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Abstract
Background: Clinical decision support systems (CDSS) have the potential to play a crucial role in enhancing health care
quality by providing evidence-based information to clinicians at the point of care. Despite their increasing popularity, there is a
lack of comprehensive research exploring their design characterization and trends. This limits our understanding and ability to
optimize their functionality, usability, and adoption in health care settings.
Objective: This systematic review examined the design characteristics of CDSS from a user-centered perspective, focusing
on user-centered design (UCD), user experience (UX), and usability, to identify related design challenges and provide insights
into the implications for future design of CDSS.
Methods: This review followed the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
recommendations and used a grounded theory analytical approach to guide the conduct, data analysis, and synthesis. A search
of 4 major electronic databases (PubMed, Web of Science, Scopus, and IEEE Xplore) was conducted for papers published
between 2013 and 2023, using predefined design-focused keywords (design, UX, implementation, evaluation, usability, and
architecture). Papers were included if they focused on a designed CDSS for a health condition and discussed the design
and UX aspects (eg, design approach, architecture, or integration). Papers were excluded if they solely covered technical
implementation or architecture (eg, machine learning methods) or were editorials, reviews, books, conference abstracts, or
study protocols.
Results: Out of 1905 initially identified papers, 40 passed screening and eligibility checks for a full review and analysis.
Analysis of the studies revealed that UCD is the most widely adopted approach for designing CDSS, with all design processes
incorporating functional or usability evaluation mechanisms. The CDSS reported were mainly clinician-facing and mostly
stand-alone systems, with their design lacking consideration for integration with existing clinical information systems and
workflows. Through a UCD lens, four key categories of challenges relevant to CDSS design were identified: (1) usability and
UX, (2) validity and reliability, (3) data quality and assurance, and (4) design and integration complexities. Notably, a subset
of studies incorporating Explainable artificial intelligence highlighted its emerging role in addressing key challenges related
to validity and reliability by fostering explainability, transparency, and trust in CDSS recommendations, while also supporting
collaborative validation with users.
Conclusions: While CDSS show promise in enhancing health care delivery, identified challenges have implications for their
future design, efficacy, and utilization. Adopting pragmatic UCD design approaches that actively involve users is essential for
enhancing usability and addressing identified UX challenges. Integrating with clinical systems is crucial for interoperability
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and presents opportunities for AI-enabled CDSS that rely on large patient data. Incorporating emerging technologies such as
Explainable Artificial Intelligence can boost trust and acceptance. Enabling functionality for CDSS to support both clinicians
and patients can create opportunities for effective use in virtual care.
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Introduction
Clinical decision support systems (CDSS) encompass both
computerized and noncomputerized tools designed to improve
and support health care delivery [1]. Computerized CDSS
include sophisticated digital applications, programs, and
software, while noncomputerized CDSS consist of simpler
tools such as paper-based clinical support guidelines and
decision aids [2]. Recently, computerized CDSS have gained
significant attention due to the rapid expansion of digital
technology, making them the primary focus of this review.

CDSS play a critical role in enhancing health care quality
by providing reliable, accurate, and cost-efficient support for
various clinical processes. Studies show that CDSS improve
clinician performance [3-5], assist with medical condition
management [2,6], and enhance screening procedures [7,
8]. Their widespread adoption has contributed to improved
patient-clinician interactions, reduced medical errors, and
increased adherence to clinical guidelines [9,10].

While CDSS have demonstrated substantial impacts on
health care processes, their effectiveness and overall success
are intrinsically linked to their design. The way a technology
is designed impacts user engagement, interaction modali-
ties, and its ability to meet specific user needs [11,12].
These factors, in turn, shape user experience (UX), adoption
rates, and perceived usefulness [13,14]. Therefore, addressing
design challenges is critical to maximizing the benefits of
CDSS in health care settings.

Given the complexity of health care environments and the
diverse skill sets and requirements of various user groups
therein, thoughtful CDSS design is essential. To achieve this,
adoption of user-centered design (UCD) methodologies [15,
16], which emphasize active user engagement to understand
and address their unique needs throughout the design, testing,
and integration phases, offers significant advantages. Through
embracing such approaches, developers can create systems
that function effectively and seamlessly align with user
needs and expectations [17]. Thus, this review explores the
design characterization of CDSS from a user-centered design
perspective.

Prior review studies have explored various aspects of
CDSS, including their benefits, effectiveness, adoption, and
associated challenges. Research has highlighted their benefits
in improving primary health care and enhancing physician
performance [18-20]. Additionally, studies have examined
the factors affecting CDSS adoption, identifying challenges

such as privacy concerns [21], integration issues [22], and
quality-in-use limitations [23].

Other studies have discussed risks and challenges,
including interoperability and transportability issues [2].
In relation to the usability evaluation of CDSS, studies
have revealed inconsistencies due to a lack of standardized
assessment processes [24], leading researchers to propose
diverse evaluation methods [25,26]. Furthermore, reviews
focusing on human factors have identified challenges and
barriers such as user fatigue, which can significantly impact
usability and long-term adoption [27,28].

As health care systems increasingly adopt interoperabil-
ity standards, which ensure that different digital systems
can communicate, exchange, and use data effectively, the
integration of CDSS with these advancements has become a
critical area of focus. Therefore, understanding how standards
such as fast healthcare interoperability resources (FHIR),
digital health technologies such as electronic health records
(EHRs) systems, and emerging artificial intelligence (AI)
applications such as explainable artificial intelligence (XAI)
integrate with CDSS is essential for effective implementation.

This review seeks to expand on existing literature by
examining CDSS design through the unique lens of a
UCD perspective. Recognizing the critical role of design in
technology adoption, this study explores key trends in CDSS
design features, the methodologies and frameworks guiding
their development, and the challenges encountered in their
design process. Additionally, it investigates the integration
of CDSS with broader health care technologies such as
electronic medical records.

Through this review, we aim to contribute to the effective
design of future CDSS by examining existing challenges,
proposing potential solutions, and offering recommendations.
We also highlight design attributes that enhance usability,
leveraging methodological trends to identify best practices.
By assessing how CDSS design facilitates integration with
other health systems, we provide insights into their seamless
incorporation into emerging health care technologies.
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Methods
Data Sources and Search Strategy

Preliminary Exploration and Refinement of
Search Strategy
As an initial step in developing a comprehensive search
strategy to identify all relevant papers on the design and
related concepts of CDSS, we conducted a preliminary
literature review and experimented with search terms. This
process enabled us to establish an overarching understanding
of the current knowledge landscape, refine the review’s focus,
enhance the selection of search terms, and finalize the search
strategy.

We selected 5 data sources, including 4 major electronic
databases (PubMed, Web of Science, Scopus, and IEEE
Xplore) and the Journal of Decision Systems, which is
specific to decision support research. These sources were
chosen to ensure broad coverage across health care, engi-
neering, and design science. Related design and human-com-
puter interaction keywords, including “user-centered design,”
“design,” “user experience,” “implementation,” “evaluation,”
“usability,” and “architecture,” were selected for use as search
terms. Since PubMed supports MeSH (Medical Subject
Headings) indexing, we also explored subject headings
related to CDSS.

Based on the preliminary experimentation, we refined
our selection to 4 data sources: PubMed, Web of Science,
Scopus, and IEEE Xplore, due to their extensive coverage
of health, engineering, and design sciences. The Journal
of Decision Systems was excluded, as all its papers were
already indexed in Web of Science and Scopus, making its
inclusion redundant. Furthermore, the MeSH subheadings for
CDSS did not sufficiently capture aspects related to design,
usability, and UX, making MeSH-based searches in PubMed
suboptimal. Consequently, we adopted 6 design-related UX
and human-computer interaction keywords (“design,” “user
experience,” “implementation,” “evaluation,” “usability,”
and “architecture”) across all selected databases, including
PubMed, to maintain consistency.

Regarding the scope of the search strategy, our experimen-
tation revealed that full-text searches in PubMed and Scopus
retrieved a high volume of irrelevant papers. In contrast,
restricting searches to title, abstract, and keywords signifi-
cantly improved specificity without omitting relevant studies,
thereby reducing noise and redundancy in the search results.
Based on these findings, we refined our search approach
by conducting title/abstract/keyword searches in PubMed
and Scopus while maintaining full-text searches in Web of
Science and IEEE Xplore.
Data Searching and Retrieval
To retrieve relevant papers for the review, each of the
6 finalized keywords (“design,” “user experience,” “imple-
mentation,” “evaluation,” “usability,” and “architecture”)
was combined with the phrase “Clinical Decision Sup-
port Systems” using Boolean operators (“AND” or “OR”),
for example, “Clinical Decision Support Systems” AND
“Implementation” for searching each of the 4 electronic
database sources.

This comprehensive search, covering the period
2013-2023, was performed in November 2023 to identify
English language papers. The identified papers were then
exported using the bibliographic management software Zotero
(Corporation for Digital Scholarship) [29], screened, and
included in this review. The detailed search strategy is
provided in Multimedia Appendix 1.
Eligibility Criteria and Data Extraction

Paper Screening, Inclusion, and Exclusion
To screen and include eligible papers from the search results,
the research team established predetermined inclusion and
exclusion criteria (Textbox 1). Two researchers (AAB and
JL) discussed and finalized these criteria, independently
conducted data screening and extraction, assessed eligibility,
reviewed included papers, and mapped study characteristics
and findings. At each review stage, both researchers followed
the same procedure in parallel, compared results, documented
discrepancies, and resolved inconsistencies collaboratively.
If consensus was not reached, a third researcher (MV) was
consulted for a resolution.

Textbox 1. Inclusion and exclusion criteria for the review.
Inclusion criteria

• Paper must be written in English.
• Paper must be published between 2013 and 2023 (last 10 years).
• All paper types are eligible, except reviews, systematic reviews, and books.
• Paper must be available in full text.
• Papers based on a designed Clinical Decision Support Systems (CDSS).
• Papers that describe either the design and user experience aspects of a CDSS, such as its design approach, architec-

ture, interfacing, or integration.
Exclusion criteria

• Papers that do not focus on a designed CDSS.
• Papers on CDSS interventions unrelated to health.
• Papers primarily focused on the technical implementation of CDSS.
• Conference abstracts and study protocols are excluded.
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• Papers solely focusing on technical implementation or architecture (eg, machine learning methods).

Papers that did not center on a designed CDSS tool or
intervention for a health condition or did not discuss the
design aspects of the CDSS, such as its design approach,
user interface, or integration, were excluded. Furthermore,
papers that solely discussed the technical implementation
or architecture of a CDSS, such as those focused on imple-
menting machine learning techniques or comparing these
methods, as well as editorials, scoping reviews, systematic
reviews, books, conference abstracts, and study protocols,
were also excluded. Textbox 1 shows the detailed inclusion
and exclusion criteria.

Two researchers (AAB and JL) then independently
screened abstracts to exclude ineligible papers before full-text
review. A total of 130 papers were fully reviewed for
eligibility based on the following: (1) whether the paper
focused on a designed CDSS, (2) whether it described at least
1 aspect of CDSS design, evaluation, usability, implemen-
tation, UX, or architectural design, and (3) other crite-
ria, including language (English), availability of sufficient
information, and exclusion of conference abstracts.

After this full screening, 40 papers were included in our
final analysis for the data extraction and analysis. Disparities
that arose during the screening were usually discussed and
resolved by the 2 researchers (AAB and JL) involved in the
process, while unresolved disparities were referred to a third
researcher (MV) for resolution.

Data Extraction
Two researchers (AAB and JL) independently reviewed all 40
included papers and conducted data extraction. The following
specific categories of information were extracted from each
paper and recorded in an Excel spreadsheet:

• Publication details: Title, authors, and year of publica-
tion.

• CDSS design aspects: The clinical condition addressed,
design approach and methods used, UX and interaction
mechanisms (ie, how users interact with the system and
the type of input or output), and the intended users
(clinician-facing, patient-facing, or both).

• Implementation architecture: The underlying technol-
ogy of the CDSS (eg, rule-based, knowledge-based,
and AI-enabled), its functional scope (eg, diagnostic
support, treatment recommendation, and screening),
and how it integrates with other clinical systems and
workflows.

• Key findings and challenges: Insights related to the
design and evaluation of the CDSS, including nota-
ble outcomes, usability concerns, and implementation
barriers.

Discrepancies between the 2 researchers were discussed
and resolved collaboratively. Where consensus could not be
reached, a third researcher (MV) was consulted for adjudica-
tion.

Analysis and Reporting
The data analysis and reporting of findings followed the
recommendations of the Grounded Theory Literature Review
(GTLR) [30] for analysis and the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
[31] for reporting.

PRISMA is a well-documented and widely adopted
guideline for reporting systematic reviews. It provides a
structured checklist that ensures transparency, minimizes bias,
and aligns with JMIR’s quality standards. In contrast, GTLR
builds upon systematic literature reviews guidelines [32] by
integrating a grounded theory approach [33], allowing key
concepts to emerge inductively through thematic analysis.

According to the GTLR framework, the analytical
process consists of five stages: (1) identifying the key
research questions, appropriate sources, and search terms; (2)
searching for potential papers; (3) defining filtering for the
selection of papers and refining the sample for review; (4)
a comparative and in-depth analysis of the papers through 3
coding levels; and (5) representing the emerging categories
and concepts.

Given the qualitative nature of our review, combining
PRISMA and GTLR was essential. GTLR enabled an
in-depth, concept-driven analysis of the 40 included papers,
while PRISMA ensured a systematic and unbiased selec-
tion and reporting process. Additionally, since our review
was not preregistered, PRISMA helped mitigate potential
reporting bias. Together, these methodologies provided a
rigorous framework that balanced methodological robustness
with analytical depth, ultimately enhancing the quality and
reliability of our review.

For the analysis data, we followed the GTLR approach,
which consists of 3 key analytical coding steps: open coding,
axial coding, and selective coding [30]. Two researchers
(AAB and JL) independently conducted and documented all
data analyses in parallel and then compared their find-
ings, discussed discrepancies, and resolved conflicts. Any
unresolved discrepancies were escalated to a third researcher
(MV) for resolution.

During the open coding step, AAB and JL independently
conducted an affinity mapping of key findings from the
included papers, grouping them into broad themes aligned
with the primary search terms. For example, findings related
to methods, usability, or evaluation were cataloged under the
overarching theme of “Design Approach.” In the axial coding
step, the 2 researchers independently identified and organized
related subthemes within the broader themes established in
the previous step.

In the selective coding step, the independently identified
themes and subthemes were compared, deliberated upon,
synthesized, reorganized, and validated by both researchers.
These confirmed results were summarized and presented to
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the wider research team for further discussion. Through these
collaborative and iterative processes, the review findings were
refined and finalized (Multimedia Appendix 2).

Results
Review Characteristics
The database search yielded 1905 records from 5 sources:
PubMed (279, 14.6%), Scopus (625, 32.8%), Web of Science
(786, 41.3%), and IEEE Xplore (215, 11.3%). After the initial
screening, 1545 records (81.1%) were removed, including
1541 duplicates (99.7%) and 4 books (0.3%), leaving 360
records for eligibility assessment.

Following the title and abstract screening, 230 records
(230/360, 63.8%) were excluded. Of these, 227 (227/230,

98.8%) were removed due to irrelevant titles or abstracts,
while 3 (3/230, 1.2%) were excluded as they were systematic
reviews. This resulted in 130 papers for full-text eligibility
review.

Among these, 90 papers (69.2%) were excluded for
specific reasons. Forty-seven (52.2%) lacked adequate
discussion of CDSS design, evaluation, usability, implemen-
tation, architecture, or UX. Twenty-eight (31.1%) presented
a CDSS that did not focus on a specific health care area
or was not based on a designed CDSS. The remaining 15
papers (16.7%) were excluded due to insufficient information
or because they were written in a language other than English.
Ultimately, 40 papers, representing 2.1% of the original 1905
records, were included in the systematic review (Multimedia
Appendix 3). Figure 1 provides a detailed overview of the
paper screening and inclusion process.
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Figure 1. Flow diagram of the screening and selection process of included papers in the review. CDSS: clinical decision support systems.

Design Characteristics
Central to this review was the identification of the design
characteristics of CDSS. Accordingly, the review extracted
findings from the papers, focusing on their design approach,
interaction modalities, underlying technology, functional
scope, and integration of the CDSS.

Design Approach
The review identified 4 primary approaches used in CDSS
design. The UCD approach was the most common, applied
in 23 out of 40 studies (57.5%). Other approaches inclu-
ded the knowledge-to-action framework (1/40, 2.5%), the
agile business process development approach (1/40, 2.5%),
and reflections based on the design of an existing sys-
tem (2/40, 5%). Additionally, 13 studies (32.5%) did not

explicitly reference a design approach but conducted usability
evaluations or user testing.

UCD emphasizes active user involvement throughout the
design process [34]. In contrast, the knowledge-to-action
framework focuses on knowledge creation and translation,
engaging end users at specific framework stages [35].
The agile business process development approach takes an
integrated business process model to guide technology design
and implementation [36].

Although UCD was the most widely used approach,
its application varied across studies. Many studies using
UCD involved users only in select design stages rather
than throughout the entire process. Only a few studies fully
adhered to the UCD framework by engaging users consis-
tently across all phases of design [37-39]. As a result, while
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these studies claimed to use UCD, they often did not fully
implement the approach as intended. For instance, some
CDSS design stages lacked active end user participation,
which is a core principle of UCD.

Across all approaches and frameworks, various data
collection techniques were used, including interviews,
focus groups, personas, questionnaires, and surveys. These
techniques supported different aspects of the design proc-
ess: informing the overall design [38,40-43], exploring user
needs and workflow [44-46], contextualizing and implement-
ing design [47-49], and ensuring usability, functionality, and
effectiveness [50-52].

All CDSS examined in the reviewed papers underwent
some form of usability evaluation or testing to assess
functionality [42,51-54], feasibility [38,40,49], acceptability

[37,38,47,49,51,52,55-58], accuracy [41,58-61], quality of
experience [50,62-65], and usefulness [60,65,66]. Some
papers reported conducting usability testing (14/40, 37.5%),
with 2 studies reporting using the System Usability Scale as
an assessment tool [52,67].

Usability evaluation techniques used for data collection
included think-aloud protocols, questionnaires, and inter-
views. The theoretical underpinnings and principles that
guided the usability evaluation included the task technol-
ogy fit theory, the unified theory of acceptance and use of
technology, user heuristics, and the sociotechnical model.
In addition, analytical tools leveraged for usability evalua-
tion included the receiver operating characteristic curve. The
design approach findings are shown in Table 1.

Table 1. Extract of the design approach of clinical decision support systems.
Design characteristic Description (references)
Primary design approaches • User-centered design focus [37-40,43-49,52,55,57-59,61,63,65,68-71].

• Knowledge-to-Action framework [41].
• Agile Business Process Development Approach [42].
• Designed reflecting on an existing CDSS [53,72].
• No design approach was stated, but usability evaluation or usability testing of the

system was conducted [50,51,54,56,60,62,64,66,67,73-76].
Data-gathering techniques • Interviews [41,43,44,59,65,68,70,71].

• Focus groups [38,41,52,55,73].
• Personas [40].
• Questionnaires [41,46,55,65,68].
• Surveys [37,50,57,73]

Usability testing or evaluation
• Conducted usability testing [38,40,41,52,53,55,59,65-68,71-73,76].
• Conducted system usability evaluation [37-70,72-76].

Usability evaluation techniques
• Think Aloud protocol [41,52].
• Used the System Usability Scale [52,67].

Usability evaluation theories • Unified Theory of Acceptance & Use of Technology [55].
• Sociotechnical model [44].
• User Heuristics [39,40].
• Task Technology Fit Theory [37].

Usability evaluation analysis • Receiver operating characteristic (ROC) curve [59].

User-Facing Roles
The review also examined user interaction and engagement
with CDSS, delineating the design mechanisms used for input
and output access, as well as for alerting and notifying users,

as illustrated in Figure 2. The primary users of CDSS in
the reviewed studies were predominantly clinicians (37/40,
92.5%), with only 3 systems (3/40, 7.5%) designed for both
clinicians and patients.
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Figure 2. Interaction and user-facing characteristics of clinical decision support systems.

Primarily, CDSS uses 3 channels for data or information
access and input. The first is manual entry, where users input
necessary data or request recommendations [38,40,41,44,46-
49,55,56,58,59,64,65,67,69]. The second is integration with
EHR, where input or output data are automatically retrieved
by an existing EHR system integrated with the CDSS [37,
42,44,45,49,52-55,60,61,64,69-71,74]. The third is wireless
transmission, where input data are sourced from other devices
such as sensors via Bluetooth or similar wireless data
transmission protocols [53].

The types of input data and information required by
CDSS for making decisions encompassed combinations of
5 categories of data sources: vital signs data such as tem-
perature, blood pressure, and heart rate [38,46,47,54,58,62,
63,65,66]; laboratory data (test results) [41,51,53,56,59,66,73,
76]; EHRs (specific or combinations of information such
as clinical history, comorbidities, or prescriptions) [37,42,
44,45,49,52-55,60,61,64,71,74]; radiography data (results of
image scans) [59]; and symptoms of condition (specific
condition–related vital symptoms, eg, signs of inflammation
for fractures) [40,46,50,56,62,67,69,75].

As output, systems deliver recommendations on treat-
ment plans, workflow, or dosage [49,54,64,74]; reports on
conditions including providing explanatory education on the
situation and recommending options [41,53,54,59,65,68]; and
alerts as feedback [41,51,53,55,67]. To facilitate the effective
relay of output feedback, ensure visibility, engagement,

and adherence; various alert and notification mechanisms,
including prompts such as beeps or pop-ups [46,53,55,67],
color coding of recommendations to signify severity [40,41,
51], and sending messages as reminders [55,64], are used.

Underlying Design Architecture
All CDSS reported in the reviewed papers were knowledge-
based, classified according to their underlying knowledge,
reasoning, or support structures. No non–knowledge-based
architectural designs were identified. These systems follow
1 of 4 reasoning architectures: rule-based, machine learning-
based, case-based, or ontology-based. Rule-based systems
use deterministic “if-then-else” rules for decision-making
[77]. Machine learning–based systems develop knowledge
from existing clinical data to apply it to new datasets [78,
79]. Case-based reasoning systems compare new cases with
stored past decisions to identify similarities and determine
outcomes [80]. While ontology-based, leverage semantic
web technologies to represent medical concepts and support
decision-making [81]. However, there was a notable absence
of ontology-based reasoning systems among the reviewed
papers, likely due to the emerging nature of this category of
CDSS [81].

Also, a significant trend observed in the review was the
increasing use of AI and machine learning–based approaches
to develop predictive decision support systems [39,43,47,48,
53,57,60,61,73,75]. These AI-driven systems aim to enhance
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diagnostic accuracy and provide personalized recommenda-
tions based on data patterns and historical cases.

Functionally, the CDSS reviewed in the papers fall into
3 main categories: diagnostic systems, which are used
for screening and identifying health conditions; treatment
systems, which provide recommendations and guidance on

treatment options; and dosage prescription systems, which
assist in determining the appropriate dosage or combina-
tions of drugs and treatments. The design architecture and
functional scope of the reviewed CDSS are summarized in
Table 2.

Table 2. Underlying architecture and functional scope of clinical decision support systems (CDSS) design.
Design characteristic Description (references)
Knowledge classification • Knowledge-based: all CDSS in the reviewed papers classified as knowledge-based.

• Non–knowledge-based: none of the CDSS in the reviewed papers classified as
non–knowledge-based.

Reasoning classification • Rule-based [39,43,47,48,53,57,60,61,67,73,75].
• Case-based [58,67].
• Machine learning or AIa-enabled [39,43,47,48,53,57,60,61,73,75].

Support classification • Diagnostic [40,45,48-51,54-59,61,64,66-69,71,73,74,76].
• Treatment [40,43,45-47,49,50,53,62,63,65,67,69-71,75].
• Dosage prescription [38,46,54,60,65].
• Education or discussion [41,47,50,52,53,67].

aAI: artificial intelligence.

A notable development among some CDSS is the integration
of interactive, social media–like modules that allow clinicians
to share information, engage in discussions, and enhance their
knowledge on supported health conditions. These collabo-
rative features promote peer-to-peer learning and real-time
knowledge exchange, enhancing the overall effectiveness of
the CDSS [41,47,50,52,53,67].

Integration With Existing Health Records
Systems
An important and emerging trend in the design of reviewed
CDSS is their integration with other clinical systems. We
assessed whether these systems were integrated with existing
digital health technologies such as EHR systems, or whether
they were explicitly designed with integration in mind. This
assessment is critical, given the recent shift toward the
adoption of emerging digital health technologies and the
development of interoperability standards such as FHIR and
architectural platforms such as the Substitutable Medical
Applications and Reusable Technologies [82].

Our findings indicate that most CDSS were stand-alone
systems, with only 20% (8/40) of the CDSS reviewed being
integrated into EHRs and existing workflows, and 17.5%
(7/40) of them being intentionally designed with integra-
tion as a core feature [37,42,44,45,49,52-55,60,61,64,71,74].
However, a significant portion of the CDSS reported in the
reviewed papers lacked integration considerations in their
design.
Design Challenges
As an integral aspect of this review, we identified and
mapped the associated design challenges of the CDSS
discussed in the reviewed papers. The fundamental issues
identified were categorized into the following broader
themes: usability and UX challenges, validity and reliability
concerns, data quality and assurance issues, and design and
integration complexities, as elaborated in Table 3.

Table 3. Design challenges of clinical decision support systems.
Design challenge Description (references)
Usability or user experience (UX)
challenges

• Advisory restrictions and inflexibilities [39,46,70].
• Workflow, tailoring, and integration issues [42,49,51,55,62,64,76].
• Information overload and user fatigue concerns [40,55,60,70,76].
• Visual and explainable preferences [39,43,61,65,75].
• Covert surveillance concerns [55].
• Support issues [38,49,75].

Validity or reliability concerns • Validation challenges [54,60,64,71].
• Trust and reliability issues [39,44,56,61,71,72].
• Conflicting recommendation with expert opinion [45,48,54,74].
• Recommendation ambiguity [46,47,65].

Data quality or assurance issues • Data quality, extraction, and access challenges [41,47,53,67].
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Design challenge Description (references)

• Interoperability challenges [39,54,71].
Design or integration complexities • Transforming guidelines decision rules [41,54,55].

• Contextual and integration challenges [37,39,66,68,71,74].

Usability or UX Challenges
A fundamental design challenge of CDSS pertains to UX
and expectations. Users expressed concerns regarding how
recommendations are presented and accessed [46] and
inconsistencies in workflow integration [49,62]. Several
studies highlighted limitations in the presentation design of
CDSS recommendations, noting rigid structures that restrict
users from incorporating their own perspectives [45,46,70,
74]. As a result, users may feel obligated to follow system
recommendations without the flexibility to adjust or choose
from alternative suggestions.

Additionally, challenges arise in users’ ability to appro-
priately apply CDSS recommendations, prompting the need
for visual aids such as video explanations to clarify their
application and reduce ambiguity [46,47,65]. Also, informa-
tion overload was another prevalent concern, as users may
experience fatigue from the constant prompts, notifications,
or input requests generated by CDSS [40,55,76].

Moreover, the design of CDSS to track usage and activity
logs can evoke feelings of covert surveillance, impacting
UX [55]. Furthermore, a mismatch between users’ practi-
cal workflow and the requirements of CDSS poses signifi-
cant challenges [42,49,51,62,76]. For instance, CDSS may
demand information that is available only several steps ahead
in the operational workflow, creating a disconnect between
user practices and system functionality [49,51]. Finally,
other UX-related issues identified included requirements for
training and technical support in the deployment and use of
CDSS [38,49,75].
Validity or Reliability Concerns
A critical challenge concerning CDSS revolves around the
attributes of their trustworthiness. Key fundamental chal-
lenges related to their validation, including determining where
to initiate the validation process, establishing a “ground truth”
for validation, and defining a criteria for success in validation
[54,60,64,71]. For instance, how should contextual factors
be factored in, and how can learning be incorporated into
the validation process? Moreover, what constitutes success:
tangible improvements in patients’ clinical outcomes or the
functional effectiveness of the underlying technology? If the
former, how can other contextual behavioral contributors be
modeled to validate success?

Another significant is ambiguity in recommendations.
Some terminologies used in CDSS recommendations may
be unfamiliar or interpreted differently by users, leading to
potential miscommunication [46,47,65]. Furthermore, trust
issues arise, as more experienced clinicians may disregard
CDSS recommendations when they conflict with their own
clinical judgment or opinions [45,72,74]. These challenges

impact the perceived validity and reliability of CDSS,
influencing user trust and adoption [39,44,56,61,71,72].

However, emerging technologies such as XAI and
context-aware machine learning systems offer promising
solutions to address trust and validation challenges in
CDSS. XAI enhances transparency by making AI systems’
inner workings more interpretable for health care profes-
sionals, enabling them to identify potential flaws and
assess the trustworthiness of system outputs [83]. Addition-
ally, context-aware machine learning systems that integrate
patient-specific and environmental factors can generate more
personalized and relevant recommendations, thereby reducing
ambiguity and fostering trust in CDSS [84].

Data Quality or Assurance Issues
The effective design and implementation of machine learning
and AI-enabled CDSS hinge fundamentally on the availa-
bility, accessibility, and quality of individual patient data,
extracted ideally from their EHR. However, related chal-
lenges persist in this domain. A primary issue highlighted
across the reviewed papers concerns access to quality data
[47,53,67]. While vast clinical datasets may be available,
navigating access protocols can be cumbersome due to data
access privacy concerns [85,86].

Furthermore, existing data may lack curation or could be
in formats that are unsuitable for CDSS integration [71].
Moreover, quality-related issues, such as errors and miss-
ing data, can arise during the process of transforming data
into formats acceptable to CDSS, such as converting paper-
based clinical records into digital data formats or converting
images [41]. Other related challenges highlighted included
interoperability issues, where different data standards used
in the collection of medical data make their uptake by
CDSS difficult [71]. Despite these obstacles, the adoption of
EHRs and interoperability standards such as FHIR promises
opportunities for improving data access and quality assurance
in CDSS [87].

Design or Integration Complexities
The complexities inherent in the design of CDSS, cou-
pled with integration challenges, present significant hurdles.
Translating guidelines into decision rules that are imple-
mentable within CDSS presents nontrivial challenges [41,54,
55], often requiring extensive data collection over extended
periods.

Additionally, the diverse range of users adds another
layer of complexity, particularly in designing input mecha-
nisms that accommodate variability in user interactions [54,
71]. For instance, designing a system capable of handling
vague or incomplete user responses, which may occur with

JOURNAL OF MEDICAL INTERNET RESEARCH Bayor et al

https://www.jmir.org/2025/1/e63733 J Med Internet Res 2025 | vol. 27 | e63733 | p. 10
(page number not for citation purposes)

https://www.jmir.org/2025/1/e63733


user input into CDSS, particularly in systems that do not
support free-text entry CDSS, remains a major challenge.
Moreover, modelling the clinical workflow for integration
into the design of CDSS proves difficult due to the dynamic
and constantly evolving nature of the clinical environment
[51,71].

Discussion
Implications for Future Design of CDSS
This review provides a comprehensive analysis of CDSS
design characteristics and challenges from a user-centered
perspective. Key findings highlight the prevalent use of UCD
and limitations in their integration with other clinical systems.
Identified challenges encompass usability and UX, validity
and reliability, data quality and assurance, and design and
integration complexity.

This section discusses these principal findings and reflects
on their implications for future CDSS design along 4
principal considerations: (1) Adopting a UCD approach in the
iterative design process, (2) enhancing integration with health
information systems, (3) leveraging XAI and human-in-the-
loop techniques, and (4) implementing CDSS that support
both clinical and patient-facing functions.
Adopting a UCD Approach in the
Iterative Design Process
The findings underscored a pervasive trend in CDSS design,
where UCD principles are frequently adopted, albeit with
varying levels of user engagement. Previous studies [11,14,
17,88,89] corroborate the effectiveness of UCD in eliciting
user needs, workflow requirements, and efficiency in CDSS
design. Leveraging the strengths of UCD, particularly in
comprehending user dynamics and design contexts, presents
significant opportunities for mitigating identified challenges.

This review identified several usability and UX chal-
lenges, including workflow integration inconsistencies, covert
surveillance [55], user fatigue [70], and support deficiencies
[38,49,75], underscoring inefficiencies in end user engage-
ment in the design process of most CDSS. These challenges
can be effectively addressed by incorporating UCD in the
design-testing-evaluation cycle. For example, engaging end
users from the early stages of design, as emphasized in the
UCD framework, facilitates the identification of workflow
requirements. Additionally, the iterative usability testing and
evaluation phases within UCD help detect early barriers
to adoption, such as user fatigue and inadequate support
structures.

Beyond usability, contextual challenges pertaining to
technical complexities, such as translating guidelines into
decision algorithms, technical implementation of workflow
integration, and addressing the needs of different user groups
[41,42,49,54], can be effectively navigated by adopting a
UCD approach. Deep user engagement and stakeholder
participation throughout the design process enable the
identification and mitigation of contextual and human factors
that may complicate the design, implementation, and use

of CDSS. Furthermore, the iterative usability testing and
evaluation stages within UCD provide substantial opportu-
nities for user testing and refining technical features, such
as decision algorithms, to ensure reliability, suitability,
functionality, and appropriateness [14,15,34]. Effective user
engagement and participation also foster a sense of empower-
ment and ownership [90,91], enhancing user understanding of
the system’s operation and functionality, thereby addressing
the trust and adoption-related concerns identified.

Effective user engagement and participation require that
end users take a central role in the design and decision-
making process. As such, it requires adopting conducive
engagement strategies that foster collaboration, self-expres-
sion, and cocreation. Thus, the design of CDSS requires
the adoption of methodologies and frameworks that priori-
tize deep user involvement and engagement. Design thinking
approaches, particularly UCD, show unparalleled potential in
this endeavor.
Enhancing Integration With Digital Health
Technologies
The findings highlight the limited integration of CDSS
with other digital health technologies, which has significant
implications for future CDSS design in a rapidly evolving
digital health technology landscape. With the widespread
adoption of emerging health care technologies and intero-
perability standards such as FHIR, integrating CDSS with
digital health systems such as EHR and AI applications,
including XAI, has become a critical focus. To ensure that
these integrations meet user needs and expectations, it is
essential to assess their impact on UX and adopt a user-cen-
tric approach from the outset to optimize implementation.

This review reveals data quality, access, and interopera-
bility issues that pose significant challenges in accessing
requisite and curated data, particularly for AI-enabled CDSS.
Privacy concerns necessitate stringent legal protocols for
patient data acquisition, while compatibility issues related to
data formatting and extraction further complicate access for
AI-driven CDSS [92-94]. Seamless integration with existing
digital health technologies could enable CDSS to directly
retrieve data from these technologies for learning, training,
and modeling purposes.

Therefore, facilitating integration options between CDSS
and existing digital health technologies presents opportuni-
ties for their effective implementation and functionality. For
instance, integrating CDSS with personal health record (PHR)
systems would allow direct retrieval of patient records, while
AI-enabled CDSS could access data from these integra-
ted systems for training, predictive modeling, and decision
support [2,95]. Addressing the current limitations in CDSS
integration with other health technologies is essential and
warrants consideration as a fundamental requirement for
future CDSS design.

Also, while acknowledging the complexities involved
in accessing patient clinical data directly, particularly due
to privacy and legal concerns, emerging interoperability
standards such as FHIR offer avenues for mitigating some
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of them. For example, with FHIR, patient privacy through
deidentification measures can be implemented, potentially
fostering patients’ willingness to grant access to their
deidentified clinical data for CDSS training and model-
ing purposes. Moreover, these interoperability standards
formalize clinical data capture standards and formats, thereby
alleviating challenges related to data formatting and curation
[82,96].

Furthermore, using distributed architectures such as cloud
computing and file-sharing applications can significantly
improve CDSS design. These fault-tolerant and scalable
systems, with decentralized components distributed across
a network and coordinated through active communication,
facilitate seamless interaction and coordination between
independent components across various technologies. This
approach enhances the overall efficacy and performance of
the system, particularly in the context of integration [63,97,
98].

Implementing CDSS That Support
Both Clinician-Facing and Patient-Facing
Roles
A notable insight from this review is the predominant focus
of CDSS on clinician-facing applications. Of the 40 sys-
tems analyzed, 37 were designed exclusively for clinical
staff use. While this emphasis reinforces the critical role of
CDSS in supporting clinical decision-making, it also limits
their broader applicability in areas such as virtual care and
integration with PHRs [99-101].

The current clinician-facing model requires patient’s
presence for collecting and inputting vital signs and other
clinical data. However, a dual-facing CDSS—designed
for both clinician and patient use—could fundamentally
transform this dynamic. By enabling patients to remotely
input vital signs and other health metrics via a patient
interface, such a system would allow clinicians to access,
analyze, and provide recommendations through the same
platform. This two-way functionality would enhance CDSS
use in virtual care environments, facilitating seamless
information exchange between patients and health care
providers.

While implementing a dual-facing CDSS raises chal-
lenges related to access controls and network security,
these issues can be effectively addressed through thoughtful
software design and robust web-based connectivity solutions.
Integrating CDSS into both clinician and patient workflows
could significantly improve accessibility, streamline remote
monitoring, and expand the role of CDSS in modern digital
health care.

Considering the economic, accessibility, and efficiency
benefits offered by technology-mediated health care options
such as virtual care [102], CDSS present opportunities for
adoption in such health care delivery schemes. For instance,
the implementation of CDSS that facilitate the remote
provision of patient vital signs (a requirement of most CDSS)
could obviate the need for physical visits to medical facilities,

thereby providing comfort and reducing health care delivery
costs for both patients and health care providers [103].

However, this realization requires that CDSS support
both clinician-facing and patient-facing capability to enable
patients to provide such vital signs. A continuation of the
prevailing trend, where they are predominantly clinician-fac-
ing, thwarts this opportunity. The current trend, where nearly
all reviewed CDSS are tailored exclusively for clinicians,
limits their broader applicability in virtual care settings.
Notably, one of the few clinician-facing and patient-facing
CDSS examined in this review [54] has demonstrated the
advantages of virtual care and remote access, highlighting the
feasibility and benefits of such an approach.

Furthermore, recent global health crises such as the
COVID-19 pandemic, which rendered physical access to
patients or clinicians impractical, underscore the importance
of leveraging technology to mediate health care delivery
that interfaces clinicians and patients. Implementing CDSS
designed to accommodate both clinician and patient users
would not only facilitate patient education but also encourage
active participation in the health care process while promoting
transparency. Such platforms can be strategically leveraged
to educate patients on data ethics and address concerns that
contribute to patient reluctance in allowing their data to be
used for clinical purposes.

With the growing implementation and adoption of national
health records across countries [2,104], PHR would become
more accessible for leverage by patient-facing CDSS. This
shift could significantly enhance health care delivery by
fostering a more collaborative, patient-centered approach to
clinical decision support.
Harnessing XAI and Human-in-the-Loop
Techniques in CDSS Design
A significant challenge highlighted across the reviewed
papers relates to trust, validity, and reliability in adopting
CDSS. The utilization of emerging technologies such as XAI
[39,43,93,105] holds promise in addressing these challenges
by ensuring human comprehension of AI decisions. XAI
offers transparent explanations of the rationale behind the
recommendations made by CDSS, thereby enhancing trust
and reliability. This is buttressed by some of the studies
reviewed in this study, which incorporated AI in their design
to support explainability and trust, among other purposes [39,
43,61,75].

Furthermore, incorporating human-in-the-loop techniques,
which involve integrating end user participation in the
decision-making process and capturing user assessment
during their use for future training of the AI model, can
enhance trust and transparency in CDSS [43,106]. For
instance, providing users with options to select recommen-
dations or request further explanations fosters human-AI
collaboration and improves their acceptance and update of
CDSS.

Thus, to foster trust, transparency, and adoption of CDSS,
their design can leverage XAI, incorporate human-in-the-loop
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techniques, and use distributed systems architectures. These
approaches integrate human input into the decision-making
process of CDSS, enhancing trust and reliability while
making CDSS more collaborative and suggestive.
Limitations
We recognize that our review, which examined CDSS design
through a UCD lens, may have overlooked certain technical
implementation aspects, an area we plan to explore further
in future research. While our focus was on design and
UX, we did not delve deeply into technical considerations
such as system architecture, algorithmic performance, or
computational efficiency. As a result, our findings may not
fully capture challenges related to system interoperability,
algorithmic biases, or implementation scalability, which are
critical from a technical standpoint.

However, by emphasizing design and UX factors, our
review provides valuable insights into user adoption, usability
challenges, and human-centered design principles, areas often
underrepresented in purely technical evaluations. Addition-
ally, despite conducting a comprehensive search across 5
major electronic libraries, some relevant literature may have
been missed. Expanding the search scope to include a broader
range of databases and keywords could have strengthened our
findings. Furthermore, it is important to note that some of the

CDSS discussed in the reviewed papers were not implemen-
ted or evaluated in clinical settings. As a result, potential
real-world challenges and limitations may not have been fully
explored.
Conclusions
This review explored the design and challenges of CDSS.
The findings highlight key design characteristics, includ-
ing the frequent use of UCD approaches, a primary
focus on clinician-facing designs, and integration gaps with
other digital health technologies. The review identified 4
design challenges, including, usability and UX, validity
and reliability, data quality and assurance, and design and
integration complexities.

Drawing on these findings, several implications for
future CDSS design were outlined. These include the need
for more collaborative user engagement throughout the
entire iterative design process, improved integration with
other emerging digital health technologies, implementing
CDSS that support both clinician-facing and patient-fac-
ing functions, and incorporating AI and human-in-the-loop
architectures. These insights contribute to a deeper under-
standing of effective CDSS design, which is particularly
relevant considering their increasing prominence in health
care service delivery.

Acknowledgments
Aspects of this work were supported by funding from The Prince Charles Hospital Innovation (grant INN2022-13). Generative
artificial intelligence was not used for the manuscript writing or the review process.
Data Availability
All the papers included in the study are referenced in Multimedia Appendix 3. In addition, data on the search strategy and an
overview of the findings are also attached as Multimedia Appendices 1 and 2, respectively. All data are available for download
along with the published manuscript.
Authors’ Contributions
Authors AAB, JL, MV, and IY contributed to the conceptualization of the study. AAB and JL were responsible for data
curation, formal analysis, investigation, methodology development, and validation. MV and IY led project administration
and resource provision and provided supervision throughout the study. AAB developed the visualizations and prepared the
original draft of the manuscript. JL, MV, and IY contributed to reviewing and editing the manuscript and supported funding
acquisition.
Conflicts of Interest
None declared.
Multimedia Appendix 1
Search strategy.
[PDF File (Adobe File), 145 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Study characteristics.
[XLSX File (Microsoft Excel File), 83 KB-Multimedia Appendix 2]

Multimedia Appendix 3
List of included manuscripts.
[PDF File (Adobe File), 141 KB-Multimedia Appendix 3]

Checklist 1
PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) checklist.

JOURNAL OF MEDICAL INTERNET RESEARCH Bayor et al

https://www.jmir.org/2025/1/e63733 J Med Internet Res 2025 | vol. 27 | e63733 | p. 13
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=jmir_v27i1e63733_app1.pdf
https://jmir.org/api/download?alt_name=jmir_v27i1e63733_app1.pdf
https://jmir.org/api/download?alt_name=jmir_v27i1e63733_app2.xlsx
https://jmir.org/api/download?alt_name=jmir_v27i1e63733_app2.xlsx
https://jmir.org/api/download?alt_name=jmir_v27i1e63733_app3.pdf
https://jmir.org/api/download?alt_name=jmir_v27i1e63733_app3.pdf
https://www.jmir.org/2025/1/e63733


[PDF File (Adobe File), 60 KB-Checklist 1]
References
1. Sim I, Gorman P, Greenes RA, et al. Clinical decision support systems for the practice of evidence-based medicine. J

Am Med Inform Assoc. 2001;8(6):527-534. [doi: 10.1136/jamia.2001.0080527] [Medline: 11687560]
2. Sutton RT, Pincock D, Baumgart DC, Sadowski DC, Fedorak RN, Kroeker KI. An overview of clinical decision support

systems: benefits, risks, and strategies for success. NPJ Digit Med. 2020;3(1):17. [doi: 10.1038/s41746-020-0221-y]
[Medline: 32047862]

3. Jaspers MWM, Smeulers M, Vermeulen H, Peute LW. Effects of clinical decision-support systems on practitioner
performance and patient outcomes: a synthesis of high-quality systematic review findings. J Am Med Inform Assoc.
May 1, 2011;18(3):327-334. [doi: 10.1136/amiajnl-2011-000094] [Medline: 21422100]

4. Garg AX, Adhikari NKJ, McDonald H, et al. Effects of computerized clinical decision support systems on practitioner
performance and patient outcomes: a systematic review. JAMA. Mar 9, 2005;293(10):1223-1238. [doi: 10.1001/jama.
293.10.1223] [Medline: 15755945]

5. Taheri Moghadam S, Sadoughi F, Velayati F, Ehsanzadeh SJ, Poursharif S. The effects of clinical decision support
system for prescribing medication on patient outcomes and physician practice performance: a systematic review and
meta-analysis. BMC Med Inform Decis Mak. Mar 10, 2021;21(1):98. [doi: 10.1186/s12911-020-01376-8] [Medline:
33691690]

6. Bright TJ, Wong A, Dhurjati R, et al. Effect of clinical decision-support systems: a systematic review. Ann Intern Med.
Jul 3, 2012;157(1):29-43. [doi: 10.7326/0003-4819-157-1-201207030-00450] [Medline: 22751758]

7. Alaa AM, Moon KH, Hsu W, van der Schaar M. ConfidentCare: a clinical decision support system for personalized
breast cancer screening. IEEE Trans Multimedia. Oct 2016;18(10):1942-1955. [doi: 10.1109/TMM.2016.2589160]

8. Romero-Aroca P, Valls A, Moreno A, et al. A clinical decision support system for diabetic retinopathy screening:
creating a clinical support application. Telemed J E Health. Jan 2019;25(1):31-40. [doi: 10.1089/tmj.2017.0282]
[Medline: 29466097]

9. Prgomet M, Li L, Niazkhani Z, Georgiou A, Westbrook JI. Impact of commercial computerized provider order entry
(CPOE) and clinical decision support systems (CDSSs) on medication errors, length of stay, and mortality in intensive
care units: a systematic review and meta-analysis. J Am Med Inform Assoc. Mar 1, 2017;24(2):413-422. [doi: 10.1093/
jamia/ocw145] [Medline: 28395016]

10. Kwan JL, Lo L, Ferguson J, et al. Computerised clinical decision support systems and absolute improvements in care:
meta-analysis of controlled clinical trials. BMJ. Sep 17, 2020;370:m3216. [doi: 10.1136/bmj.m3216]

11. Sutcliffe A. Designing for user experience and engagement. In: O’Brien H, Cairns P, editors. Why Engagement Matters:
Cross-Disciplinary Perspectives of User Engagement in Digital. Springer International Publishing; 2016:105-126. [doi:
10.1007/978-3-319-27446-1_5] ISBN: 978-3-319-27446-1

12. Greenhalgh T, Wherton J, Papoutsi C, et al. Beyond adoption: a new framework for theorizing and evaluating
nonadoption, abandonment, and challenges to the scale-up, spread, and sustainability of health and care technologies. J
Med Internet Res. Nov 1, 2017;19(11):e367. [doi: 10.2196/jmir.8775] [Medline: 29092808]

13. Keikhosrokiani P, Mustaffa N, Zakaria N, Abdullah R. Assessment of a medical information system: the mediating role
of use and user satisfaction on the success of human interaction with the mobile healthcare system (iHeart). Cogn Tech
Work. May 2020;22(2):281-305. [doi: 10.1007/s10111-019-00565-4]

14. Acharya C, Thimbleby H, Oladimeji P. Human computer interaction and medical devices BCS learning & development.
Presented at: BCS ’10: Proceedings of the 24th BCS Interaction Specialist Group Conference, Dundee, United
Kingdom; Sep 6-10, 2010. [doi: 10.14236/ewic/HCI2010.22]

15. Gulliksen J, Göransson B, Boivie I, Blomkvist S, Persson J, Cajander Å. Key principles for user-centred systems design.
Behav Inf Technol. Nov 2003;22(6):397-409. [doi: 10.1080/01449290310001624329]

16. Sanders EBN, Stappers PJ. Co-creation and the new landscapes of design. CoDesign. Mar 2008;4(1):5-18. [doi: 10.
1080/15710880701875068]

17. Brunner J, Chuang E, Goldzweig C, Cain CL, Sugar C, Yano EM. User-centered design to improve clinical decision
support in primary care. Int J Med Inform. Aug 2017;104:56-64. [doi: 10.1016/j.ijmedinf.2017.05.004] [Medline:
28599817]

18. Muhiyaddin R, Abd-Alrazaq AA, Househ M, Alam T, Shah Z. The impact of clinical decision support systems (CDSS)
on physicians: a scoping review. Stud Health Technol Inform. Jun 26, 2020;272:470-473. [doi: 10.3233/SHTI200597]
[Medline: 32604704]

19. Moja L, Polo Friz H, Capobussi M, et al. Effectiveness of a hospital-based computerized decision support system on
clinician recommendations and patient outcomes: a randomized clinical trial. JAMA Netw Open. Dec 2,
2019;2(12):e1917094. [doi: 10.1001/jamanetworkopen.2019.17094] [Medline: 31825499]

JOURNAL OF MEDICAL INTERNET RESEARCH Bayor et al

https://www.jmir.org/2025/1/e63733 J Med Internet Res 2025 | vol. 27 | e63733 | p. 14
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=jmir_v27i1e63733_app4.pdf
https://jmir.org/api/download?alt_name=jmir_v27i1e63733_app4.pdf
https://doi.org/10.1136/jamia.2001.0080527
http://www.ncbi.nlm.nih.gov/pubmed/11687560
https://doi.org/10.1038/s41746-020-0221-y
http://www.ncbi.nlm.nih.gov/pubmed/32047862
https://doi.org/10.1136/amiajnl-2011-000094
http://www.ncbi.nlm.nih.gov/pubmed/21422100
https://doi.org/10.1001/jama.293.10.1223
https://doi.org/10.1001/jama.293.10.1223
http://www.ncbi.nlm.nih.gov/pubmed/15755945
https://doi.org/10.1186/s12911-020-01376-8
http://www.ncbi.nlm.nih.gov/pubmed/33691690
https://doi.org/10.7326/0003-4819-157-1-201207030-00450
http://www.ncbi.nlm.nih.gov/pubmed/22751758
https://doi.org/10.1109/TMM.2016.2589160
https://doi.org/10.1089/tmj.2017.0282
http://www.ncbi.nlm.nih.gov/pubmed/29466097
https://doi.org/10.1093/jamia/ocw145
https://doi.org/10.1093/jamia/ocw145
http://www.ncbi.nlm.nih.gov/pubmed/28395016
https://doi.org/10.1136/bmj.m3216
https://doi.org/10.1007/978-3-319-27446-1_5
https://doi.org/10.2196/jmir.8775
http://www.ncbi.nlm.nih.gov/pubmed/29092808
https://doi.org/10.1007/s10111-019-00565-4
https://doi.org/10.14236/ewic/HCI2010.22
https://doi.org/10.1080/01449290310001624329
https://doi.org/10.1080/15710880701875068
https://doi.org/10.1080/15710880701875068
https://doi.org/10.1016/j.ijmedinf.2017.05.004
http://www.ncbi.nlm.nih.gov/pubmed/28599817
https://doi.org/10.3233/SHTI200597
http://www.ncbi.nlm.nih.gov/pubmed/32604704
https://doi.org/10.1001/jamanetworkopen.2019.17094
http://www.ncbi.nlm.nih.gov/pubmed/31825499
https://www.jmir.org/2025/1/e63733


20. Johnston ME, Langton KB, Haynes RB, Mathieu A. Effects of computer-based clinical decision support systems on
clinician performance and patient outcome. A critical appraisal of research. Ann Intern Med. Jan 15,
1994;120(2):135-142. [doi: 10.7326/0003-4819-120-2-199401150-00007] [Medline: 8256973]

21. Chen Z, Liang N, Zhang H, et al. Harnessing the power of clinical decision support systems: challenges and
opportunities. Open Heart. Nov 28, 2023;10(2):e002432. [doi: 10.1136/openhrt-2023-002432] [Medline: 38016787]

22. Miller A, Moon B, Anders S, Walden R, Brown S, Montella D. Integrating computerized clinical decision support
systems into clinical work: a meta-synthesis of qualitative research. Int J Med Inform. Dec 2015;84(12):1009-1018. [doi:
10.1016/j.ijmedinf.2015.09.005] [Medline: 26391601]

23. Souza-Pereira L, Ouhbi S, Pombo N. Quality-in-use characteristics for clinical decision support system assessment.
Comput Methods Programs Biomed. Aug 2021;207:106169. [doi: 10.1016/j.cmpb.2021.106169] [Medline: 34062492]

24. Wronikowska MW, Malycha J, Morgan LJ, et al. Systematic review of applied usability metrics within usability
evaluation methods for hospital electronic healthcare record systems: Metrics and Evaluation Methods for eHealth
Systems. J Eval Clin Pract. Dec 2021;27(6):1403-1416. [doi: 10.1111/jep.13582] [Medline: 33982356]

25. Wohlgemut JM, Pisirir E, Kyrimi E, et al. Methods used to evaluate usability of mobile clinical decision support systems
for healthcare emergencies: a systematic review and qualitative synthesis. JAMIA Open. Oct 2023;6(3):ooad051. [doi:
10.1093/jamiaopen/ooad051] [Medline: 37449057]

26. Vasey B, Nagendran M, Campbell B, et al. Reporting guideline for the early stage clinical evaluation of decision support
systems driven by artificial intelligence: DECIDE-AI. BMJ. May 18, 2022;377:e070904. [doi: 10.1136/bmj-2022-
070904] [Medline: 35584845]

27. Ferreira G, Oliveira E, Stamper J, Coelho A, Paredes H, Rodrigues NF. A human-computer interaction perspective on
clinical decision support systems: a systematic review of usability, barriers, and recommendations for improvement.
Presented at: 2023 IEEE 11th International Conference on Serious Games and Applications for Health (SeGAH); 1-8;
Athens, Greece. 2023.[doi: 10.1109/SeGAH57547.2023.10253790]

28. Gibbons MC, Lowry SZ, Patterson ES. Applying human factors principles to mitigate usability issues related to
embedded assumptions in health information technology design. JMIR Hum Factors. Dec 18, 2014;1(1):e3. [doi: 10.
2196/humanfactors.3524] [Medline: 27025349]

29. Your personal research assistant. Zotero. Oct 5, 2006. URL: https://www.zotero.org/ [Accessed 2024-05-13]
30. Wolfswinkel JF, Furtmueller E, Wilderom CPM. Using grounded theory as a method for rigorously reviewing literature.

Eur J Inf Syst. Jan 2013;22(1):45-55. [doi: 10.1057/ejis.2011.51]
31. Page MJ, McKenzie JE, Bossuyt PM, et al. The PRISMA 2020 statement: an updated guideline for reporting systematic

reviews. BMJ. Mar 29, 2021;372:n71. [doi: 10.1136/bmj.n71] [Medline: 33782057]
32. Webster J, Watson RT. Analyzing the past to prepare for the future: writing a literature review. MIS Q. 2002;26(2):xiii-

xxiii. URL: https://www.jstor.org/stable/4132319
33. Glaser BG, Strauss AL. Discovery of Grounded Theory: Strategies for Qualitative Research. Routledge; 2017. [doi: 10.

4324/9780203793206] ISBN: 9780203793206
34. Abras C, Maloney-Krichmar D, Preece J. User-centred design. 2004. URL: https://citeseerx.ist.psu.edu/document?

repid=rep1&type=pdf&doi=0b11094e818621cf7d8a826714f04237511b7316 [Accessed 2024-08-23]
35. Graham ID, Logan J, Harrison MB, et al. Lost in knowledge translation: time for a map? J Contin Educ Health Prof.

2006;26(1):13-24. [doi: 10.1002/chp.47] [Medline: 16557505]
36. Bider I, Jalali A. Agile business process development: why, how and when—applying Nonaka’s theory of knowledge

transformation to business process development. Inf Syst E-Bus Manage. Nov 2016;14(4):693-731. [doi: 10.1007/
s10257-014-0256-1]

37. Ulapane N, Forkan ARM, Jayaraman PP, Schofield P, Burbury K, Wickramasinghe N. Using task technology fit theory
to guide the codesign of mobile clinical decision support systems. Presented at: Hawaii International Conference on
System Sciences; Jan 3-6, 2023; Hyath Regency, Maui, HI, USA. [doi: 10.24251/HICSS.2023.353]

38. Zhao Y, Hu J, Gu Y, et al. Development and Implementation of a pediatric nursing-clinical decision support system for
hyperthermia: a pre- and post-test. Comput Inform Nurs. Aug 4, 2021;40(2):131-137. [doi: 10.1097/CIN.
0000000000000812] [Medline: 34347639]

39. Panigutti C, Beretta A, Fadda D, et al. Co-design of human-centered, explainable AI for clinical decision support. ACM
Trans Interact Intell Syst. Dec 31, 2023;13(4):1-35. [doi: 10.1145/3587271]

40. Gaudaen JC, Papadopoulos A, Dockery T, Manemeit C. Usability enhancements to a prototype clinical decision support
system for combat medics. Mil Med. Nov 8, 2023;188(Suppl 6):614-620. [doi: 10.1093/milmed/usad279] [Medline:
37948290]

JOURNAL OF MEDICAL INTERNET RESEARCH Bayor et al

https://www.jmir.org/2025/1/e63733 J Med Internet Res 2025 | vol. 27 | e63733 | p. 15
(page number not for citation purposes)

https://doi.org/10.7326/0003-4819-120-2-199401150-00007
http://www.ncbi.nlm.nih.gov/pubmed/8256973
https://doi.org/10.1136/openhrt-2023-002432
http://www.ncbi.nlm.nih.gov/pubmed/38016787
https://doi.org/10.1016/j.ijmedinf.2015.09.005
http://www.ncbi.nlm.nih.gov/pubmed/26391601
https://doi.org/10.1016/j.cmpb.2021.106169
http://www.ncbi.nlm.nih.gov/pubmed/34062492
https://doi.org/10.1111/jep.13582
http://www.ncbi.nlm.nih.gov/pubmed/33982356
https://doi.org/10.1093/jamiaopen/ooad051
http://www.ncbi.nlm.nih.gov/pubmed/37449057
https://doi.org/10.1136/bmj-2022-070904
https://doi.org/10.1136/bmj-2022-070904
http://www.ncbi.nlm.nih.gov/pubmed/35584845
https://doi.org/10.1109/SeGAH57547.2023.10253790
https://doi.org/10.2196/humanfactors.3524
https://doi.org/10.2196/humanfactors.3524
http://www.ncbi.nlm.nih.gov/pubmed/27025349
https://www.zotero.org/
https://doi.org/10.1057/ejis.2011.51
https://doi.org/10.1136/bmj.n71
http://www.ncbi.nlm.nih.gov/pubmed/33782057
https://www.jstor.org/stable/4132319
https://doi.org/10.4324/9780203793206
https://doi.org/10.4324/9780203793206
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=0b11094e818621cf7d8a826714f04237511b7316
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=0b11094e818621cf7d8a826714f04237511b7316
https://doi.org/10.1002/chp.47
http://www.ncbi.nlm.nih.gov/pubmed/16557505
https://doi.org/10.1007/s10257-014-0256-1
https://doi.org/10.1007/s10257-014-0256-1
https://doi.org/10.24251/HICSS.2023.353
https://doi.org/10.1097/CIN.0000000000000812
https://doi.org/10.1097/CIN.0000000000000812
http://www.ncbi.nlm.nih.gov/pubmed/34347639
https://doi.org/10.1145/3587271
https://doi.org/10.1093/milmed/usad279
http://www.ncbi.nlm.nih.gov/pubmed/37948290
https://www.jmir.org/2025/1/e63733


41. Abtahi H, Amini S, Gholamzadeh M, Gharabaghi MA. Development and evaluation of a mobile-based asthma clinical
decision support system to enhance evidence-based patient management in primary care. Inform Med Unlocked.
2023;37:101168. [doi: 10.1016/j.imu.2023.101168]

42. Kemppinen J, Korpela J, Elfvengren K, Salmisaari T, Polkko J. Decision support in evaluating the impacts of mental
disorders on work ability. Presented at: 47th Hawaii International Conference on System Sciences (HICSS); 2958-2966;
Waikoloa, HI. 2014.[doi: 10.1109/HICSS.2014.368]

43. Steffny L, Dahlem N, Reichl L, Gisa K, Greff T, Werth D. Design of a human-in-the-loop centered AI-based clinical
decision support system for professional care planning. In: Lukowicz P, Mayer S, Koch J, Shawe-Taylor J, Tiddi I,
editors. Frontiers in Artificial Intelligence and Applications. IOS Press BV; 2023:263-273. [doi: 10.3233/FAIA230090]

44. Wright A, Sittig DF, Ash JS, et al. Lessons learned from implementing service-oriented clinical decision support at four
sites: a qualitative study. Int J Med Inform. Nov 2015;84(11):901-911. [doi: 10.1016/j.ijmedinf.2015.08.008] [Medline:
26343972]

45. Khong PCB, Lee LN, Dawang AI. Modeling the construct of an expert evidence-adaptive knowledge base for a pressure
injury clinical decision support system. Informatics (MDPI). 2017;4(3):20. [doi: 10.3390/informatics4030020]

46. Beerlage-de Jong N, Wentzel J, Hendrix R, van Gemert-Pijnen L. The value of participatory development to support
antimicrobial stewardship with a clinical decision support system. Am J Infect Control. Apr 1, 2017;45(4):365-371. [doi:
10.1016/j.ajic.2016.12.001] [Medline: 28089673]

47. Garbern SC, Nelson EJ, Nasrin S, et al. External validation of a mobile clinical decision support system for diarrhea
etiology prediction in children: a multicenter study in Bangladesh and Mali. Elife. 2022;11. [doi: 10.7554/eLife.72294]

48. Vogel S, Reiswich A, Ritter Z, et al. Development of a clinical decision support system for smart algorithms in
emergency medicine. Stud Health Technol Inform. 2022;289:224-227. [doi: 10.3233/SHTI210900] [Medline:
35062133]

49. Tun Firzara AM, Teo CH, Teh SY, et al. Evaluation of an electronic clinical decision support system (DeSSBack) to
improve low back pain management: a pilot cluster randomized controlled trial. Fam Pract. Dec 22,
2023;40(5-6):742-752. [doi: 10.1093/fampra/cmad044] [Medline: 37237425]

50. Lopez MM, Lopez MM, de la Torre Diez I, Jimeno JCP, Lopez-Coronado M, Rodrigues J. Evaluating the QoE of a
mobile DSS for diagnosis of red eye diseases by medical students. Presented at: 2016 IEEE 18th International
Conference on e-Health Networking, Applications and Services (Healthcom) pp 1-6; Sep 14-16, 2016; Munich,
Germany. [doi: 10.1109/HealthCom.2016.7749498]

51. Sim LLW, Ban KHK, Tan TW, Sethi SK, Loh TP. Development of a clinical decision support system for diabetes care:
a pilot study. PLoS One. 2017;12(2):e0173021. [doi: 10.1371/journal.pone.0173021] [Medline: 28235017]

52. Nair KM, Malaeekeh R, Schabort I, Taenzer P, Radhakrishnan A, Guenter D. A clinical decision support system for
chronic pain management in primary care: usability testing and its relevance. J Innov Health Inform. Aug 13,
2015;22(3):329-332. [doi: 10.14236/jhi.v22i3.149] [Medline: 26577423]

53. Anakal SS, Sandhya P. Clinical decision support system for diagnosis and treatment of COPD using ensemble methods.
In: Intelligent Technologies: Concepts, Applications, and Future Directions, Volume 2. Springer Science and Business
Media Deutschland GmbH; 2023:1-23. Studies in Computational Intelligence. [doi: 10.1007/978-981-99-1482-1_1]
ISBN: 1860949X

54. Kropf M, Modre-Osprian R, Hayn D, Fruhwald F, Schreier G. Telemonitoring in heart failure patients with clinical
decision support to optimize medication doses based on guidelines. Annu Int Conf IEEE Eng Med Biol Soc.
2014;2014:3168-3171. [doi: 10.1109/EMBC.2014.6944295]

55. Conway N, Adamson KA, Cunningham SG, et al. Decision support for diabetes in Scotland: implementation and
evaluation of a clinical decision support system. J Diabetes Sci Technol. Mar 2018;12(2):381-388. [doi: 10.1177/
1932296817729489] [Medline: 28905658]

56. Breitbart EW, Choudhury K, Andersen AD, et al. Improved patient satisfaction and diagnostic accuracy in skin diseases
with a visual clinical decision support system—a feasibility study with general practitioners. PLoS One.
2020;15(7):e0235410. [doi: 10.1371/journal.pone.0235410] [Medline: 32726308]

57. Paydar P, Ebrahimpour S, Zehtab Hashemi H, Mohamadi M, Namazi S. Design, development and evaluation of an
application based on Clinical Decision Support Systems (CDSS) for over-the-counter (OTC) therapy: an educational
interventions in community pharmacists. J Adv Med Educ Prof. Apr 2023;11(2):95-104. [doi: 10.30476/JAMP.2022.
95843.1661] [Medline: 37113680]

58. Yin Z, Dong Z, Lu X, Yu S, Chen X, Duan H. A clinical decision support system for the diagnosis of probable migraine
and probable tension-type headache based on case-based reasoning. J Headache Pain. Apr 1, 2015;16:29. [doi: 10.1186/
s10194-015-0512-x] [Medline: 25907128]

59. Hosseini A, Asadi F, Arani LA. Development of a knowledge-based clinical decision support system for multiple
sclerosis diagnosis. J Med Life. 2020;13(4):612-623. [doi: 10.25122/jml-2020-0182] [Medline: 33456613]

JOURNAL OF MEDICAL INTERNET RESEARCH Bayor et al

https://www.jmir.org/2025/1/e63733 J Med Internet Res 2025 | vol. 27 | e63733 | p. 16
(page number not for citation purposes)

https://doi.org/10.1016/j.imu.2023.101168
https://doi.org/10.1109/HICSS.2014.368
https://doi.org/10.3233/FAIA230090
https://doi.org/10.1016/j.ijmedinf.2015.08.008
http://www.ncbi.nlm.nih.gov/pubmed/26343972
https://doi.org/10.3390/informatics4030020
https://doi.org/10.1016/j.ajic.2016.12.001
http://www.ncbi.nlm.nih.gov/pubmed/28089673
https://doi.org/10.7554/eLife.72294
https://doi.org/10.3233/SHTI210900
http://www.ncbi.nlm.nih.gov/pubmed/35062133
https://doi.org/10.1093/fampra/cmad044
http://www.ncbi.nlm.nih.gov/pubmed/37237425
https://doi.org/10.1109/HealthCom.2016.7749498
https://doi.org/10.1371/journal.pone.0173021
http://www.ncbi.nlm.nih.gov/pubmed/28235017
https://doi.org/10.14236/jhi.v22i3.149
http://www.ncbi.nlm.nih.gov/pubmed/26577423
https://doi.org/10.1007/978-981-99-1482-1_1
https://doi.org/10.1109/EMBC.2014.6944295
https://doi.org/10.1177/1932296817729489
https://doi.org/10.1177/1932296817729489
http://www.ncbi.nlm.nih.gov/pubmed/28905658
https://doi.org/10.1371/journal.pone.0235410
http://www.ncbi.nlm.nih.gov/pubmed/32726308
https://doi.org/10.30476/JAMP.2022.95843.1661
https://doi.org/10.30476/JAMP.2022.95843.1661
http://www.ncbi.nlm.nih.gov/pubmed/37113680
https://doi.org/10.1186/s10194-015-0512-x
https://doi.org/10.1186/s10194-015-0512-x
http://www.ncbi.nlm.nih.gov/pubmed/25907128
https://doi.org/10.25122/jml-2020-0182
http://www.ncbi.nlm.nih.gov/pubmed/33456613
https://www.jmir.org/2025/1/e63733


60. Segal G, Segev A, Brom A, Lifshitz Y, Wasserstrum Y, Zimlichman E. Reducing drug prescription errors and adverse
drug events by application of a probabilistic, machine-learning based clinical decision support system in an inpatient
setting. J Am Med Inform Assoc. Dec 1, 2019;26(12):1560-1565. [doi: 10.1093/jamia/ocz135]

61. Tarnowska KA, Dispoto BC, Conragan J. Explainable AI-based clinical decision support system for hearing disorders.
AMIA Jt Summits Transl Sci Proc. 2021;2021:595-604. [Medline: 34457175]

62. Zhang X, Svec M, Tracy R, Ozanich G. Clinical decision support systems with team-based care on type 2 diabetes
improvement for Medicaid patients: a quality improvement project. Int J Med Inform. Feb 2022;158:104626. [doi: 10.
1016/j.ijmedinf.2021.104626]

63. Shalom E, Goldstein A, Ariel E, et al. Distributed application of guideline-based decision support through mobile
devices: implementation and evaluation. Artif Intell Med. Jul 2022;129:102324. [doi: 10.1016/j.artmed.2022.102324]
[Medline: 35659389]

64. Farmer N. An update and further testing of a knowledge-based diagnostic clinical decision support system for
musculoskeletal disorders of the shoulder for use in a primary care setting. J Eval Clin Pract. Oct 2014;20(5):589-595.
[doi: 10.1111/jep.12153] [Medline: 24828447]

65. Alhodaib HI, Antza C, Chandan JS, et al. Mobile clinical decision support system for the management of diabetic
patients with kidney complications in UK primary care settings: mixed methods feasibility study. JMIR Diabetes. Nov
18, 2020;5(4):e19650. [doi: 10.2196/19650] [Medline: 33206055]

66. Nasir IS, Mousa AH, Ali Alkhafaji SM, Abdul Hussein WS, Jasim ZR, Ali SQ. Virtual data integration for a clinical
decision support systems. Int J Electrical Comput Eng. Oct 1, 2023;13(5):5243. [doi: 10.11591/ijece.v13i5.pp5243-
5252]

67. Barigou NB, Barigou F, Benchehida C, Atmani B, Belalem G. The design of a cloud-based clinical decision support
system prototype: management of drugs intoxications in childhood. Int J Healthc Inf Syst Inform. 2018;13(4):28-48.
[doi: 10.4018/IJHISI.2018100103]

68. Kieffer S, Gouze A, Vanderdonckt J. A multimodal, usable, and flexible clinical decision-support system for breast
cancer diagnosis and reporting. SN Comput Sci. Nov 11, 2022;4(1):49. [doi: 10.1007/s42979-022-01451-z]

69. Seitinger A, Fehre K, Adlassnig KP, et al. An Arden-Syntax-based clinical decision support framework for medical
guidelines--Lyme borreliosis as an example. Stud Health Technol Inform. 2014;198:125-132. [Medline: 24825694]

70. Ray JM, Ahmed OM, Solad Y, et al. Computerized clinical decision support system for emergency department-initiated
buprenorphine for opioid use disorder: user-centered design. JMIR Hum Factors. Feb 27, 2019;6(1):e13121. [doi: 10.
2196/13121] [Medline: 30810531]

71. Luna D, Otero C. Redesign of a clinical decision support system for a drug—drug interaction alert ( Extended
publication: User-centered design improves the usability of drug-drug interaction alerts: Experimental comparison of
interfaces). [doi: 10.1016/j.jbi.2017.01.009] [Medline: 28108211]

72. Michot E, Woo J, Mouline L, et al. Towards a clinical decision support system for helping medical students in
emergency call centers. Stud Health Technol Inform. May 25, 2022;294:425-429. [doi: 10.3233/SHTI220494] [Medline:
35612115]

73. Shahmoradi L, Safdari R, Mirhosseini MM, Rezayi S, Javaherzadeh M. Development and evaluation of a clinical
decision support system for early diagnosis of acute appendicitis. Sci Rep. Nov 11, 2023;13(1):19703. [doi: 10.1038/
s41598-023-46721-9]

74. Knight SR, Cao KN, South M, Hayward N, Hunter JP, Fox J. Development of a clinical decision support system for
living kidney donor assessment based on national guidelines. Transplantation. 2018;102(10):e447-e453. [doi: 10.1097/
TP.0000000000002374]

75. Tanguay-Sela M, Benrimoh D, Popescu C, et al. Evaluating the perceived utility of an artificial intelligence-powered
clinical decision support system for depression treatment using a simulation center. Psychiatry Res. Feb
2022;308:114336. [doi: 10.1016/j.psychres.2021.114336] [Medline: 34953204]

76. Silva EAT, Gomez IFL, Arango JFF, Smith JW, Ocampo SU, Hidalgo JE. Evaluation of satisfaction and usability of a
clinical decision support system (CDSS) targeted for early obstetric risk assessment and patient follow-up. Presented at:
Proceedings of the IADIS International Conference e-Health 2018; Madrid. 2018.URL: https://bit.ly/44PHend
[Accessed 2025-06-16]

77. Ye Y, Diao X, Jiang Z, Du G. A knowledge-based variance management system for supporting the implementation of
clinical pathways. Presented at: 2009 International Conference on Management and Service Science (MASS); Sep
20-22, 2009; Beijing, China. [doi: 10.1109/ICMSS.2009.5305190]

78. Choi A, Choi SY, Chung K, et al. Development of a machine learning-based clinical decision support system to predict
clinical deterioration in patients visiting the emergency department. Sci Rep. May 26, 2023;13(1):8561. [doi: 10.1038/
s41598-023-35617-3] [Medline: 37237057]

JOURNAL OF MEDICAL INTERNET RESEARCH Bayor et al

https://www.jmir.org/2025/1/e63733 J Med Internet Res 2025 | vol. 27 | e63733 | p. 17
(page number not for citation purposes)

https://doi.org/10.1093/jamia/ocz135
http://www.ncbi.nlm.nih.gov/pubmed/34457175
https://doi.org/10.1016/j.ijmedinf.2021.104626
https://doi.org/10.1016/j.ijmedinf.2021.104626
https://doi.org/10.1016/j.artmed.2022.102324
http://www.ncbi.nlm.nih.gov/pubmed/35659389
https://doi.org/10.1111/jep.12153
http://www.ncbi.nlm.nih.gov/pubmed/24828447
https://doi.org/10.2196/19650
http://www.ncbi.nlm.nih.gov/pubmed/33206055
https://doi.org/10.11591/ijece.v13i5.pp5243-5252
https://doi.org/10.11591/ijece.v13i5.pp5243-5252
https://doi.org/10.4018/IJHISI.2018100103
https://doi.org/10.1007/s42979-022-01451-z
http://www.ncbi.nlm.nih.gov/pubmed/24825694
https://doi.org/10.2196/13121
https://doi.org/10.2196/13121
http://www.ncbi.nlm.nih.gov/pubmed/30810531
https://doi.org/10.1016/j.jbi.2017.01.009
http://www.ncbi.nlm.nih.gov/pubmed/28108211
https://doi.org/10.3233/SHTI220494
http://www.ncbi.nlm.nih.gov/pubmed/35612115
https://doi.org/10.1038/s41598-023-46721-9
https://doi.org/10.1038/s41598-023-46721-9
https://doi.org/10.1097/TP.0000000000002374
https://doi.org/10.1097/TP.0000000000002374
https://doi.org/10.1016/j.psychres.2021.114336
http://www.ncbi.nlm.nih.gov/pubmed/34953204
https://bit.ly/44PHend
https://doi.org/10.1109/ICMSS.2009.5305190
https://doi.org/10.1038/s41598-023-35617-3
https://doi.org/10.1038/s41598-023-35617-3
http://www.ncbi.nlm.nih.gov/pubmed/37237057
https://www.jmir.org/2025/1/e63733


79. Johnson AEW, Ghassemi MM, Nemati S, Niehaus KE, Clifton DA, Clifford GD. Machine learning and decision support
in critical care. Proc IEEE Inst Electr Electron Eng. Feb 2016;104(2):444-466. [doi: 10.1109/JPROC.2015.2501978]
[Medline: 27765959]

80. Choudhury N, Ara S. A survey on case-based reasoning in medicine. Int J Adv Comput Sci Appl. 2016;7(8):136-144.
[doi: 10.14569/IJACSA.2016.070820]

81. Bau CT, Chen RC, Huang CY. Construction of a clinical decision support system for undergoing surgery based on
domain ontology and rules reasoning. Telemed J E Health. May 2014;20(5):460-472. [doi: 10.1089/tmj.2013.0221]
[Medline: 24730353]

82. Mandel JC, Kreda DA, Mandl KD, Kohane IS, Ramoni RB. SMART on FHIR: a standards-based, interoperable apps
platform for electronic health records. J Am Med Inform Assoc. Sep 2016;23(5):899-908. [doi: 10.1093/jamia/ocv189]
[Medline: 26911829]

83. Amann J, Vetter D, Blomberg SN, et al. To explain or not to explain?—Artificial intelligence explainability in clinical
decision support systems. PLoS Digit Health. Feb 2022;1(2):e0000016. [doi: 10.1371/journal.pdig.0000016] [Medline:
36812545]

84. Zon M, Ganesh G, Deen MJ, Fang Q. Context-aware medical systems within healthcare environments: a systematic
scoping review to identify subdomains and significant medical contexts. Int J Environ Res Public Health. Jul 19,
2023;20(14):6399. [doi: 10.3390/ijerph20146399] [Medline: 37510631]

85. Chenthara S, Ahmed K, Wang H, Whittaker F. Security and privacy-preserving challenges of e-Health solutions in cloud
computing. IEEE Access. 2019;7:74361-74382. [doi: 10.1109/ACCESS.2019.2919982]

86. Abouelmehdi K, Beni-Hssane A, Khaloufi H, Saadi M. Big data security and privacy in healthcare: a review. Procedia
Comput Sci. 2017;113:73-80. [doi: 10.1016/j.procs.2017.08.292]

87. Ronquillo JG. How the electronic health record will change the future of health care. Yale J Biol Med. Sep
2012;85(3):379-386. [Medline: 23012585]

88. De Vito Dabbs A, Myers BA, Mc Curry KR, et al. User-centered design and interactive health technologies for patients.
Comput Inform Nurs. 2009;27(3):175-183. [doi: 10.1097/NCN.0b013e31819f7c7c] [Medline: 19411947]

89. Siek KA. Expanding human computer interaction methods to understand user needs in the design process of personal
health systems. Yearb Med Inform. Aug 2018;27(1):74-78. [doi: 10.1055/s-0038-1667073] [Medline: 30157508]

90. Arsand E, Demiris G. User-centered methods for designing patient-centric self-help tools. Inform Health Soc Care. Sep
2008;33(3):158-169. [doi: 10.1080/17538150802457562] [Medline: 18850399]

91. Arrighi PA, Mougenot C. Towards user empowerment in product design: a mixed reality tool for interactive virtual
prototyping. J Intell Manuf. Feb 15, 2019;30(2):743-754. [doi: 10.1007/s10845-016-1276-0]

92. Wang D, Wang L, Zhang Z, et al. “Brilliant ai doctor” in rural clinics: challenges in ai-powered clinical decision support
system deployment. Presented at: CHI ’21: Proceedings of the 2021 CHI Conference on Human Factors in Computing
Systems; 1-18; Online Virtual Conference. May 7, 2021.[doi: 10.1145/3411764.3445432]

93. Antoniadi AM, Du Y, Guendouz Y, et al. Current challenges and future opportunities for XAI in machine learning-based
clinical decision support systems: a systematic review. Appl Sci (Basel). Jan 2021;11(11):5088. [doi: 10.3390/
app11115088]

94. Morley J, Machado CCV, Burr C, et al. The ethics of AI in health care: a mapping review. Soc Sci Med. Sep
2020;260:113172. [doi: 10.1016/j.socscimed.2020.113172] [Medline: 32702587]

95. Beeler PE, Bates DW, Hug BL. Clinical decision support systems. Swiss Med Wkly. 2014;144(5152):w14073-w14073.
[doi: 10.4414/smw.2014.14073] [Medline: 25668157]

96. Bender D, Sartipi K. HL7 FHIR: an agile and restful approach to healthcare information exchange. Presented at: 2013
IEEE 26th International Symposium on Computer-Based Medical Systems (CBMS; Jun 20-22, 2013:326-331; Porto,
Portugal. [doi: 10.1109/CBMS.2013.6627810]

97. El-Sappagh SH, El-Masri S. A distributed clinical decision support system architecture. Journal of King Saud University
- Computer and Information Sciences. Jan 2014;26(1):69-78. [doi: 10.1016/j.jksuci.2013.03.005]

98. Xu B, Li C, Zhuang H, et al. Distributed gene clinical decision support system based on cloud computing. BMC Med
Genomics. Nov 20, 2018;11(Suppl 5):100. [doi: 10.1186/s12920-018-0415-1] [Medline: 30454054]

99. Bakry A, Sultan K, Khan MAA, Farooqui M, Musleh D. Clinical decision support system in virtual clinic. J comput
theor nanosci. Jun 1, 2018;15(6):1795-1804. [doi: 10.1166/jctn.2018.7313]

100. Bhavnani SP, Sitapati AM. Virtual Care 2.0—a vision for the future of data-driven technology-enabled healthcare. Curr
Treat Options Cardio Med. May 2019;21(5):21. [doi: 10.1007/s11936-019-0727-2]

101. Bidoli C, Pegoraro V, Dal Mas F, et al. Virtual hospitals: the future of the healthcare system? An expert consensus. J
Telemed Telecare. Jan 2025;31(1):121-133. [doi: 10.1177/1357633X231173006] [Medline: 37226478]

102. Babaei N, Zamanzadeh V, Valizadeh L, et al. Virtual care in the health care system: a concept analysis. Scand J Caring
Sci. Mar 2024;38(1):35-46. [doi: 10.1111/scs.13227] [Medline: 38009448]

JOURNAL OF MEDICAL INTERNET RESEARCH Bayor et al

https://www.jmir.org/2025/1/e63733 J Med Internet Res 2025 | vol. 27 | e63733 | p. 18
(page number not for citation purposes)

https://doi.org/10.1109/JPROC.2015.2501978
http://www.ncbi.nlm.nih.gov/pubmed/27765959
https://doi.org/10.14569/IJACSA.2016.070820
https://doi.org/10.1089/tmj.2013.0221
http://www.ncbi.nlm.nih.gov/pubmed/24730353
https://doi.org/10.1093/jamia/ocv189
http://www.ncbi.nlm.nih.gov/pubmed/26911829
https://doi.org/10.1371/journal.pdig.0000016
http://www.ncbi.nlm.nih.gov/pubmed/36812545
https://doi.org/10.3390/ijerph20146399
http://www.ncbi.nlm.nih.gov/pubmed/37510631
https://doi.org/10.1109/ACCESS.2019.2919982
https://doi.org/10.1016/j.procs.2017.08.292
http://www.ncbi.nlm.nih.gov/pubmed/23012585
https://doi.org/10.1097/NCN.0b013e31819f7c7c
http://www.ncbi.nlm.nih.gov/pubmed/19411947
https://doi.org/10.1055/s-0038-1667073
http://www.ncbi.nlm.nih.gov/pubmed/30157508
https://doi.org/10.1080/17538150802457562
http://www.ncbi.nlm.nih.gov/pubmed/18850399
https://doi.org/10.1007/s10845-016-1276-0
https://doi.org/10.1145/3411764.3445432
https://doi.org/10.3390/app11115088
https://doi.org/10.3390/app11115088
https://doi.org/10.1016/j.socscimed.2020.113172
http://www.ncbi.nlm.nih.gov/pubmed/32702587
https://doi.org/10.4414/smw.2014.14073
http://www.ncbi.nlm.nih.gov/pubmed/25668157
https://doi.org/10.1109/CBMS.2013.6627810
https://doi.org/10.1016/j.jksuci.2013.03.005
https://doi.org/10.1186/s12920-018-0415-1
http://www.ncbi.nlm.nih.gov/pubmed/30454054
https://doi.org/10.1166/jctn.2018.7313
https://doi.org/10.1007/s11936-019-0727-2
https://doi.org/10.1177/1357633X231173006
http://www.ncbi.nlm.nih.gov/pubmed/37226478
https://doi.org/10.1111/scs.13227
http://www.ncbi.nlm.nih.gov/pubmed/38009448
https://www.jmir.org/2025/1/e63733


103. Saad M, Chan S, Nguyen L, Srivastava S, Appireddy R. Patient perceptions of the benefits and barriers of virtual
postnatal care: a qualitative study. BMC Pregnancy Childbirth. Aug 7, 2021;21(1):543. [doi: 10.1186/s12884-021-
03999-9] [Medline: 34364367]

104. Kabene SM. Healthcare and the Effect of Technology: Developments, Challenges, and Advancements. IGI Global;
2010. URL: https://www.teamsofleaders.org/ToL_Health_IGI.pdf [Accessed 2024-05-13]

105. Du Y, Rafferty AR, McAuliffe FM, Mehegan J, Mooney C. Towards an explainable clinical decision support system for
large-for-gestational-age births. PLoS ONE. 2023;18(2):e0281821. [doi: 10.1371/journal.pone.0281821] [Medline:
36809384]

106. Bezemer T, de Groot MC, Blasse E, et al. A human(e) factor in clinical decision support systems. J Med Internet Res.
Mar 19, 2019;21(3):e11732. [doi: 10.2196/11732] [Medline: 30888324]

Abbreviations
AI: artificial intelligence
CDSS: clinical decision support systems
EHR: electronic health record
GTLR: grounded theory literature review
MeSH: Medical Subject Headings
PHR: personal health record
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
UCD: user-centered design
UX: user experience
XAI: explainable artificial intelligence

Edited by Taiane de Azevedo Cardoso; peer-reviewed by Ali Hadianfard, Ijeoma Ezeji, Jared M Wohlgemut, Joseph Walsh;
submitted 28.06.2024; final revised version received 25.04.2025; accepted 25.04.2025; published 20.06.2025

Please cite as:
Bayor AA, Li J, Yang IA, Varnfield M
Designing Clinical Decision Support Systems (CDSS)—A User-Centered Lens of the Design Characteristics, Challenges,
and Implications: Systematic Review
J Med Internet Res 2025;27:e63733
URL: https://www.jmir.org/2025/1/e63733
doi: 10.2196/63733

© Andrew A Bayor, Jane Li, Ian A Yang, Marlien Varnfield. Originally published in the Journal of Medical Internet Research
(https://www.jmir.org), 20.06.2025. 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 reproduc-
tion in any medium, provided the original work, first published in the Journal of Medical Internet Research (ISSN 1438-8871),
is properly cited. The complete bibliographic information, a link to the original publication on https://www.jmir.org/, as well as
this copyright and license information must be included.

JOURNAL OF MEDICAL INTERNET RESEARCH Bayor et al

https://www.jmir.org/2025/1/e63733 J Med Internet Res 2025 | vol. 27 | e63733 | p. 19
(page number not for citation purposes)

https://doi.org/10.1186/s12884-021-03999-9
https://doi.org/10.1186/s12884-021-03999-9
http://www.ncbi.nlm.nih.gov/pubmed/34364367
https://www.teamsofleaders.org/ToL_Health_IGI.pdf
https://doi.org/10.1371/journal.pone.0281821
http://www.ncbi.nlm.nih.gov/pubmed/36809384
https://doi.org/10.2196/11732
http://www.ncbi.nlm.nih.gov/pubmed/30888324
https://www.jmir.org/2025/1/e63733
https://doi.org/10.2196/63733
https://www.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://www.jmir.org/
https://www.jmir.org/2025/1/e63733

	Designing Clinical Decision Support Systems (CDSS)—A User-Centered Lens of the Design Characteristics, Challenges, and Implications: Systematic Review
	Introduction
	Methods
	Data Sources and Search Strategy
	Eligibility Criteria and Data Extraction
	Analysis and Reporting

	Results
	Review Characteristics
	Design Characteristics
	Design Challenges

	Discussion
	Implications for Future Design of CDSS
	Adopting a UCD Approach in the Iterative Design Process
	Enhancing Integration With Digital Health Technologies
	Implementing CDSS That Support Both Clinician-Facing and Patient-Facing Roles
	Harnessing XAI and Human-in-the-Loop Techniques in CDSS Design
	Limitations
	Conclusions



