disease diagnosis and risk projection, literature
in clinical decision support discussed various types of diseases including cardio-metabolic,
cancer and diabetes, aiming at helping patients and medical professionals to slow the
progression of diseases, improve life adjusted years and support diagnostic decision-making
process.

To begin with, recognizing that health analytics can create healthcare value by displacing
the time at which patients make early interventions to improve healthcare outcomes and reduce
costs, (Thompson et al., 2020) proposed that healthcare value is created by strategic actions
taken at specific points-in-time during the treatment process. According to the study, the use
of low-intervention healthcare treatments earlier in the process results in a reduction in overall
healthcare costs, which highlights the importance of using IT and analytics in preventive
healthcare decisions. Additionally, (Fang et al., 2021) developed a novel prescriptive analytics
method to improve the cost effectiveness in clinical decision making (CDM). The method
considers two sets of costs associated with clinical decisions - before and after an investment -
as well as the probability of cost changes due to investment decisions. Existing methods do not

consider investment decisions in their cost evaluations.
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Medical imaging technology advancements are also opening up opportunities to make
more personalized clinical decisions (Tunc et al., 2022) and thus save unnecessary costs for
patients. (Tunc et al., 2022) utilized a large-scale finite-horizon Markov decision process (MDP)
model containing 4.6 million states to reduce overdiagnosis, providing radiologists with an
analytical framework to assist them in choosing imaging options. (Merdan et al., 2021)
developed predictive models to optimally weigh the benefits and harms of radiological imaging
in the detection of metastatic prostate cancer. The proposed methods have been empirically
implemented and predicted to reduce unnecessary imaging by more than 40% and limit the
number of patients with missed metastatic disease to less than 1%. Using risk-sensitive Markov
decision process (MDP), (Ayvaci et al., 2018) maximized the quality-adjusted survival
duration for a patient using risk-sensitive diagnostic decisions after a mammography exam.

Clinical practitioners could take preventive and customized interventions based on
accurate predictions of future adverse health events or diseases. Using electronic health records
(EHRs), (Nenova & Shang, 2022) proposed an intelligent case-based reasoning (iCBR)
approach to better predict kidney disease trajectory progression. Using this information,
physicians can make more accurate treatment decisions to prevent the deterioration of patients'
health and prolong their lives. Similarly by EHRs, building on multiple methods - partially
observable Markov decision process (POMDP), hidden Markov model (HMM), and predictive
risk modeling (PRM), (Kamalzadeh et al., 2021) proposed an approach for generating an
optimal diabetes screening policy tailored for each patient. They estimate that their policy
would add one quality-adjusted life year to every patient, whilst costing 35% less compared to
existing guidelines. To attain enhanced risk profiling, (Lin et al., 2017) proposed a principled
approach called Bayesian multitask learning (BMTL), enabling healthcare providers to achieve
multifaceted risk profiling and simultaneously model arbitrary number of events, resulting in

fewer failures and delays in preventive interventions. (Chen et al., 2021) presented a novel
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framework for predicting the outcome of treatment in early-stage breast cancer patients
undergoing radiotherapy and optimizing the treatment plan, so as to reduce relevant treatment

costs associated with recurrence of local tumors and radiation-induced negative effects.

3.2 Healthcare Administration

Administration plays an important role in improving patient care and controlling costs in the
healthcare industry. Healthcare providers and entities are being held accountable for greater
quality outcomes, fiscal responsibility, and efficient and effective practices. The function of
health administration, or the management of medical and health services, contributes
significantly to ensuring the efficiency and effectiveness of the management process and
further improving the overall performance of the health care system.

Overall, business studies in this topic mainly consists of supply chain management in
healthcare delivery, healthcare delivery optimization and wearable sensor-based algorithm
optimization. First, medical institutions are inevitably involved in supply chain management
from both patients’ requests and professionals’ prescriptions. Supply chain management
ensures availability of medicine/product at right time, minimizes inventory wastage and
maximizes patient care, thereby building greater agility and resilience into the healthcare value
chain (Arora & Gigras, 2018). Second, based on the fact of limited capacity and resources,
hospitals have to pay attention to the healthcare delivery optimization to improve the health of
populations and operational performance (Xie et al., 2023). Third, during the healthcare service
delivery process, effectiveness relies first and foremost on an accurate measure of possible
health hazard so that resources can be allocated to truly needy patients in a timely way (Wang,
2012), which accentuates the importance of algorithm optimization ubiquitously existing in

healthcare device applications.
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3.2.1 Supply Chain Management in Healthcare Delivery

Scholars have examined the value chain associated with organ donation. As an example, there
is still a significant gap between organ demand and supply, which results in significant
socioeconomic costs. To improve societal outcomes, (Arora & Subramanian, 2019) examine
the operational decisions of two key supply-side entities involved in cadaver organ donation
value chains - the organ procurement organization (OPO) and the hospital where potential
donors arrive. According to their analysis, the social planner, the OPO, and the hospital may
be operating with misaligned objectives. They therefore recommended contracts that would
enable the ODVC to achieve socially optimal quality-adjusted life-year (QALY) performance
while ensuring that neither the OPO nor the hospital would be worse off. Furthermore,
significant geographical disparities in the allocation of organs hindered access to transplant
across different geographical areas and prolonged the waiting period for transplants. To
ameliorate this inequity, (Ata et al., 2017) have introduced a concept that aims to provide
affordable jet services (OrganJet) to patients waiting for a transplant, allowing them to list in
multiple different donation service areas (DSASs) of their choosing. It has been demonstrated
that under multiple listing, the supply of deceased donor organs increases, resulting in more
transplants and a saving of lives. Multiple listing also improves geographic equity. Additionally,
humanitarian organizations often rely on donations to fund their operations; therefore, the
timing and predictability of donor funding can have a significant impact on their performance
and their ability to deliver services. In the study conducted by Natarajan and Swaminathan
(2017), inventory procured using donor funding was allocated to patients in different states of
health over a finite horizon with the objective of minimizing the number of disease-adjusted
life years lost. Their analysis indicates that receiving additional funding is beneficial for short

planning horizons even if it is delayed, however, for medium to long planning horizons, it may
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be more beneficial to receive less total funding in a timely fashion than to receive more total
funding delayed.

Healthcare supply chain management also focuses on vaccination allocation. VVaccination
is a very effective measure to combat an outbreak of an infectious disease, but it is often
plagued by delayed deliveries and limited stockpiles. As a means of maximizing the
effectiveness of these limited doses of vaccine, health agencies may cooperate and share their
doses. (Westerink-Duijzer, Schlicher, & Musegaas, 2020) demonstrate that cooperation will be
most viable in cases of severe shortages as well as sufficient supply, with possible mismatches
between supply and demand. When that occurs, the exchange of doses of vaccine for a market

price usually results in a core allocation of the total return.

3.2.2 Healthcare Delivery Optimization

Capacity planning and resource scheduling are common topics of discussion in business
schools. Queueing theory and stochastic simulations have been used widely to solve such
problems in extant literature. Patient satisfaction and health outcomes are often negatively
affected by bed shortages in hospitals (Xie et al., 2023). By managing beds effectively, there
will be a reduction in costs and an improvement in the quality of care for patients. The field of
scheduling optimization in hospitals has attracted numerous studies dealing with different types
of nuances. Specifically, these research themes include service capacity allocation, patient
appointment scheduling, inpatient care, bed allocation optimization, surgical scheduling, and
readmission management.

First, some research examined issues related to capacity allocation for inpatient care. For
example, (Shi et al., 2021) developed a workload prediction and decision support tool to
provide mission-critical, actionable information for individual hospitals. Their framework
forecasts time-varying patient workload and demand for critical resources by integrating

disease progression models, tailored to data availability during different stages of the pandemic.
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Technologies that enable “e-visits” - remote interactions between patients and physicians - are
touted as a way to improve and expand primary care. Therefore, (Bavafa et al., 2021) examined
how physicians could divert some of the patient demand away from office visits and into e-
visits, which utilize less of the physician's service capacity while maintaining quality care. They
showed that the impact of e-visits on system outcomes depends on factors such as e-visit
compensation scheme and patient panel characteristics. In fact, e-visits can lead to smaller
panel sizes and lower panel health. (Gunes et al., 2015) explored how the capacity of
colonoscopy services should be allocated for screening and diagnosis of colorectal cancer to
improve health outcomes. To minimize mortality, the capacity should be allocated in a manner
that ensures a reasonable waiting time for diagnosis.

A second focus of healthcare delivery optimization is the scheduling of patient
appointments. (Wang et al., 2020) identified the optimal appointment schedule under the
circumstances of potential walk-in patients. As far as is known, their approach represents the
first approach that can simultaneously handle general walk-in processes and heterogeneous,
time-dependent no-show behaviors. (Liu, 2016) studied the optimal choice for appointment
scheduling window under patient no-show behavior. They found that simply increasing
appointment window could be counterproductive when patients become more likely to show
up. Using an MDP model, (Yu et al., 2020) designed appointment scheduling policies based
on revenue per service per patient, staffing costs, overtime, overbooking and delay for
healthcare facilities with series of patients to determine appointment scheduling. To solve the
wait-preempt dilemma for scheduled appointments in outpatient clinics, (Samorani & Ganguly,
2016) determined the optimal time intervals when to preempt and those when to wait, and
concluded that in some instances providers should remain idle, even in the presence of waiting
patients. A software application was also provided that clinics can readily use to approach the

“early arrive or out of turn” appointment optimization. A dynamic assignment of advance
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appointments has been considered particularly challenging due to its high dimensionality. To
address this issue, (Truong, 2015) considered a canonical model of dynamic advance
scheduling with two patient classes: an urgent demand class that must be served on the same
day of arrival, and a regular demand class that can be treated at a later date. In general, patients
accept the earliest appointment offered and do not distinguish between different providers.
They develop an algorithm for computing an optimal policy that enables the policy to be
calculated precisely and efficiently.

Third, scholars utilized disease prediction models to study inpatient care topics including
inpatient length of stay (LOS) estimation, projection of inpatient adverse events (AE) and
inpatient flow management. For instance, (Kalgotra & Sharda, 2021) developed a novel model
to predict the expected hospital LOS at the time of admission by combining network science
and deep learning. The authors proposed a two-dimensional construct for latent comorbidities
that involves historical and probable comorbidities that are not presently manifest but might
develop during a hospital stay. (Lin & Fang, 2021) described the search, design, and evaluation
of a novel in-hospital AE prediction model, called Stochastic Autoregressions for Latent
Trajectories (SALT). Furthermore, through a simulation, they demonstrated that hospitals can
achieve significant cost savings by implementing and integrating SALT into their inpatient care.
(Dai & Shi, 2021) assessed recent advances in analytical and modeling methods for the
management of inpatient flow, with a focus on evaluating service time models based on
observations of inpatient discharges.

A handful of studies also expanded the inpatient care topics into nurse staffing and
physician evaluation. For example, (Green et al., 2013) found that nurse absenteeism rates are
consistent with nurses exhibiting an aversion to higher levels of anticipated workload, further
providing characterizations of the optimal staffing levels. To objectively evaluate physicians

across facilities, (Foster et al., 2018) leveraged big data from an emergency physician

19



management network and proposed data-driven index metrics system. Through implementing
the proposed evaluation system, administrators can better manage and incentivize physicians
and provide directions for performance improvement.

Fourth, bed allocation exerts vital impact on the ability of hospitals to achieve desirable
patient outcomes and maintain service quality. To address insufficiency of extant literature in
capturing the risk of bed shortages, (Xie et al., 2023) proposed the bed shortage index (BSI) to
capture more facets of bed shortage risk and utilize a series of optimization models to plan for
bed capacity. (Ouyang et al., 2020) used mathematical modeling and analysis to develop
insights into and policies for making bed allocation decisions in an intensive care unit (ICU)
of a hospital during periods when patient demand is high. (J. G. Xie et al., 2021) presented two
case studies in which simple analytical tools were used to demonstrate how significant
improvements in patient service and resource utilization can be achieved through simple
analytical tools, without increasing the overall level of existing capacities. A specific focus was
placed on two resource planning problems, one concerning the rebalancing of bed capacities
among different wards, while the other involves the allocation of medical diagnostic resources
among different patient groups.

Fifth, surgical scheduling has also been a hot topic, which can further affect healthcare
quality and patient satisfaction. For example, (Ko et al., 2019) analysed over one million
physician reviews across 17 medical specialties to examine the relationship between
operational efficiency and patient satisfaction. They found that operational inefficiency
negatively influences patient satisfaction. Aiming at balancing benefit against patient waiting
time and clinic overtime costs, (Wang et al., 2018) developed a coordinated pre-operative
scheduling approach between Anesthesiology and Internal Medicine to optimize patients’
medical conditions prior to surgery. Considering surgical scheduling with constrained patient

waiting times, (Zhou et al., 2021) proposed an algorithm that sorts surgical cases according to
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their surgical duration variability. (Bavafa et al., 2019) examined the allocation of daily
hospital service capacity for elective surgical procedures amidst arbitrary finite support
distributions. An innovative, multidimensional model of the inverse news vendor problem was
proposed, in which multiple types of demand compete for multiple types of service capacity,
aimed at addressing the allocation of two constraining hospital resources: operating room (OR)
and recovery bed capacity. To consider integrated scheduling decisions that simultaneously
consider capacity usage at all locations in a hospital, (Liu et al., 2019) has developed a Markov
decision process model for scheduling surgery patients on a daily basis, explicitly considering
the length of stay in the hospital following surgery and the number of inpatients. In addition,
under the context of performing robot-assisted surgery, (Mukherjee & Sinha, 2020) addressed
the twin objectives of a hospital performing robot-assisted surgery: maximizing clinical
outcome benefits and minimizing total costs of the procedure.

Finally, the management of readmissions is increasingly igniting authors' attraction.
Readmissions for the same primary diagnosis within 30 days are preventable and mitigating
them is an important aspect of providing high-quality healthcare. Toward this end, (Bardhan et
al., 2015) developed a novel predictive analytics model that helps identify patients with
congestive heart failure (CHF) who are at high risk of readmission. To predict frequent,
preventable readmissions and identify factors associated with readmissions, (Ben-Assuli &
Padman, 2020) examined how readmission risk may progress over multiple ED visits of
chronic disease patients. Results indicated that longitudinal risk stratification can enable early
identification of specific patient groups following distinct trajectories based on their
presentation for emergency care, which offers actionable opportunities for earlier identification
of high-risk patients. (Somanchi et al., 2022) propose a novel framework for healthcare
analytics that helps reduce costs while maintaining high predictive accuracy. It was used

specifically to predict whether patients would be admitted to an interior hospital unit or
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discharged from an ED. This method can reduce the time required to predict by more than two
thirds and to a significant extent reduce the need to use privacy-sensitive features while

maintaining high accuracy.

3.2.3 Wearable Sensor-Based Algorithm Optimization

The elderly faces many challenges in maintaining their independence, including a decline in
mobility or cognition and chronic physical health conditions. Such conditions may include
frailty, diabetes, Parkinson’s disease, dementia, stroke, falls, etc. (Yu et al., 2021). It has been
shown that timely assistance after the occurrence of falls can reduce the risk of hospitalization
by 26 percent and that of death by 80 percent (Scheffer et al., 2008). Such assistance not only
provides first aid for direct injuries but also alleviate long lie situations. There are, however, a
number of situations where such assistance is necessary, requiring caregivers who live with the
elderly to call emergency services and obtain help. It may not be feasible for many elderly
individuals who live alone. To address this need, wearable sensor-based information systems
(1S) have emerged as a low-cost and non-intrusive means by practitioners and researchers to
detect falls for the elderly (Scheffer et al., 2008). It is increasingly important for society to
ensure the health and safety of elderly individuals who live alone (Zhu et al., 2021).
Combining a number of machine learning models and current data analytics, business
scholars developed a few innovative deep learning algorithms to assist in mobility recognition,
particularly for elderly patients requiring home healthcare. Sensor-based home ADLSs
monitoring systems have emerged to monitor elderly people’s self-care ability remotely.
However, the unobtrusive, privacy-friendly object motion sensor-based systems face
challenges such as scarce labeled data and ADL performer confusion in a multi-resident setting,
thus leading to different levels of predictive inaccuracy. (Zhu et al., 2020) developed an
innovative deep transfer learning framework for human identification (DTL-HID) to address

both challenges, thereby improving the predictive accuracy even on a small amount of labeled
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data. Similarly, (Zhu et al., 2021) employed advanced deep learning algorithms to develop a
novel hierarchical, multiphase Activity of Daily Living (ADL) recognition framework to model
ADLs at different granularities. Their model is based on a novel 2D interaction kernel for
convolutional neural networks to leverage interactions between human and object motion
sensors, which can recognize ADLs at activity level, gesture level and interaction level more
accurately. Toward improving the explainability of deep learning models for fall detection, (Yu
etal., 2021) built a deep learning model (a Hierarchical Attention-based Convolutional Neural
Network (HACNN)) which enables explainable fall detection for chronic disease management
using wearable sensor data. Taking advantage of the patient monitoring capability of the smart
asthma management system (SAM) system, (Son et al., 2020) developed a data analytics
framework that detects abnormal inhaler usage that is out of the patient's normal behavior,

thereby providing patients with an accessible asthma self-management tool.

3.3 Privacy and Fraud Detection

The use of health information technology has increased accessibility to health and medical
data, which has had a beneficial effect on medical research and healthcare management (Li &
Qin, 2017). However, although EHRs are expected to improve healthcare quality through
improved efficiency and fewer errors (Bhargava & Mishra, 2014), there are rising concerns
about patient privacy in sharing medical and healthcare data (Garfinkel et al., 2007; Li & Qin,
2017). Specifically, breaches of patient information not only risk revealing patient data, but
also result in remediation costs, penalties, or reputational damage (Kim & Kwon, 2019). The
lack of assurance for the protection of private health information may also cause patients to
feel unsafe and unwilling to share their information, which may result in poor health outcomes.
Therefore, healthcare security plays a significant role in the quality of care and deserves

particular attention. Two papers discussed privacy and fraud detection.
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(Kim & Kwon, 2019) investigated how the adoption of electronic health records (EHRS)
and meaningful use initiatives affect the incidence of breaches of patient information. In
addition, they examined whether and how EHRs and MU initiatives may result in accidents or
malicious breaches of patient information. The study shows that implementing EHRs leads to
a 3.081 times higher risk of a breach of patient information. This heightened risk is mostly
driven by the occurrence of more accidental breaches. They also found that these risks
increased more among relatively larger hospitals. Overall, their findings show that breaches of
patient information may be rooted in the digitized data and processes enabled by technologies
such as EHRs and their usage. Despite recent evidence that the use of EHR systems has
improved the quality of healthcare, the protection of patient information must go hand in hand
with quality.

A large amount of medical and healthcare data is in free text form (i.e., unstructured data
characterized by social media posts, online reviews and medical records). Existing techniques
for privacy-preserving data sharing deal largely with structured data. The current privacy
approaches for medical text data focus on detecting and removing patient identifiers from the
data, which may not be sufficient to protect patient privacy or maintain the quality of the data.
To address this issue, (Li & Qin, 2017) proposed a new systematic approach to extract, cluster,
de-identify and anonymize medical text records, focusing on the analysis and design aspects of
privacy-preserving technology. The approach integrates methods developed in both data
privacy and health informatics fields. It consists of three major components: (i) information
extraction, in which Protected Health Information (PHI) and non-PHI attributes are extracted
from text documents in order to reveal patients' identities and their health and medical
information; (ii) document clustering, which utilizes a recursive binary partitioning method to
cluster patient documents based on their similarity to healthcare and medical concepts; and (iii)

de-identification and anonymization, through the use of a novel cluster-level value enumeration
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method in order to remove explicit individual identifiers and to anonymize potentially

identifying attributes.

3.4 Public Health

Public health analytics may have a rosy future as heterogeneous data sources are becoming
increasingly accessible from the public health workforce (Kasthurirathne et al., 2020).
Nevertheless, it is not an easy task to navigate the complex, computer science-heavy analytics
domain and translate these concepts for application to public health. Due to the availability of
data from social media and public institutions, we are able to better understand the population's

views and predict trends in disease outbreaks or analyze the effects of specific health policies.

3.4.1 Disease Outbreak Prediction

Social media data present enormous opportunities for utilizing ground data effectively (Gour
et al., 2022). It contains rich content in the form of people’s reactions, calls for help, and
feedback. The government and administrative institutions can therefore use this data to launch
rapid and speedy remedial actions. During disasters or disease outbreaks, the quality of
preparedness and timely response largely depend on the information updates received by health
support systems in real time (Davidson et al., 2018). This data are valuable to supply-side
stakeholders (such as policy makers and humanitarian organizations) for optimizing resources
and relief packages proactively. Social media and disease outbreaks have been investigated in
more detail based on different publicly available information.

Using data from tweets and the case example of the COVID-19 outbreak, (Gour et al.,
2022) investigated the relationship between activity on social media and the severity of the
outbreak and developed a model for segregating tweets. These findings indicate that social
media activity reflects the outbreak situation on the ground. In particular, negative tweets

posted by individuals during a crisis outbreak are associated with the intensity of the disease
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outbreak. It has also been observed that disease outbreaks are positively associated with
increased information sharing through retweets. On the basis of this insight, they proposed a
model that identifies four key categories of tweets: irrelevant posts, emotional outbursts,

distress alarms, and relief measures.

3.4.2 Health Policy Analysis

Healthcare is undergoing a fundamental change fueled by regulatory shifts that place a
premium on value over volume, and unprecedented technological advancements (Agarwal et
al., 2020). With these technological advances, the existing healthcare system faces both
opportunities and challenges. Scholars in this topic try to examine the effects of IT-enabled
policy, national implemented policy, subsidy schemes and competition mechanisms.

For the investigation of IT-enabled policy, (Saghafian & Hopp, 2020) investigated the
effect of quality transparency on patient choices, hospital investments, and societal outcomes
to examine the soundness of public reporting. (e.g., patients’ social welfare and inequality),
and the healthcare market structure (e.g., medical or geographical specialization). Results
indicate that policies that provide financial incentives to hospitals are generally more effective
than policies that provide financial incentives to patients. Besides, (Rajan et al., 2013) analyze
the impact of introducing telemedicine on the market share of the specialty hospital deploying
this technology and on the competing hospitals in the region. It explains why patients living
far from a specialty hospital may not prefer telemedicine care. Furthermore, (Rajan et al., 2019)
analyzed the impact of telemedicine technology on patient utility and the specialists’ operating
decisions. With the introduction of telemedicine, the specialists become more productive and
overall social welfare increases, even though some patients become worse off unexpectedly.
Also, (Lu et al., 2018) study the effect of 1T-enabled automation on staffing decisions in

healthcare facilities. After the adoption of automation technology, the licensed nurse staffing
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level decreases by 5.8% in high-end nursing homes but increases by 7.6% in low-end nursing
homes.

Some studies also explore the effects of national implemented policy. (Aswani et al.,
2019) propose a predictive analytics approach to redesign the MSSP (Medicare Shared Savings
Program) contract with the goal of better aligning incentives and improving financial outcomes.
It was estimated that introducing performance-based subsidies can boost Medicare savings by
up to 40% without compromising provider participation in the MSSP. Moreover, (Gupta et al.,
2021) analyzes the gainsharing contracts for the CMS’ (Centers for Medicare and Medicaid
Services) Episode-Based Payment Models. They show that SLSG (stop-loss and stop-gain)
constraints matter more to hospitals with higher historical average billing and higher risk
aversion. Furthermore, (Chehrazi, Cipriano, & Enns, 2019) seek to determine under what
conditions a last available drug for an infectious disease should be reserved for future use.
According to these analyses, the optimal treatment policy is identified based on the rate of
transmission of the disease and the level of resistance.

To check the influence of subsidy schemes, (Qian et al., 2017) analyzes subsidy schemes
that are widely used in reducing waiting times for public healthcare service. They demonstrate
that, if all patients are equally sensitive to delay, a scheme with a smaller subsidy performs
better than one with a larger subsidy in terms of total patient cost and serviceability. In addition,
public health agencies may design and implement interventions to control public health issues
using healthfulness messaging and policy changes such as taxation and restrictions on
advertising. To investigate the intervention effectiveness, (Sajeesh et al., 2022) examined how
these controlling measures in the marketplace dynamics may shift consumer trends and
challenge food producers in the industry. Furthermore, (Gupta et al., 2020) proposed a robust
optimization model for optimizing intervention effectiveness for targeted subpopulations by

utilizing published studies' findings.
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Competition mechanisms is another concern among researchers. For example,
(Montanera et al., 2021) examine three mechanisms to show that traditional risk adjustment
mechanism cannot be used to eliminate risk selection optimally, whereas the bidding
mechanisms eliminate it entirely. Mixed bidding eliminates risk selection at a strictly lower
cost than pure bidding. Through analyzing the intersection between healthcare industry and
nonprofit sector, (Moon & Shugan, 2020) demonstrate how non-profit hospitals can benefit

from marketing strategies that can increase their output, prices, and profits.

3.5 Pharmacovigilance

Valid medical programs are beneficial to improve the health of patients and reduce associated
costs from avoidable complications. Therefore, medical practitioners are interested in specific
pharmacy care measures in formulating effective strategies to improve interventions and
remedy economic ramifications in disease management (Xie et al., 2022). Using a lot of
machine learning and optimization algorithms, pharmacovigilance topics mainly reside in
recognizing treatment hurdles and developing medical interventions.

Some authors make use of social media to identify the main barriers during the medical
treatment process. Based on reviews data, (Xie et al., 2022) develop a sentiment-enriched deep
learning method (SEDEL) to identify nine categories of medication nonadherence (MNA)
reasons. The SEDEL is evaluated using 53,180 reviews concerning 180 drugs and achieved a
precision of 89.25%, a recall of 88.48%, and an F1 score of 88.86%. Due to social stigma
around opioids, (J. H. Xie et al., 2021) design a novel IT system to identify thirteen types of
opioid use disorder (OUD) treatment barriers from patient narratives in drug forums and
address the challenge of morphs. They have developed an automated model that allows them
to collect social media data and identify emerging treatment barriers to assist physicians with

their decision making.
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In addition, studies are being conducted to develop models to facilitate the delivery of
medical therapy. Considering patient heterogeneity in disease progression, (Skandari &
Shechter, 2021) develop a model that accumulates patient health information over time and
updates a patient's treatment plan according to that information. They develop a data-driven
decision-analytic model to obtain the optimal timing of vascular access surgery for patients
with progressive chronic kidney disease. (Zargoush et al., 2018) use the MDP framework to
develop a model to maximize expected quality-adjusted life years for hypertensive patients.
The model characterizes the optimal sequence and combination of antihypertensive
medications. They show that optimal treatment policies actually exhibit a threshold structure.
(Bertsimas et al., 2016) develop models to predict the outcomes of clinical trials testing
combination chemotherapy regimens before they are run. The models may be used to select
combination chemotherapy regimens for testing in phase Il and phase 11 clinical trials with the
primary objective of improving the quality of regimens tested in phase Il trials in comparison

to current practice.

4. HEALTHANALYTICS DATASETS

Health analytics uses current and historical data to gain insights, both macro and micro, and to
guide decisions at the level of the patient, professional, organization, and government.
Therefore, available datasets are essential for researchers to find trends, draw conclusions and
identify the potential for further improvement. As mentioned earlier, our goal is to outline the
available datasets and prevalent analytical methods for business scholars interested in exploring
health analytics in their academic works, thereby making these datasets more readily available
to researchers interested in further analysis. Additionally, a summary of possible datasets may
serve as an effective way of indexing that can save time when searching for those particular
data sources. Additionally, an overview of these datasets can serve as a means for scholars to

integrate multiple sources of data in the preparation of future papers. By utilizing innovative
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ideas or insight from different datasets, researchers can distinguish those research fields that
are unexplored due to the lack of pertinent datasets.

We hereby summarize the available datasets introduced in our reviewed articles. There
are a few different datasets available for various research purposes. We hence list all the
datasets clustered by application (sub)topics, followed by the dataset name, application,

reference to visit them and a brief introduction. A summary table is shown in Table 3.

Table 3: Health Analytics Datasets

Application (Sub)Topics/ Dataset
Name/Application/ Reference

Description

Wearable sensor
MobiFall/MobiAct

Fall detection research (Yu et al.,
2021)

https://bmi.hmu.gr/the-mobifall-and-
mobiact-datasets-2/

MobiFall contains 288 fall instances that cover forward,
backward, and lateral falls, and 297 non-fall instances
(standing, walking, jogging, etc.) collected in lab
experiments. Each instance was sampled at 200 Hz and
lasted for 10 seconds.

MobiAct includes data from a smartphone when
participants are performing different types of activities
and a range of falls. It includes 4 different types of falls,
12 different ADLs and a scenario of daily living from a
total of 66 subjects with more than 3200 trials, all captured
by a smartphone.

Wearable sensor

UMAFall

Fall detection research (Yu et al.,
2021)

https://figshare.com/articles/dataset/U
MA ADL FALL Dataset zip/421428
3

UMAFall was generated by a group of 19 experimental
subjects. It contains 208 fall instances that cover forward,
backward, and lateral falls, and 538 non-fall instances.
Each instance was sampled at 200 Hz and lasted for 15
seconds.

Wearable sensor

Opportunity

Human activity recognition (Zhu et al.,
2021)

https://archive.ics.uci.edu/ml/datasets/
opportunity+activity+recognition#

Opportunity is a publicly available morning activity
dataset containing labels for complex activities (e.g.,
cleaning, making a sandwich). It is devised to benchmark
human activity recognition algorithms (classification,
automatic data segmentation, sensor fusion, feature
extraction, etc). It contains 2551 instances with 242
attributes in total.

Wearable sensor

HANDY

Human activity recognition (Zhu et al.,
2020)

https://www.kaggle.com/datasets/cagat
aybrk/handy-a-benchmark-dataset-for-
contextawareness

HANDY is a wrist-worn motion sensor (accelerometer,
gyroscope, and magnetometer) dataset that contains hand-
related activities performed in a controlled lab
environment. It was generated by 30 participants from 10
activities in total. It can serve as a benchmark dataset for
context-awareness via wrist-worn motion sensors.

Clinical decision support

A life table is a concise way of showing the probabilities
of a member of a particular population living to or dying
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https://www.kaggle.com/datasets/cagataybrk/handy-a-benchmark-dataset-for-contextawareness

United States life tables

Age specific mortality (Tunc et al.,
2022)

https://www.cdc.gov/nchs/products/lif
e tables.htm#life

at a particular age. United States life tables are reported
by the Centers for Disease Control and Prevention (CDC).
It presents complete period life tables for each of the 50
states and the District of Columbia (D.C.) by sex based on
age-specific death rates.

Clinical decision support
SEER

Age-specific probabilities of death
(Tunc et al., 2022)

https://seer.cancer.qov/

SEER is an authoritative source for cancer statistics in the
United States. The Surveillance, Epidemiology, and End
Results (SEER) Program provides information on cancer
statistics in an effort to reduce the cancer burden among
the U.S. population. It includes the incidence and
population data associated by age, sex, race, year of
diagnosis, and geographic areas.

Clinical decision support
EORTC trial 22881-10882 &
EBCTCG

Personalized radiotherapy plans (Chen
etal., 2021)
https://www.eortc.org/research field/c
linical-detail/22881/,
https://www.ndph.ox.ac.uk/data-access

The EORTC dataset consists of 1,616 patients who were
randomly assigned to radiotherapy with a total dose of
either 50 Gy (801 patients) or 66 Gy (815 patients), and
the EBCTCG dataset consists of 10,801 patients from 17
trials where patients were randomly assigned to receive a
radiotherapy with a total dose of 50 Gy or no radiotherapy
(0 Gy). Although both clinical trial datasets have recorded
patient outcomes (TCP), only the EORTC dataset
includes patients’ clinical information, such as tumor size,
tumor grade, and surgical margins.

Clinical decision support

i2b2

Medical text records anonymization
(Li & Qin, 2017)
https://www.i2b2.org/NLP/DataSets/

The i2b2 project has collected multiple sets of clinical
documents from different healthcare organizations and
made them available for research. The elements of
information contained in these text data sets include
patient name, admission and discharge date, age, gender,
hospital, symptoms, test results, diagnosis, disease,
medications, and so on.

Clinical decision support
UWBCS (Wisconsin)

Diagnostic decision-making support
(Tunc et al., 2022)

https://resources.cisnet.cancer.gov/regi

The University of Wisconsin Breast Cancer Simulation
(UWBCS) model simulates breast cancer in a population
over time, generating cancer registry-like data sets. By
manipulating parametric input assumptions about natural
history, screening, and treatment, the model can be used
to address a number of important policy questions related

stry/packages/uwbcs- to breast cancer screening and treatment.
wisconsin/#tbasics
Public health This dataset provides current as well as historic data for

Area Health Resources Files

Hospital-focused
predictive/prescriptive analytics (Shi
etal., 2021)

https://data.hrsa.gov/data/download

more than 6,000 variables for each of the nation’s
counties, as well as state and national data. It contains
information on health facilities, health professions,
measures of resource scarcity, health status, economic
activity, health training programs, and socioeconomic and
environmental characteristics.

Public health
WebMD

Medication nonadherence (Xie et al.,
2022)

A leading health IT platform, WebMD, which features
drug reviews and medication-taking experiences from
large numbers of patients. To protect user privacy,
WebMD does not require a username, email, or any
personally identifiable information when users submit
reviews, and each review is considered independent.
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https://data.hrsa.gov/data/download

https://www.webmd.com/drugs/drugre
view-64439-abilify-
oral?drugid=64439&drugname=abilify

Public health
HEDIS

Health policy analysis (Montanera et
al., 2021)

https://www.cms.gov/Medicare/Health

-Plans/SpecialNeedsPlans/SNP-
HEDIS#:~:text=HEDI1S5%20is%20a%2

Ocomprehensive%20set,smoking%2C
%?20asthma%2C%20and%20diabetes

HEDIS is a comprehensive set of standardized
performance measures designed to provide purchasers
and consumers with the information they need for reliable
comparison of health plan performance. @ HEDIS
Measures relate to many significant public health issues,
such as cancer, heart disease, smoking, asthma, and
diabetes.

Healthcare administration
OSCAR
Health policy analysis (Lu et al., 2018)

https://www.longtermcareinfo.com/ab
out/contact-us.php

The Online Survey Certification and Reporting (OSCAR)
is a network of statistics collected by the Centers for
Medicare and Medicaid Services (CMS) from the state
surveyors using data collected from nursing facilities at
the time of the annual survey. The database includes
various characteristics (e.g., beds, payer types, resident
health status, staffing information).

Healthcare administration
HIMSS
Health policy analysis (Lu et al., 2018)

https://foundation.himss.org/Dorenfest
[About

The HIMSS data provide detailed information on
information technology applications adopted by many
health facilities, including nursing homes.

DISCUSSION AND FUTURE RESEARCH

5.1 Managerial Challenges and Future Research

The business topics reported in this paper have signified managerial challenges for research at
the intersection of business and healthcare. First, personalized clinical decision support
presents unique managerial challenges for health analytics in business research. To ensure
individualized and accurate treatment recommendations, decision support algorithms must
effectively integrate patient-specific data, such as genetic and lifestyle information. Developing
a personalized healthcare process or medical treatment for specific individuals is crucial for
stakeholders involved in the healthcare industry. Nevertheless, the course of a medical
condition may differ from patient to patient over time. Therefore, practitioners should use
analytics to provide personalized interventions only after accumulating sufficient data from the

specific target population (Son et al., 2020). Second, it is also a big challenge to protect
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sensitive patient information while also detecting and preventing fraudulent activities. This
requires robust data security measures, including encryption and access controls, as well as
effective monitoring and reporting systems. It is found that type of the requesting stakeholder
and how the information will be used are two important factors that affect the privacy concern
of an individual while providing access to one’s health information (Anderson & Agarwal,
2011). Therefore, it is essential for healthcare stakeholders to make the usage process more
transparent in making use of one’s health data. Third, there is still a lack of business research
focusing on mental health. Depression, anxiety, and stress are mental health conditions that
may adversely affect an individual's ability to function in daily life and may lead to long-term
health problems if left untreated. The stigma associated with mental health, privacy concerns,
as well as under-funded and under-resourced issues may make it difficult to effectively address
mental health concerns and improve mental health outcomes. Fourth, with uninterruptedly
accumulated large volume of health data from various sources including EMRs and
administrative systems, the effective management, analysis and integration of such large
amounts of data become a challenge because of its enormity and complexity (Thompson et al.,
2020). Unfortunately, current health datasets are usually independent and isolated, which to a
large extent, prohibits business scholars to develop possible healthcare research topics that may
require collection and connection among multiple pertinent datasets. Furthermore, health
analytics methods and algorithms are always being innovated. Despite the fact that a few
authors developed diversified models to address specific healthcare issues based on up-to-date
machine learning algorithms, the majority of these studies involve more or less integrating
these applications into use rather than disruptively creating them from the bottom up. Besides,
current machine learning algorithms are long condemned by lack of explainability (Yu et al.,

2021), which would pose a challenge for researchers.
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A few promising research directions exist for business scholars who are interested in
theoretical innovation in health analytics. First, it is urgent to provide more personalized and
customized healthcare programs. Due to the lack of available data, current research tends to
focus on a single disease to provide specific medical treatment or clinical decision support,
rather than considering multiple diseases and multiple risk factors. It is not uncommon for
patients to have two or more diseases. Future research can focus on multi-disease cases and
design targeted methods to address personalized healthcare issues. Second, studies on privacy
detection and protection are still insufficient. Future research can examine how hospitals can
improve their management of electronic health records and security of patient information
(Kim & Kwon, 2019). By managing information security countermeasures and protecting
patient confidentiality, a hospital can gain a greater level of trust from their patients. Third,
this area also provides the opportunity to apply different datasets to address existing problems
and produce innovative insights. In the case of drug reviews mining, although the majority of
the reviews appear to be genuine, there may be false informants and individual biases, thereby
influencing the distribution of drug-related reasons (Xie et al., 2022). The analysis could,
therefore, be extended to other drug platforms in the future as a means of reducing the potential

impact of biases and false information.

5.2 Practical Challenges and Future Research

In business research, health analytics is becoming increasingly important, with researchers
seeking to leverage data to improve health outcomes and reduce costs. However, there are
several practical challenges that must be overcome to ensure the success of these initiatives.
As a first challenge, it is important to integrate and analyze large amounts of diverse and
disease-specific data to be able to provide accurate diagnoses and risk assessment in more
complex health scenarios. Comprehensive patient-centered care is always bound with many

different diseases issues due to the complex and interconnected nature of individuals' health
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conditions. Although current research has, to a certain extent, bolster clinical decision support
by touching on several restricted diseases such as cancer and diabetes, it does not go far enough.
Also, it is essential to ensure that the data is accurate, complete, and updated, as well as to have
the appropriate sources of data. Second, a more cost-effective business model that can
ultimately lower the price of wearable devices should be proposed. Despite revolving round
the available data from wearable devices, authors have put forward many new insights on
algorithm update and activity detection (Son et al., 2020; Yu et al., 2021; Zhu et al., 2021).
Such wearable gadgets, however, are often prohibitively expensive for most people. Wearable-
based healthcare may only be regarded as laboratory equipment if few individuals use it as
opposed to delivering more practical value. Therefore, pulling down the price of wearable
devices is the key to convert theory into practice. Third, there is a lack of privacy and fraud
detection methods. Considering that health information is highly sensitive and private, it is
imperative to ensure its protection. The security of health data is still vulnerable to breaches,
despite efforts by various stakeholders to prevent identity theft, financial fraud, and other
malicious activities. Further, the healthcare sector is often targeted by fraudsters who exploit
weaknesses in the system to make false claims and steal money. Fourth, there is a dearth of
analytical decision support for patients with mental disorders. Currently, studies are paying
more attention to people's physical health but neglecting their mental health. As defined by the
World Health Organization, health encompasses both physical and psychological aspects.
Owing to the difficulty of access to mental health data, extant research has rarely explored the
analytical decision support for mental health. Future research could ponder more on offering
individuals mental health support. Finally, while many researchers have proposed various
algorithms for machine learning based on specific application scenarios, implementing these
algorithms in practice remains a difficult challenge. We are aware that these models are always

dependent on certain mathematical assumptions, such as arrival time distribution and service
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time distribution. However, in reality, the progression of events is not always conforming to
these assumptions and thus will not develop as expected as original. In the event that one of
the preconditions of these models has changed, they will no longer be sensitively applicable to
other scenarios anymore. In light of this, how scholars can generalize these models and
methods is one of the biggest challenges they may face.

There are also some promising research directions for business scholars focusing on
practical innovation in health analytics. First, it is recommended that different datasets be used
in order to substantiate the effects of the currently proposed methods and possibly to propose
new ones. By leveraging other dimensions of social media data, such as audio clips, images,
and videos, one is able to predict disease outbreaks (Gour et al., 2022). Additionally, because
not all patients share their opinions on social media sites, combining the social media and
survey approaches may allow a more comprehensive understanding of online reviews (Xie et
al., 2022). Second, the majority of research work involving wearable devices in the healthcare
domain has focused on their application and algorithmic development. One potential research
avenue is to conduct empirical studies to quantify the benefits patients obtain from the
deployment of wearables. Third, optimizing treatment plans for mental illness and examining
their effects may be another important direction for future research. To accomplish this,
scholars should utilize the latest technology in mental indicator detection to create new

datasets, which in turn can help in promoting the algorithm and application during research.

6. CONCLUSION

Here, we synthesize and organize peer-reviewed literature published in high-quality business
journals, establishing a roadmap for how health analytics can be applied across a wide variety
of business topics. We strive to contribute to the current business research on health analytics
on three fronts. First, we illustrate how health-related data can be harnessed for business

research across multiple topics, concentrating specifically on what types of data are currently
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analyzed, which research models are utilized and how these data and models can be integrated
to solve ongoing business problems. Second, we outline the datasets that are available to
business scholars who wish to explore health analytics in their works. Finally, we seek to
elaborate on the challenges faced by scholars in applying health analytics on a managerial and
technological scale, and thus provide an opportunity for further innovation concerning how
health analytics can be utilized ingeniously to advance better healthcare from a business

research perspective.
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