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Abstract 
Objectives: Despite the significant potential for Clinical Decision Support Systems (CDSSs) to improve care processes and 
health outcomes, several barriers hinder their widespread implementation in healthcare. While numerous systematic 
reviews have summarized potential barriers and facilitators for CDSS implementation, a comprehensive framework to 
guide and evaluate the implementation of CDSSs in healthcare is lacking. This overview of reviews, aims to establish a 
framework—GUIDE-CDSS—aimed at guiding and evaluating implementation of CDSSs in healthcare.

Materials and Methods: An overview of systematic and scoping reviews was conducted by searching 6 databases. System
atic reviews or scoping reviews that used qualitative research methods to described implementation determinants for 
CDSSs in the healthcare domain were included. The AMSTAR 2 tool was used to assess the methodological quality. Results 
were collated into the GUIDE-CDSS framework. This framework describes implementation determinants and elements 
within those determinants found to impact implementation of CDSSs in healthcare.

Results: Twenty-three reviews were included in the analysis. All reviews had at least 2 critical weaknesses, showing a lim
ited methodological quality of included reviews. Eight determinants and 38 elements for implementation of CDSSs in 
healthcare and were described in the GUIDE-CDSS framework: perceived relevance, perceived effect, trustworthiness, 
ease of use, workflow, training and skills, resources, and implementation strategy.

Discussion and Conclusion: This overview provides a comprehensive synthesis of the determinants influencing the imple
mentation of CDSSs in healthcare, collated in the GUIDE-CDSS framework. The findings underscore that for successful 
CDSS development, implementation and evaluation is multifactorial.

Protocol registration: This study was registered in PROSPERO (No. CRD42024512455).
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Introduction
To maintain accessible, affordable, and high-quality healthcare, 
a transition is needed from a population-based, disease-specific 
approach to a person-centered care that can better address the 
diverse health needs of a growing global population.1 Person- 
centered care focuses on the ideal of whole-person care and 
shared decision making.2 This shift from a reliance on population- 
level evidence (ie, group averages) and generalized guidelines to
ward person centered care is ongoing and rapidly accelerating 
due to a number of factors: (1) the inherently person-centered na
ture of healthcare, which by definition requires a personalized ap
proach,3 (2) the expanding range of diagnostic and treatment 
options,4,5 (3) the increasing demand for healthcare services amid 
limited resources,6 (4) the growing availability of large-scale, 
global datasets that remain largely untapped,7 (5) rapid develop
ment of evidence in healthcare.8 As a result Clinical Decision 
Support Systems (CDSSs) have emerged as critical tools for per
sonalizing healthcare and enhancing clinical decision-making.9

These systems are increasingly used at the point of care, support
ing individualized diagnostic, prognostic, and treatment deci
sions.10 CDSSs leverage advanced data-driven models to make 
patient-specific inferences based on population data. Early exam
ples of CDSSs, such as the STarT Back Screening Tool11 and the 
OCTOPUS stratification tool,12 facilitate stratified healthcare by 
classifying patients into clinically meaningful subgroups. While 
these approaches have shown some benefit in improving health 
outcomes, the field is now shifting toward truly personalized 
healthcare.3 In this next phase, advanced, AI-driven CDSSs offer 
considerable promise. By applying machine learning techniques, 
AI-based systems can generate accurate, individualized insights, 
providing clinicians and patients with the information necessary 
to make well-informed treatment decisions.13 For example, a 
CDSS could predict the likely outcomes of various treatment 
options for a specific patient by analyzing data from similar cases, 
thereby guiding clinicians and patients toward the most effective 
treatment plan.

Despite the significant potential for CDSSs to improve care 
processes and health outcomes, several barriers hinder their 
widespread implementation. Foremost among these challenges 
is the limited availability of robust, validated prediction models,14

which is partly due to the absence of standardized methods for 
collecting critical data on factors influencing healthcare out
comes, such as personal characteristics (eg, resilience, health 
literacy, motivation) and socioeconomic variables.7 Although 
multiple frameworks address aspects of technology adoption and 
implementation, no single framework fully captures the range of 
determinants specific to CDSS implementation in healthcare, of
ten necessitating the combined use or adaptation of existing 
models.15–19 This framework is necessary not only to plan for suc
cessful implementation but also to evaluate its effectiveness 
across diverse healthcare settings. Without such a framework, we 
cannot systematically identify and address the key determi
nants—such as organizational culture, technological infrastruc
ture, and clinician engagement—that are crucial for enhancing 
the successful uptake of CDSSs.

The findings from this study will inform the development, im
plementation, and evaluation of an advanced Clinical Decision 
Support System (CDSS) within the EU Horizon-funded PREPARE 

project, showcasing the value of the proposed framework. PRE
PARE is a multinational project focused on creating data-driven 
tools for personalized, holistic rehabilitation and care. To sup
port this aim, we conducted an overview of existing reviews to 
inform the development, implementation, and evaluation of the 
CDSS tools.

This overview of systematic and scoping reviews describes 
the current qualitative evidence on the implementation deter
minants of CDSSs in healthcare settings and collates them into 
the GUIDE-CDSS framework.

Methods
An overview of systematic and scoping reviews was performed to 
summarize published literature related to the implementation of 
CDSSs in healthcare. This study was registered in PROSPERO (No. 
CRD42024512455) and reported according to the PRISMA check
list and preferred reporting items for overviews of reviews 
(PRIOR).20,21 In this overview of reviews, we analyzed the qualita
tive results of the registered PROSPERO protocol. This decision 
was driven by the large number of eligible reviews and by the dis
tinct analytical requirements of qualitative versus quantitative 
outcomes The quantitative results will be reported elsewhere.

Literature search
A systematic search of 6 databases was conducted [MEDLINE 
(through PubMed), Cochrane, Embase, IEEE Xplore, ACM Digital 
Library, Episthemonikos] from January 1, 2014 until December 
5, 2023. The limited timeframe was chosen to only include state- 
of-the-art evidence. Reference lists of included reviews were 
hand-searched for other reviews. Key search terms were related 
to “clinical decision support” and “systematic review.” The used 
search string for each database can be found in Appendix S1.

Study selection
Studies were included if they were systematic reviews, meta- 
analyses or scoping reviews that used individual patient data and 
some type of statistical model to support clinical decision making 
(eg, patient profiling, risk assessment, diagnostic support, disease 
progression modeling, personalized treatment recommendations, 
outcome prediction, therapy response monitoring, or patient 
monitoring) within the healthcare context. We excluded rule- 
based systems, such as alarm systems, computerized reminders, 
and guideline-based process support tools. While these systems 
are often categorized under the term CDSS, they primarily pro
vide standardized protocol support rather than enabling data- 
driven personalization of care, which was the central focus of 
this overview. Furthermore, studies needed to at least assess 
qualitative implementation outcomes of implementation of 
CDSSs. Exclusion criteria were: (1) if the functions of the included 
CDSS were patient safety monitoring, administrative functions 
or process improvement (eg, alarm systems, computerized 
reminders, computerized guidelines, patient data reports, doc
umentation templates, clinical workflow tools), (2) non-English 
articles, and/or (3) reviews of model-based cost evaluations. 
Non-English articles were excluded to ensure the overview 
reflects the state-of-the-art applicable to an international audience. 
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Given that non-English publications often report findings specific 
to a particular country or region, they were deemed less relevant 
for the purposes of this review.

Two pairs of reviewers (N.B. and J.K., E.R.C.J. and G.F.) inde
pendently conducted the study selection. Each pair screened 
half of the found studies, using the Rayyan software.22 First, title 
and abstract were screened for eligibility. Second, the full texts 
of the eligible articles were retrieved and reviewed. Discrepan
cies in all phases were solved during a consensus meeting with 
all 4 reviewers, and when necessary, an expert reviewer (C.K.) re
solved final conflicts. If no full text was available a maximum of 
3 attempts was made to contact the corresponding author. If 
the full text could not be retrieved, the study was excluded.

Risk of bias
Four individual reviewers (E.R.C.J., G.F., N.B., and J.K.) applied 
the AMSTAR 2 tool to assess the methodological quality of the in
cluded reviews.23 The AMSTAR 2 is not intended to generate 
an overall score, but rather to assist in the identification of 
high-quality systematic reviews. Through the appraisal of the 16 
AMSTAR 2 items, critical and non-critical weaknesses were identi
fied in the context of our overview. Risk of Bias (RoB) assessments 
of included reviews were assessed to identify methodological 
weaknesses across reviews. The reviewers then judged the overall 
confidence in the results of the included reviews, based on 
combined Risk of Bias assessments and AMSTAR 2 results were 
possible.24 Disagreement between the reviewers was resolved 
through a consensus meeting with an expert reviewer (C.K.).

Data extraction
Four reviewers (N.B., G.F., J.K., and E.R.C.J.) independently 
extracted data using Castor (version 2025.4.0; Castor, Amster
dam, the Netherlands). N.B. and G.F. cross-checked each other’s 
extractions, as did J.K. and E.R.C.J. The following data on in
cluded reviews were extracted: author(s), year of review, aim/ 
scope of review, in- and exclusion criteria, time frame of inclu
sions, method of review, number of included papers, types of 
papers included, risk of bias assessment, major findings, recom
mendations/critical appraisal (eg, level of evidence table/GRADE 
table). Several dimensions of individual CDSS design features 
were recorded: type of CDSS, patient population, clinical task 
addressed, geographical coverage. Barriers and facilitators of 
CDSS implementation were extracted and tabulated using Excel 
(version 2408, Microsoft, Redmond, United States) as free text, 
to reflect implementation determinants.

Synthesis of results
Descriptive statistics were reported for study characteristics and 
CDSS characteristics. A narrative review was conducted for all 
implementation outcomes using the SWiM guideline.25 Both the 
ENTREQ and eMERGe guidelines were considered not applicable 
as they guide reviews of primary studies. Qualitative data were 
described as implementation determinants when applicable 
and synthesized for similar outcomes into overarching imple
mentation determinants and associated elements to improve 
their coherence. This grouping was performed using a thematic 

analysis approach, in which we drew initial elements from bar
riers and facilitators with similarities in semantics and meaning, 
reported by the reviews (source data). Thereafter, we identified 
broader implementation determinants reflecting meaningful 
concepts for implementing a CDSS in practice. All authors 
reviewed and refined these implementation determinants, dur
ing consensus rounds. Determinants were established through 
discussion with the involved authors until consensus was 
reached. We did not analyze if there was overlap of primary 
studies between the included reviews, as this would not influ
ence the outcome of this overview. If overlap between identified 
barriers and facilitators was found they were comprised into a 
single element (see Appendix S2).

Results
Characteristics of included reviews
Our search yielded 11 310 papers of which 13 reviews reporting 
mixed (both quantitative and qualitative) outcomes and 10 
reviews reporting qualitative outcomes were eligible, see 
Figure  1. They included results from 615 primary studies from 
diverse medical fields. Included reviews reported on studies 
from Europe (n = 17), North America (n = 17), South America 
(N = 1), Africa (n = 4), Asia (N = 12) and Oceania (N = 11). We found 
5 reviews from the field of general medicine, 3 from nursing, 3 
from oncology, 2 from cardiology, 2 from genetics, 2 from infec
tious diseases, 1 from allied healthcare, 1 from emergency medi
cine, 1 from hospital care, 1 from internal medicine, 1 on COVID- 
19, and 1 with a generic hospital perspective. Details on the 
study characteristics can be found in Table S1. The authors de
scribed the use of CDSS in their respective fields in a qualita
tive manner.

Assessment of quality
We applied the Amstar 2 to assess the methodological quality of 
the reviews, see Table S2. The domains on the appropriateness 
of meta-analysis, RoB on meta-analysis results and assessment 
of publication bias were not scored for any of the included 
reviews. As such 2 of the 7 critical domains were not assessed in 
this overview of reviews. This should be considered when inter
preting the overall confidence in the results of our overview. 
There were no reviews without less than 2 critical weaknesses, 
there were 2 studies with 2 major weaknesses, 5 with 3 major 
weaknesses, 4 with 4 major weaknesses and 12 with 5 major 
weaknesses. Included reviews used varying tools, criteria, or 
thresholds to judge the RoB in primary studies, as such no syn
thesis of the risk of bias of primary studies or overall level of 
confidence assessment was performed.

Implementation determinants
Our synthesis of the reviews identified 8 implementation deter
minants (ie, barriers and/or facilitators for implementation) 
from 38 elements. The elements within the implementation 
determinants describe the prerequisites for implementing CDSS 
in healthcare practice with more granularity. The 
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implementation determinants and their associated elements 
are described in Table 1.

1) Perceived relevance  
Perceived relevance refers to the degree to which the CDSS is per

ceived to align with the clinical context in which it is (intended to 
be) implemented.26–39 The 6 elements of perceived relevance were: 
relevance of the outcome of the CDSS,26–29,32,34,36 relevance within 

the context,25–28,31,33,35 personalization within the context,24–27,30, 

32,34 timeliness of information,23–26,29,31,33 alignment with organiza
tional goals,22–25,28,30,32 and accuracy of the content.21–24,27,29,31

2) Perceived effect  
Perceived effect refers to the degree to which the CDSS is per

ceived to have an influence on the outcome or process of care 
and was described as an implementation determinant by 11 
reviews.26,29,30,32,33,36,38,40–42 The 4 elements of perceived 

Figure 1. PRISMA flowchart.
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relevance were: influence on treatment outcome, influence on 
communication, influence on care process, and influence on pa
tient and professional satisfaction. 
3) Trustworthiness  

Trustworthiness refers to the qualities of the CDSS that make 
the user (dis)trust the tool they are using, which was reported as 
an implementation determinant by 16 reviews.26,28–30,32–36,38–44

The 6 elements of trustworthiness were: attitude toward CDSS, 
respect for user autonomy, organizational culture, reliability of 
information, medicolegal compliance, and performance of un
derlying model. 

4) Ease of use  
The ease of use of the CDSS refers to the degree to which the sys

tem is being user-friendly in practice and was described as an im
plementation determinant by 15 reviews.26–29,31–34,36,39,41,43–45 The 

6 elements of ease of use were: integration within current systems, 
available functionalities, CDSS fit for purpose, technical compatibil
ity, look and feel of interface, and standardization of data. 
5) Workflow  

Workflow refers to the degree to which the implementation 
of the CDSS interrupts or facilitates the normal care process 
and was described as an implementation determinant by 
17 reviews.26–36,38–41,43,44 The 4 elements of workflow were: 
integration within usual workflow, time and effort to use 
CDSS, appropriateness of alerts, and providing structure 
and guidance. 

6) Training and skills  
Training and skills refers to the ability, knowledge or training 

of the user required to use the CDSS and was reported as an 
implementation determinant by 14 reviews.26–34,38,39,41,44,45

Table 1. Implementation determinants and elements

Implementation determinant N of reviews Elements N of reviews

Perceived relevance 14 Relevance of the outcome of the CDSS 926–28,30–32,35–37

Relevance within the context 826–29,32,34,36

Personalization within the context 726,28,29,31,33,38,39

Timeliness of information 328,29,34

Alignment with organizational goals 226,28

Accuracy of the content 227,29

Perceived effect 11 Influence on treatment outcome 926,29,30,32,33,36,38,40,42

Influence on communication 826,28,29,32,36,38,41,42

Influence on care process 826,29,30,32,33,38,40,43

Influence on patient and professional satisfaction 228,32

Trustworthiness 16 Attitude toward CDSS 1126,28,31–34,38,40,42–44

Respect for user autonomy 726,28,32,36,38,41,42

Organizational culture 726,28,29,32,33,39,44

Reliability of information 526,28,30,32,36

Medicolegal compliance 326,28,41

Performance of underlying model 128

Ease of use 15 Integration within current systems 1126–29,31,32,34,36,39,41,43

Available functionalities 1126–29,31–33,36,38,44,45

CDSS fit for purpose 926–29,32,33,36,39,45

Technical compatibility 630,32–34,36,39

Look and feel of interface 629,32,36,39,44,45

Standardization of data 226,39

Workflow 17 Integration within usual workflow 1326–32,34,36,39,43,44

Time and effort to use CDSS 1026–29,31–33,36,41,43

Appropriateness of alerts 826,27,29,31,32,35,39,41

Providing structure and guidance 428,29,32,41

Training and skills 14 Training and education 1226–33,38,41,44,45

Knowledge of CDSS 926,27,29–31,33,34,39,41

Supports knowledge 526,28,29,32,38

Technical skill level 426,32,33

Resources 12 Financial 726,29,31,32,37–39

Technical 527,29,32–34

Staff capacity 526,28,29,31,41

Vendors 126

Implementation strategy 9 Implementation planning 526,28,29,33,39

Incentives for use 528,31,32,34,36

Local champions 226,39

Advocated by professional/regulatory body 128
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The 4 elements of training and skills were: training and educa
tion, knowledge of CDSS, supports knowledge, and technical 
skill level. 

7) Resources  
Resources refers to the availability of resources in the imple

mentation setting to be able to implement the CDSS and 
was reported as an implementation determinant by 12 
reviews.26–29,31–34,37–39,41 Elements of resources were: financial, 
technical, staff capacity, and vendors. 

8) Implementation strategy 
Implementation strategy refers to factors influencing the imple
mentation process of a CDSS in healthcare and was described as 
an implementation determinant by 9 reviews.26,28,29,31–34,36,39 The 
4 elements of implementation were: implementation planning, 
incentives for use, local champions, and advocated by profes
sional/regulatory body.

Other qualitative results
Three studies provided only narrative results on implementation 
of CDSSs, they reported their findings in a purely narrative for
mat, without predefined categories or structured lists of deter
minants.46–48 Additional interpretative coding was used to 

identify and classify implementation determinants from these 
reviews prior to inclusion in the synthesis. They described imple
mentation determinants already described in the synthesis: 
availability of data in clinical practice, generalizability of the 
CDSS, alert fatigue and integration of the CDSS with the infor
mation system. These can be allocated to the following ele
ments: ease of use, perceived relevance and workflow

GUIDE-CDSS
In Figure 2, we provide the GUIDE-CDSS framework: a compre
hensive framework to guide and evaluate the implementation of 
clinical decision support systems in healthcare. The GUIDE- 
CDSS framework describes the implementation determinants 
that contain both barriers and facilitators for CDSS implementa
tion in healthcare. This framework identifies the key challenges 
that must be addressed during the development phase of a 
CDSS making sure the tool aligns with all determinants for that 
specific context. During the implementation phase, these deter
minants should guide the process of integration into clinical 
practice to ensure successful adoption and functionality. Fur
thermore, the framework outlines measurable concepts that 
can be used to assess the implementation of CDSSs and identify 

Figure 2. Framework of implementation determinants of clinical decision support systems in healthcare.
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potential factors contributing to unexpected outcomes after 
implementation.

Discussion
The aim of this overview of reviews was to identify the perceived 
implementation determinants for implementing data-driven 
CDSSs in healthcare in general. Of the 7825 eligible reviews we in
cluded 23 reviews. The majority of these had critical weaknesses 
indicating an overall high risk of bias. We found a total of 8 con
cepts representing implementation determinants (ie, barriers and/ 
or facilitators for implementation) of CDSSs in healthcare compris
ing 38 elements. These implementation determinants and their 
elements together from the GUIDE-CDSS framework for guiding 
and evaluating the implementation of CDSSs in healthcare.

In our overview of reviews we found that many of the 
reported determinants for implementing CDSSs are inverses of 
one another. For instance, while limited perceived relevance, 
lack of training, and insufficient trustworthiness act as barriers, 
their opposites—perceived relevance, adequate training, and 
sufficient trustworthiness—emerge as facilitators. Interestingly, 
many reviews reported either barriers or facilitators, but rarely 
both, potentially reflecting the focus or orientation of individual 
studies rather than the full spectrum of implementation dynam
ics. A more balanced approach that concurrently examines both 
sides of these constructs, as in this overview, provides a more 
comprehensive framework into how to optimize CDSS adoption.

The multifactorial challenges of CDSS implementation align 
closely with established theoretical models of technology adop
tion and implementation. We have made an overview that com
pares the implementation determinants of these widely applied 
frameworks in Appendix S3. Models such as the Unified Theory 
of Acceptance and Use of Technology (UTAUT),16 the Technol
ogy Acceptance Model (TAM),17 and the Technology Integration 
model (TIM)18 offer valuable perspectives on how users’ percep
tions of usefulness, ease of use, and social or organizational influ
ence shape adoption behaviors. These frameworks underscore 
the critical role of individual-level cognitive and motivational pro
cesses in determining acceptance of digital health innovations. 
However, while such models focus primarily on individual and 
technological determinants, the broader context of healthcare 
delivery often involves other factors, such as organizational varia
bles, context of patient care or external factors (eg, policy 
documents, regulatory affairs), that are not fully captured in these 
technology acceptance theories.19 Moreover, these models are 
only partly applicable to the acceptance of technology in the 
medical field. To account for this, general implementation frame
works such as Proctor’s Implementation Framework provide 
complementary perspectives.49 This frameworks emphasize the 
importance of implementation strategies, fidelity, sustainability, 
and measurable implementation outcomes (eg, acceptability, fea
sibility, adoption, and penetration) to understand and assess 
embedding within an organization of care. The Consolidated 
Framework for Implementation Research (CFIR) provides a com
prehensive overview of implementation determinants similar to 
our framework.15 Integrating insights from both technology accep
tance and implementation science models can yield a more com
prehensive understanding of successful CDSS implementation. 

Specifically, technology-focused models help explain why clinicians 
may or may not choose to use a support system, while implemen
tation models help explain how and under what conditions these 
systems can be effectively integrated and sustained within com
plex healthcare environments. Schoville et al proposed the Inte
grated Technology Implementation Model (ITIM) in which both 
perspectives are combined19 and comprises 12 concepts that are 
central to the process of technology adoption. Many of these con
cepts fit our findings, although they miss the granularity described 
in our elements and therefore lack specific guidance for implemen
tation of CDSSs in healthcare. Our framework bridges the gap be
tween technology adoption models and implementation science 
frameworks, capturing both user-centered and contextual determi
nants within a single framework.

Despite the extensive theoretical understanding of technology 
implementation and adoption provided by these theoretical 
frameworks, the real-world adoption of CDSSs in the complex 
setting of healthcare remains limited.50 Particularly fields such 
as rehabilitation, due to the individualized person-centered care 
processes, could benefit from CDSSs, but these are poorly 
implemented.51 In such settings, it is paramount to consider all 
implementation determinants applicable to the specific context 
of CDSS implementation in healthcare described in this review 
to facilitate successful implementation.52 This means that a 
thorough implementation plan, taking into account all the im
plementation determinants in our framework, is crucial for the 
development of a CDSS as well as for its implementation into 
routine care. Within PREPARE-rehab we have used this frame
work to systematically identify relevant determinants during the 
development of our CDSS tools and planned pilot testing, sup
porting a more comprehensive implementation approach. For 
example, we have addressed perceived relevance issues by co- 
developing our tools with the intended end-users, so it will fit 
their clinical scope (eg, outcome selection) and communication 
process with the patient (eg, visualizations of predictions). More
over, the implementation determinants from this framework can 
also be used as concepts for measurement instruments in the 
evaluation of implementation of CDSS in the healthcare setting. 
Importantly, rather than assuming equal relevance of all determi
nants across settings, the framework is intended to support 
the identification of context-specific priorities. For example, 
“appropriateness of alerts” may only be applicable for disruptive 
CDSSs. To operationalize this, we are translating the framework 
into a questionnaire. This instrument will enable healthcare organi
zations to identify and prioritize key barriers and facilitators, and 
to tailor implementation strategies accordingly.

We believe addressing these complex and interrelated chal
lenges requires not only organizational and behavioral change, 
but as a prerequisite for tackling these more context-related 
challenges, we need to enable interoperability and facilitate 
trustworthy data analysis.53 In this regard, ongoing international 
efforts toward data standardization—such as the European 
Health Data Space (EHDS), and global collaborative initiatives 
like OHDSI (Observational Health Data Sciences and Informat
ics)—represent crucial enablers for the effective implementation 
of CDSSs and other digital health technologies.54 Although the 
OMOP Common Data Model is often associated with secondary 
use of data, its standardized vocabularies and data structures 
provide a semantic foundation that enables consistent 
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interpretation of clinical data across systems, which is essential 
for scalable and interoperable CDSS logic. Emerging architec
tures that combine OMOP-standardized data with real-time in
teroperability standards such as FHIR demonstrate how 
harmonized data models can support point-of-care applications, 
effectively bridging the gap between retrospective analysis and 
real-time clinical decision support.55,56 These initiatives aim to 
harmonize data structures, terminologies, and governance 
mechanisms across healthcare systems, thereby reducing one of 
the most persistent technical barriers: the fragmentation and in
accessibility of high-quality clinical data across systems.7 By fa
cilitating FAIR data (Findable, Accessible, Interoperable and 
Reusable) and secure data sharing, these frameworks create the 
preconditions necessary for higher-level adoption processes to 
take place.57 When data infrastructure is FAIR, healthcare organ
izations are better positioned to integrate decision support tools 
into clinical workflows, and clinicians are more likely to trust 
and engage with these systems.58 Thus, such data initiatives not 
only address the technological prerequisites for CDSS imple
mentation but also act as catalysts for overcoming organiza
tional and individual-level barriers.59,60

Strengths and limitations
A key strength of this overview of reviews lies in its comprehen
sive scope and systematic synthesis of existing evidence on 
determinants for the implementation of CDSSs across diverse 
healthcare settings. By collating findings from a wide range of 
reviews, the study provides a broad understanding of the multi
dimensional factors influencing implementation, capturing both 
common and context-specific determinants. However, several 
limitations should be acknowledged. The inclusion of a large 
number of reviews necessitated the introduction of a post-hoc 
exclusion criterion to distinguish between reviews focusing on 
qualitative versus quantitative outcomes. While this aimed to 
improve analytical clarity, it may have introduced selective 
reporting and limited the integration of qualitative and quanti
tative evidence within the synthesis. Consequently, some of the 
richness and complementarity between different types of data 
may not have been fully captured. In addition, a RoB assessment 
of the primary studies was not performed due to the substantial 
heterogeneity in methods used for risk assessment across the 
included reviews.

Conclusion
This overview of reviews provides a comprehensive synthesis of 
the implementation determinants influencing the implementa
tion of CDSSs across healthcare settings. By identifying 8 over
arching implementation determinants and their elements, the 
review highlights how technological, human, and organizational 
factors are interconnected. The findings underscore that suc
cessful CDSS implementation requires consideration of all im
plementation determinants, already during the development, 
but more importantly during implementation and evaluation of 
the CDSSs in healthcare, to increase their impact.
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