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INTRODUCTION

Digitization, which has had a significant influence on the healthcare industry, is motivated by the pros-
pect of optimizing performance, reducing costs, and improving the quality of patient care and healthcare 
(Lee et al., 2017). This digital process has transformed how patients and physicians engage with medical 
services. Although healthcare has been slow to accept technology, it is now embracing digital transfor-
mation. The use of information technology (IT) in the healthcare industry has transformed interactions 
between physicians and patients, giving way to the implementation and usage of clinical decision sup-
port systems (CDSS).

CDSS are examples of the transformative healthcare evolution because they analyze data and assist 
physicians in making timely patient-related decisions (Agency for Healthcare Research and Quality, 
2013)1. Healthcare professionals also utilize these systems to enhance treatment by increasing patient 
safety, eliminating needless testing, and reducing costs. For example, medical errors can decrease through 
enhanced healthcare, safety, and efficiency. Clinicians use these systems in the preparation of diagnoses 
and subsequent evaluations and outcomes (Osheroff et al., 2012). Although CDSS have the potential to 
improve healthcare delivery, it has been a challenge to fully realize their potential (Linder et al., 2006).

Clinical decision making uses descriptive, predictive, and prescriptive analytics. Descriptive analyt-
ics analyzes and presents past data regarding patients and treatment (Gensinger, Jr., 2014). This type 
of analytic utilizes visualization, alerts, and reports to describe patient activities (Gensinger, Jr., 2014). 
Predictive analytics uses historical data to make predictions by performing an analysis with rule-based or 
artificial intelligence (AI) techniques like machine learning and deep learning (Bartley, 2017; Gensinger, 
Jr., 2014). Medical professionals can identify trends and patterns in treatment plans or uncover chronic 
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diseases in patients based on age, location, and ethnicity. Prescriptive analytics recommends actions that 
can produce the best outcome. This allows healthcare professionals to develop optimal clinical pathways 
for patient care (Bartley, 2017; Gensinger, Jr., 2014)

A recent Stanford study on the future of AI’s impact on society suggests that AI-enabled systems 
will change the future by replacing tasks rather than eliminating jobs (Grosz & Stone, 2018). In fact, AI 
technologies and data analytics are transforming the way organizations operate. Tech giants like Google, 
Microsoft, and Amazon are investing heavily in data collection (Newman, 2020). Organizations are focus-
ing on feeding large datasets into data analytic models to produce predictive and prescriptive information 
to obtain meaningful projections. This application in the healthcare field facilitates in the reduction of 
operating costs, improves treatment outcomes, increases access to patients and clinician resources, and 
optimizes healthcare provider satisfaction (Bartley, 2017). Using predictive and prescriptive analytics in 
healthcare can improve forecasting, real-time insights, and automated decision making (Bartley, 2017). 
In turn, physicians and clinicians will experience enhancements in their daily tasks.

Time and external constraints affect clinician and physician decision-making processes (Lynn, 2019; 
Schwartz & Cato, 2020; Tonekaboni, Joshi, McCradden, & Goldenberg, 2019). Innovative products and 
accessibility to evidence-based information gives physicians opportunities to identify the most effective 
options for patients (Moja et al., 2019). The healthcare industry uses diverse methods to collect data about 
patients (e.g., physical traits, medical history), professional disciplines (e.g., doctors, nurses, administra-
tors, insurers), and treatment options, healthcare delivery processes, and interests of stakeholder groups 
(Fichman & Kemerer, 1997; Noteboom & Qureshi, 2014). This may prove challenging for the design 
and implementation of systems. Therefore, contextualizing healthcare systems is key to understanding 
the integration of information systems (IS) into healthcare organizations (Noteboom & Qureshi, 2014).

A theory is a statement of relations among concepts within a set of boundary assumptions and con-
straints (Bacharach, 1989; Bhattacherjee, 2012). Theories provide guidance on the analysis, explanation, 
and prediction of phenomena, as well as design and action guidelines (Bhattacherjee, 2012; Gregor, 2006; 
Lim, Saldanha, Malladi, & Melville, 2013). IS theories enable users to identify factors that inñuence 
intention toward a particular behavior; therefore, they are important to consider in relation to technology 
adoption and acceptance (Ajzen, 1985; Fishbein & Ajzen, 1975).

Reach, Efficacy, Adoption, Implementation, and Maintenance (RE-AIM) and the Consolidated 
Framework for Implementation Research (CFIR) are two practitioner-developed frameworks based on 
theory (Damschroder et al., 2009; Glasgow, Vogt, & Boles, 1999). These systems have the potential to 
positively impact quality of care and reduce costs. Still, there is a key challenge related to CDSS adop-
tion, implementation, resistance, and acceptance from physicians and clinicians who use the systems 
to offer high-quality patient care. The users of the system often work with better visualizations, new 
recommendations, and more accurate predicted information. Although new system features could support 
the workflow of physicians and clinicians, it can be difficult to incorporate these features into the fabric 
of healthcare. This challenge opens the door for an investigation into the following research questions:

1.  To what extent is data-driven decision making applied in CDSS?
2.  What prevalent theories are used in data driven CDSS research?
3.  What major system attributes contribute to the theoretical frameworks?

From a theoretical perspective, this study investigates the theories used to inform design and provides 
a glimpse into the current state of CDSS theory-informed design. The information enables researchers 
to study CDSS adoption, implementation, acceptance, and resistance more effectively by reframing the 
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