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Abstract. Background and aim: Low back pain (LBP) is one of the most prevalent musculoskeletal disorders
and a major contributor to years lived with disability worldwide. Despite international guidelines promoting
early conservative management and rational imaging use, clinical practice remains highly variable. Clinical
Decision Support Systems (CDSS), particularly those integrating artificial intelligence (AI), have been devel-
oped to support diagnostic accuracy and standardize care. This review aims to synthesize current evidence on
the performance, applications, and clinical integration of CDSS in the management of LBP. Methods: A sys-
tematic review was conducted according to PRISMA 2020 guidelines. Searches were performed in PubMed,
Scopus, ProQuest, and PsycINFO up to July 2025, including original studies evaluating CDSS for diagnosis
or treatment planning in adults with LBP. Data extraction covered study design, CDSS type, data sources,
performance metrics, and clinical outcomes. Risk of bias was assessed using QUADAS-2/QUADAS-AI,
RoB 2, and ROBINS-I tools as appropriate. Descriptive statistics were computed for accuracy, sensitiv-
ity, specificity, and area under the curve (AUC). Results: Nineteen studies met the inclusion criteria. Mean
diagnostic accuracy was 0.911 (median 0.916), with corresponding mean sensitivity, specificity, and AUC
of 0.865, 0.896, and 0.830, respectively. Al-based and hybrid systems performed comparably to rule-based
models, while imaging optimization studies showed reductions of approximately 10% in unnecessary imaging
and 15% in MRI utilization. Conclusions: CDSS demonstrate high diagnostic performance and potential to
improve guideline adherence and resource efficiency in LBP care. Broader implementation requires evalu-
ation of long-term patient outcomes, cost-effectiveness, and real-world integration within electronic health
records. (www.actabiomedica.it)
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Introduction

Low back pain (LBP) is one of the most wide-
spread musculoskeletal disorders worldwide, with life-
time prevalence estimates indicating that up to 80% of
individuals will experience at least one episode during
their lives (1-9). The burden is particularly high among
working-age adults, but older populations also contrib-
ute significantly to healthcare utilization (8). LBP is a

leading cause of years lived with disability (YLDs), as
reported by the Global Burden of Disease Study, and
represents a substantial socioeconomic challenge due to
direct healthcare costs and indirect costs related to work
absenteeism and reduced productivity (1-9). The etiol-
ogy of LBP is heterogeneous, encompassing mechanical
causes, degenerative changes, and, in a minority of cases,
serious underlying pathologies such as fractures, infec-
tions, or malignancies (10). Clinical presentations vary



Acta Biomed 2025; Vol. 96, N. 6: 18059

from acute self-limiting episodes to chronic, disabling
pain, often influenced by psychosocial and occupational
factors (11,12). Given this complexity, optimal manage-
ment frequently requires a multidisciplinary approach
involving primary care physicians, physiotherapists,
orthopaedic specialists, radiologists, and mental health
professionals (13). Despite the existence of international
guidelines promoting conservative management, timely
identification of red flags, and avoidance of unnecessary
imaging (14-16), adherence in clinical practice remains
inconsistent (17,18). Variations in clinician expertise,
diagnostic uncertainty, patient expectations, and differ-
ences in resource availability contribute to heterogene-
ous care pathways. Such variability can lead to overuse
of imaging, delayed initiation of evidence-based thera-
pies, and, in some cases, unnecessary invasive proce-
dures. Clinical Decision Support Systems (CDSS) have
emerged as a promising technological solution to these
challenges. CDSS are designed to integrate patient-
specific data with structured clinical knowledge, provid-
ing clinicians with evidence-based recommendations
at the point of care (19). Al-based CDSS harness ma-
chine learning and deep learning techniques to detect
patterns in complex datasets, including medical imaging
and electronic health records, while rule-based systems
translate guideline recommendations into algorithmic
pathways (20). Hybrid models combine AT’s adaptabil-
ity with the interpretability of rule-based logic, offering
a balance between innovation and clinical transparency
(21). In LBP management, CDSS can assist in early
detection of red flags, guide risk stratification for chro-
nicity, support diagnostic decision-making, and recom-
mend appropriate treatment strategies aligned with
guidelines (22,23). These systems have the potential
to standardize care, reduce unwarranted variation, and
improve resource allocation. This review synthesizes
evidence from 19 original studies assessing the perfor-
mance, application, and clinical integration of CDSS
for LBP, with a statistical overview of diagnostic accu-
racy and decision-support metrics.

Material and Methods

This systematic review was conducted follow-
ing the Preferred Reporting Items for Systematic

Reviews and Meta-Analyses (PRISMA 2020) guide-
lines, ensuring transparency and reproducibility in
every phase of the process. The protocol was designed
a priori and included a structured search strategy,
predefined eligibility criteria, independent screen-
ing by multiple reviewers, and a rigorous approach to
data extraction and synthesis. A comprehensive liter-
ature search was carried out in PubMed, Scopus, Pro-
Quest, and PsycINFO, covering all publications up
to July 14, 2025. The search strategy combined both
controlled vocabulary terms (e.g., MeSH and Emtree
headings) and free-text keywords related to Clini-
cal Decision Support Systems and Low Back Pain.
The exact search strings were adapted to the syntax
of each database, and the complete PubMed search
query is reported in Supplementary Material A.
No language or date restrictions were applied to en-
sure a comprehensive evidence base. All retrieved
citations were imported into Zotero reference man-
agement software for deduplication. Two review-
ers independently screened the titles and abstracts
of all records to assess their relevance. Articles that
appeared to meet the inclusion criteria, or where
eligibility was uncertain, underwent full-text review.
Any discrepancies between reviewers were resolved
through discussion, and, if necessary, adjudicated by a
third reviewer. Studies were included if they met the
following criteria:

1. Design — Original research articles, either pro-
spective or retrospective.

2. Population — Adult patients (218 years) with
low back pain.

3. Intervention — Use of a CDSS in diagnosis,
clinical decision-making, or treatment plan-
ning for LBP.

4. Outcomes — Reporting of at least one quanti-
tative metric (accuracy, sensitivity, specificity,
or area under the ROC curve) or qualitative
outcome related to clinical impact or imple-
mentation feasibility.

Exclusion criteria were: narrative reviews, sys-
tematic reviews, conference abstracts without full text,
study protocols, purely algorithmic studies without
clinical validation, and retracted papers.
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Data extraction

A standardized data extraction form was used to
collect information from each study, including:

- Authors and year of publication

- Country and clinical setting

- Study design and sample size

- CDSS type (Al-based, rule-based, hybrid)

- Input data sources (e.g., imaging, electronic
health records, patient-reported outcomes)

- Reported performance metrics (accuracy, sensi-
tivity, specificity, AUC)

- Key clinical and implementation findings

Supplementary Material B provides a detailed
summary of the characteristics of the included studies.

Risk of bias assessment

Two reviewers independently evaluated the risk
of bias using design-appropriate tools: QUADAS-2/
QUADAS-AI for diagnostic accuracy and model
development/validation studies, RoB 2 for rand-
omized trials, and ROBINS-I for non-randomized
studies. Disagreements were resolved by consensus or
a third reviewer. Domain-level and overall judgments
are provided in Supplementary Material B (Table S2—
S3; Figure S1). These judgments informed the qualita-

tive synthesis and interpretation of results.
Statistical analysis

Descriptive statistics (mean, standard deviation,
range) were computed for the main performance met-
rics: accuracy, sensitivity, specificity, and AUC. Visu-
alizations included boxplots with swarm overlays to
display both the distribution and individual study val-
ues, and bar charts with 95% confidence intervals to
compare mean performance across metrics. Statistical
analyses were performed using IBM SPSS Statistics
for Windows, Version 29.0 (IBM Corp., Armonk,
NY, USA). Missing outcome data were addressed
using case-wise deletion, ensuring that each metric’s
analysis was based only on studies that reported that
metric. We summarised performance per metric using

the mean, median and inter-quartile range (IQR), and
also computed a sample-size-weighted mean (weights
= study N when reported); no meta-analysis was per-
formed due to outcome heterogeneity.

Results

The database search retrieved 2,300 records in
total (PubMed 287, Scopus 1,715, ProQuest 250,
PsycINFO 48) (Figure 1). After removing 374 dupli-
cates, 1,926 titles and abstracts were screened. Fifty-
five full texts were assessed for eligibility; two could
not be retrieved. Thirty-four articles were excluded
for pre-specified reasons, leaving 19 studies for quali-
tative synthesis.

The 19 studies encompass a broad range of de-
signs and contexts.

Risk of bias across studies.

The overall risk of bias varied by design. In di-
agnostic accuracy and development/validation studies,
the most frequent concerns related to patient selec-
tion, blinding of index tests/reference standards, and
lack of external validation. In randomized and non-
randomized evaluations, common issues involved al-
location concealment, deviations from intended in-
terventions, and selective reporting. Full domain-level
judgments and justifications are presented in Table S3
and Figure S1 (Supplementary Material B). When
grouped by design, seven were prospective or observa-
tional evaluations (including pilot or multicenter cross-
sectional work), seven were development/validation
studies focused on algorithmic performance, and four
were randomized or cluster-randomized trials; one ar-
ticle was classified as other. The geographical distribu-
tion was heterogeneous; the most represented settings
were the USA (n=2) (24,25), Germany (n=2) (26,27),
and Iran (n=2) (28,29), with single studies from Ja-
pan (30), and a range of other single-country studies
across Europe, Asia, and the Middle East, as well as
multicountry collaborations (e.g., USA-Europe, Nor-
dic countries, and global consortia). In terms of tech-
nology, the studies split into rule-based CDSS (n=6)
(24,26,27,31-33),Al-based systems (n=7) (28),(34-39),
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Figure 1. PRISMA 2020 flow diagram illustrating the identification, screening, and inclusion of
studies assessing Clinical Decision Support Systems (CDSS) for low back pain.

systems (n=2) (35,37) and other/biotech or mixed
modalities (n=2) (29,31) (Figure 3). Mapped to func-
tional intent, imaging optimization (appropriate-
ness and reporting automation) was the commonest
target (9 studies (24-27,31,33,35,36,42)), followed
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Type of CDSS (number of studies, n=19)

Hybrid

Al-based
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Number of studies

Figure 2. Distribution of included studies by CDSS type. Among the 19 studies, 7 used Al-based systems, 6
rule-based systems, and 6 hybrid models integrating artificial intelligence with rule-based logic.
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Figure 3. Type of data used as input for CDSS. Most systems (n=15) relied on clinical or electronic health
record (EHR) data, whereas imaging-based and other/biotechnological inputs were less common (n=2 each).

by diagnosis/severity support (6 studies (28,29,37-
39,41)) and triage/screening (2 studies (30, 32)); two
studies addressed other decision needs (34,40). Perfor-
mance across studies. For each metric we report the
mean, median and inter-quartile range (IQR), and a
sample-size-weighted mean based on the subset of
studies that provided the metric. Accuracy: mean
0.911, median 0.916, IQR 0.890-0.937, weighted
mean 0.915. Sensitivity: mean 0.865, median 0.870,
IQR 0.835-0.893, weighted mean 0.867. Specific-
ity: mean 0.896, median 0.900, IQR 0.880-0.930,
weighted mean 0.902. AUC: mean 0.830, median
0.830, IQR 0.820-0.845, weighted mean 0.844. These
summary statistics correspond to Figure 4 (IQR = line;
median = dot; mean = X; weighted mean = square).
Only a minority of studies reported patient-cen-
tred outcomes. Among those, one study quantified pain
reduction with an average effect size of 0.32 (stand-
ardized), while disability change was rarely reported

in a way that allowed synthesis. Implementation-level
outcomes were more common within imaging-opti-
mization trials: in the before/after and cluster-rand-
omized comparisons that reported explicit figures, the
overall imaging rate decreased by ~9.6%, and MRI uti-
lization fell by ~14.9%, with one health-system analy-
sis estimating $1.87 million in cost savings over the
evaluation horizon. Although these results derive from
a small subset, they suggest that CDSS can materi-
ally influence ordering behavior and downstream costs
when embedded into workflows. Qualitative findings
were consistent with the quantitative signal. Imaging-
based Al systems, particularly those using convolu-
tional architectures, performed well for automated
reading tasks and structured reporting, achieving accu-
racies in the upper-80s to mid-90s while standardizing
outputs across observers. Rule-based tools, typically
encoding guideline logic for low back pain, improved
appropriateness of imaging and referrals and provided
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Performance across studies: IQR (line), median (dot), mean (x), weighted mean (square)

AUC| ]

Specificity [ »

Sensitivity -
Median
Mean

Accuracy [, : . . : [ | YVeighted mear:
0.82 0.84 0.86 0.88 0.90 0.92 0.94
Value (0-1)

Figure 4. Summary of performance across studies. Median, mean, and weighted mean values (accuracy, sen-
sitivity, specificity, and AUC) are presented with interquartile ranges, showing overall high diagnostic perfor-

mance of CDSS in low back pain management.

transparent, auditable rationales that clinicians valued.
Hybrid systems balanced these strengths, using Al for
feature discovery while constraining recommendations
within explicit rules, which appeared to increase clini-
cal acceptance. In sensitivity analyses limited to stud-
ies using clinica/EHR inputs rather than imaging,
performance remained robust, with median accuracies
in the low-to-mid 0.90s and no systematic decrement
in sensitivity relative to imaging-first systems. How-
ever, heterogeneity in case-mix, endpoints, and vali-
dation design (retrospective vs. prospective) precluded
meta-analysis beyond descriptive pooling. Overall, the
pattern across metrics, designs, and targets supports
the conclusion that CDSS for low back pain deliver
high accuracy (=0.91), balanced sensitivity/specificity
(=0.86/0.90), and solid AUC (=0.83) in real datasets,
while early implementation studies signal reductions
in unnecessary imaging and potential cost savings, al-
beit with limited evidence to date on long-term pa-
tient outcomes.

Discussion

The findings of this systematic review highlight
the increasing role of Clinical Decision Support Sys-
tems (CDSS) in the management of low back pain
(LBP), demonstrating consistent diagnostic accuracy
and early signals of clinical utility. Across diverse

methodologies, CDSS achieved a pooled mean accu-
racy of 0.91 and balanced sensitivity/specificity around
0.86/0.90, confirming their ability to provide reliable
assistance in clinical decision-making. These results
align with prior reviews on decision support tools in
musculoskeletal care, which have emphasized their
potential to reduce diagnostic variability and improve
adherence to evidence-based guidelines (19,22).

Interpretation of findings

Rule-based systems showed particular strength
in standardizing guideline adherence and reducing
unnecessary imaging, especially when embedded into
electronic health record (EHR) workflows. Their in-
terpretability and transparent logic appear to foster
clinician trust—an essential factor for adoption. Con-
versely, Al-based systems, particularly those using
deep learning on imaging data, demonstrated superior
pattern recognition and automation capabilities but
often lacked external validation and interpretability.
Hybrid models combining both paradigms offered
the most promising balance between performance and
explainability, suggesting that future systems should
continue integrating explicit rule constraints with
data-driven intelligence (21). Although diagnostic ac-
curacy was consistently high, the translation into im-
proved patient outcomes remains limited. Only a few
studies reported patient-centred metrics such as pain
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reduction or disability improvement, and even those
were short-term or exploratory. This evidentiary gap
mirrors broader trends in digital health research, where
technical validation precedes large-scale pragmatic
evaluation. The moderate-to-high risk of bias observed
in many development studies—especially regarding
patient selection, absence of blinding, and internal-
only validation—further underscores the need for ro-
bust, externally validated prospective trials (17).

Implementation and clinical impact

Implementation-focused studies, primarily in ra-
diology and primary care, indicate that CDSS can
meaningfully alter clinician behaviour. In the in-
cluded before/after and cluster-randomized evalua-
tions, imaging requests decreased by roughly 10-15%,
accompanied by estimated system-level cost sav-
ings approaching two million USD. These data, al-
though preliminary, support the view that CDSS can
serve not only as diagnostic aids but also as instru-
ments of resource stewardship. However, most evalu-
ations occurred in high-income settings with mature
digital infrastructures; generalizability to low- and
middle-income contexts remains uncertain (9). Adop-
tion barriers commonly reported across studies included
workflow disruption, alert fatigue, lack of interoperabil-
ity with legacy EHRs, and insufficient clinician train-
ing. Conversely, enablers included real-time feedback,
transparent rationale for recommendations, and adapt-
ability to local guidelines. These findings align with im-
plementation science literature emphasizing usability,
co-design, and organizational readiness as critical deter-
minants of sustained CDSS use (6).

Comparison with prior evidence

Previous narrative and scoping reviews have docu-
mented variable results for decision support in muscu-
loskeletal disorders, often limited by small samples or
simulation-based designs (19,20). By including recent
Al-driven systems and hybrid approaches, the present
review provides an updated synthesis reflecting current
methodological maturity. The performance metrics ob-
served here are comparable to those in spine-specific
Al reviews (22) and exceed those typically reported in

general diagnostic support systems for primary care,
where accuracies around 0.80 are common. This sug-
gests that domain-specific knowledge integration and
narrower clinical focus may yield superior performance.

Strengths and limitations

This review benefits from a comprehensive search
across four databases without language restrictions,
rigorous dual screening, and use of design-specific risk-
of-bias tools (QUADAS-2/AI, RoB 2, ROBINS-I).
Nonetheless, several limitations must be acknowl-
edged. First, quantitative synthesis was descriptive due
to heterogeneity in design, endpoints, and reported
outcomes. Second, publication bias may exist, as nega-
tive or low-performance studies are less likely to be
published. Third, performance reporting was inconsist-
ent: key metrics such as AUC or calibration were fre-
quently omitted, preventing full comparability. Finally,
the majority of studies evaluated technical accuracy
rather than real-world clinical effectiveness, limiting
conclusions about long-term impact on patient care.

Implications for research and practice

The current evidence suggests that CDSS for
LBP can reach a mature level of technical reliability
and can positively influence clinician behaviour when
integrated into workflow. However, to achieve broad
clinical impact, future research should move beyond
algorithmic validation toward pragmatic trials evalu-
ating long-term patient outcomes, cost-effectiveness,
and equity of access. Integration with interoperable
EHRs, explainable Al techniques, and continuous
feedback loops will be essential to ensure clinician
confidence and patient safety. Finally, multidiscipli-
nary collaboration between clinicians, data scientists,
and human-factors experts will be critical to bridge the
gap between algorithmic performance and meaningful
clinical benefit.

Conclusion

Clinical Decision Support Systems (CDSS) for the

management of low back pain (LBP) have emerged as
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reliable and adaptable tools capable of enhancing clinical
decision-making in a variety of settings. Their consistent
high performance across diverse methodologies and data
sources suggests that they can play a significant role in
improving diagnostic precision, supporting adherence to
guidelines, and fostering a more standardized approach
to patient care. By integrating evidence-based knowledge
with patient-specific information, CDSS can assist clini-
cians in identifying critical diagnostic cues, optimizing the
use of imaging, and guiding appropriate referrals. These
systems also offer potential benefits in terms of workflow
efficiency and resource allocation, reducing unnecessary
investigations and facilitating timely interventions. Nev-
ertheless, their successful adoption in routine practice
depends on more than technical accuracy. Long-term pa-
tient outcomes, cost-effectiveness, and seamless integra-
tion into existing electronic health record systems remain
areas requiring further exploration. Equally important are
the human factors: clinician training, user acceptance, and
the transparency of decision-making processes all influ-
ence the real-world utility of these technologies. Future
research should focus on evaluating CDSS in real-world
clinical environments through longitudinal and prag-
matic studies, assessing their impact not only on diag-
nostic outcomes but also on patient-reported measures
and health system performance. Furthermore, considera-
tions of equity, accessibility, and ethical Al deployment
will be essential to ensure that these innovations contrib-
ute to high-quality, patient-centred care on a broad scale.
With sustained research, thoughtful implementation,
and attention to the needs of both clinicians and patients,
CDSS have the potential to become integral tools in the
comprehensive management of LBP.
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Appendix — Supplementary Material A — Search Strategy

Final search date: 14 July 2025. Databases: Pub-
Med, Scopus, ProQuest, PsycINFO. No language or
date limits were applied at the search stage.

Table A1. Records identified per database

Database Records identified (n)
PubMed 287

Scopus 1715
ProQuest 250
PsycINFO 48

A.1PubMed (MEDLINE via PubMed)

Query (copy/paste):

(“LowBackPain’[Mesh] OR “lowback pain”[tiab]
OR lumbago[tiab] OR “lumbar radiculopathy”[tiab]
OR sciatica[tiab]) AND (“Clinical Decision Sup-
port Systems”’[Mesh] OR “Decision Support Sys-
tems, Clinical’[Mesh] OR “clinical decision support”
[tiab] OR “decision support system™[tiab] OR
cdss[tiab] OR  “decision aid”’[tiab] OR “expert
system®[tiab] OR  “rule-based”[tiab] OR “knowl-
edge-based”[tiab] OR “computerized decision’[tiab]



Acta Biomed 2025; Vol. 96, N. 6: 18059

11

OR  “machine

intelligence”[tiab])
Notes: Searched in All Fields with MeSH explo-

sion. No study design or language filters applied at

learning”[tiab] OR  “artificial

search.

A.2 Scopus (Elsevier)

Query (copy/paste):

TITLE-ABS-KEY ( (“low back pain” OR lumbago
OR “lumbar radiculopathy” OR sciatica) AND (“clinical
decision support” OR “decision support system™ OR cdss
OR “decision aid*” OR “expert system™ OR “rule-based”
OR “knowledge-based” OR “computerized decision” OR
“machine learning” OR “artificial intelligence”) )

Notes: Documents of all types; no language limits
at search.

A.3 ProQuest (Health & Medicine)

Query (copy/paste):

TLAB( (“low back pain” OR lumbago OR
“lumbar radiculopathy” OR sciatica) AND (“clini-
cal decision support” OR “decision support system™”

OR cdss OR “decision aid*” OR “expert system™ OR

“rule-based” OR “knowledge-based” OR “machine
learning” OR “artificial intelligence”) )

A.4 PsycINFO (via ProQuest)

Query (copy/paste):

((DE “Low Back Pain” OR TI,AB(“low back
pain” OR lumbago OR “lumbar radiculopathy”
OR sciatica)) AND (DE “Decision Support Sys-
tems” OR TI,AB(“clinical decision support” OR
“decision support system™ OR cdss OR “decision
aid®” OR “expert system™ OR “rule-based” OR
“knowledge-based” OR “machine learning” OR

“artificial intelligence”)))

A.5 Deduplication and screening

Results from all databases were exported in
RIS/CSV format and merged in a reference manager.
Duplicates were removed using exact matches on DOI/
PMID/title/author (duplicates removed: n = 374).
After deduplication, records screened: n = 1,926. Title/
abstract screening and full-text assessment were con-
ducted in pairs.

Supplementary Material B — Risk of Bias

We evaluated risk of bias using design-appropriate tools: QUADAS-2 (with Al-specific items) for diagnostic-

accuracy and model development/validation studies; RoB 2 for randomized trials; and ROBINS-I for non-rand-

omized comparative studies. Full criteria and per-study judgments are tabulated below.
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RoB: Patient RoB: Index RoB: Reference RoB: Flow/

Study (Author, Year) selection test standard timing Overall RoB
Lin Lin et al. (2006) Some concerns Low High Low High
Kobayashi et al. (2019) Low Low High Low High

Oude Nijeweme-d'Hollosy et | High Low Some concerns Low High

al. (2018)

Kadhim et al. (2018) High Some concerns | High Some concerns | High
Al-Kasasbeh et al. (2013) High Some concerns | High Some concerns | High

Altun & Alkan (2023) Some concerns Low Some concerns Low Some concerns
Gambo et al. (2024) Some concerns Low Unclear Low Some concerns
Benditz et al. (2019) Some concerns Low High Low High
Badahman et al. (2024) High High Some concerns Low High
Fakharian et al. (2021) High Some concerns | High Some concerns | High
Zhang et al. (2024) Some concerns Low Low Low Some concerns
Hamtaei Pour Shirazi et al. Some concerns Some concerns | High Low High
(2025)
Gal et al. (2014) High Some concerns | High Some concerns | High
Figure S1A. QUADAS-2 risk of bias across studies (traffic-light).
Deviations Selection of

Randomization | fromintended | Missing Measurement | the reported
Trial (Author, Year) | process interventions | outcome data | of the outcome | result Opverall bias
Tun Firzara Abdul | Some concerns | Some concerns | Some concerns | Some concerns | Some concerns | Some concerns

Malik et al. (2023)

Benditz et al. (2023)

Some concerns

Some concerns

Some concerns

Some concerns

Some concerns

Some concerns

Overis et al. (2022) | Low Some concerns | Low Some concerns | Low Some concerns
Zafar et al. (2019) Low Low Low Low Low Low

Figure S1B. RoB 2 (randomized trials) traffic-light.

Deviations Selection

Study Classification | from of
(Author, Selection of | of intended Missing | Measurement | reported | Overall
Year) Confounding | participants | interventions | interventions | data of outcomes | result bias
Chen et Serious Low Low Low Low Low Some Serious
al. (2020) concerns
Benditz | Serious Moderate Low Low Moderate | Moderate Some Serious
et al. concerns
(2023)
Sandal et | Serious Moderate Low Low Moderate | Moderate Some Serious
al. (2020) concerns

Figure S1C. ROBINS-I (non-randomized studies) traffic-light.
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Table S2A. QUADAS-2 criteria (with Al-specific items)

Response

Domain Signalling question options Judgement rule

Patient selection Consecutive/random sample Yes/No/Unclear | Low if Yes; High if case—control/non-consecutive/
enrolled? Case—control avoided? inappropriate exclusions; Unclear if insufficient
Inappropriate exclusions avoided? detail

Index test (CDSS) | Index test interpreted without Yes/No/Unclear | Low if blinded/automated and prespecified; High
knowledge of reference standard? if not; Unclear if not reported
Threshold prespecified?

Reference standard | Reference standard likely classifies | Yes/No/Unclear | Low if appropriate and blinded; High if
target condition correctly? inappropriate; Unclear if not reported
Interpreted without knowledge of
index test?

Flow & timing Appropriate interval between Yes/No/Unclear | Low if acceptable and complete; High if
index and reference? Same differential verification/exclusions; Unclear if not
reference for all? All included in reported
analysis?

Al-specific Data leakage avoided Yes/No/Unclear | Low if clearly avoided; High if probable; Unclear
(independent train/valid/test; no if not described
tuning on test)?

Al-specific Class imbalance/missing data Yes/No/Unclear | Low if handled (weighting/stratification/
appropriately handled? imputation); High if ignored; Unclear if not

reported
Al-specific External validation performed? Yes/No/Unclear | Low if independent dataset; High if only internal;

Unclear if not reported

Table S2B. RoB 2 criteria

Table S2C. ROBINS-I criteria.

- - Signalling Judgement
Signalling Judgement Domain question options
Domain question options -

— Confounding Important Low/Moderate/
Randomization Random Low/Some confounders Serious/Critical
process allocation & concerns/High measured/adjusted

concealment;
baseline balance Selection of Appropriate Low/Moderate/
assessed participants inclusion into Serious/Critical
cohorts
Deviations Blinding and Low/Some — -
from intended adherence; concerns/High .Class1ﬁca.t10n of Corrf:ct, consistent LOV.V/ Mode.rz.lte/
interventions analytic approach interventions classification Serious/Critical
appropriate Deviations Deviations Low/Moderate/
Missing outcome | Low loss; Low/Some from inte‘nded unlikely to bias Serious/Critical
data reasons unrelated | concerns/High Interventions
to outcome; Missing data Low missingness | Low/Moderate/
appropriate or appropriate Serious/Critical
handling handling
Measurement of | Valid/consistent Low/Some Measurement of | Outcome Low/Moderate/
the outcome measures; blinded | concerns/High outcomes measurement Serious/Critical
assessors appropriate/
Selection of the Pre-specified Low/Some blinded
reported result analysis; no concerns/High Selection of No selective Low/Moderate/
selective reporting reported result reporting Serious/Critical
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