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Abstract

Background: Artificial intelligence (Al) is increasingly used in forensic firearm evidence
analysis to improve pattern recognition, automation, and analytical efficiency. Despite ad-
vances in machine learning (ML) and deep learning (DL), limitations in scientific validation,
explainability, expert involvement, and judicial readiness constrain operational adoption.
This review examines the evolution of computational and Al-assisted approaches and the
factors influencing their integration into forensic practice. Methods: This PRISMA-ScR scop-
ing review searched Wiley Library, PubMed, IEEE Xplore, ScienceDirect, Google Scholar,
and Scopus for literature published between 2000 and December 2025. Of 101 records iden-
tified, 3 duplicates were removed, leaving 98 unique records for title and abstract screening.
Following screening, 47 records were excluded, and 51 studies met the inclusion criteria
and were retained for qualitative synthesis. The findings were interpreted alongside com-
plementary authoritative and foundational literature to support framework development.
Results: The reviewed literature demonstrates advances in ML, DL, three-dimensional anal-
ysis, and automated comparison, particularly in feature extraction, pattern recognition, and
similarity assessment. Persistent limitations concern dataset representativeness, external
validation, uncertainty quantification, explainability, standardization, expert involvement,
governance, and judicial considerations. Integration of these findings with foundational
literature informed a Human-Centered Hybrid Al Framework combining scientific validity,
computational intelligence, explainability, expert collaboration, governance, and judicial
accountability. Conclusions: Computational performance alone is insufficient for scien-
tifically reliable and judicially defensible Al-assisted firearm examination. The proposed
framework positions Al as an explainable, governed decision-support capability operating
with qualified forensic experts rather than as an autonomous decision-maker. It provides
an evidence-informed reference architecture for future validation, standardization, system
development, and responsible forensic implementation.

Keywords: forensic firearms; firearm toolmarks; artificial intelligence; machine learning;
deep learning; explainable artificial intelligence; human-centered Al; Expert-in-the-Loop;
scientific validation; judicial admissibility; PRISMA-ScR

1. Introduction

Recent advances in artificial intelligence (AI) and computational imaging have sub-
stantially transformed forensic firearm examination over the past two decades. Firearm
toolmarks, including microscopic impressions produced on bullets and cartridge cases
during firearm operation, constitute important physical evidence in criminal investigations
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and judicial proceedings. Because firearm identification has traditionally relied heavily on
examiner expertise and visual comparison, concerns regarding subjectivity, inter-examiner
variability, reproducibility, and scientific reliability have stimulated growing interest in
computational approaches capable of improving the objectivity and consistency of firearm
examinations [1-4].

Machine learning (ML), deep learning (DL), and advanced computational imaging
have enabled increasingly sophisticated approaches to firearm toolmark analysis. Tech-
niques including support vector machines (SVMs), convolutional neural networks (CNNs),
deep feature-learning methods, surface-topography analysis, three-dimensional imag-
ing, and hybrid computational approaches have demonstrated promising capabilities in
automated feature extraction, similarity assessment, pattern recognition, and firearm evi-
dence comparison [5-10]. These developments have expanded the potential of Al-assisted
systems to improve analytical efficiency and consistency while supporting, rather than
replacing, forensic examiner expertise.

Despite this technological progress, important scientific and operational limitations re-
main. Existing studies frequently rely on relatively small or laboratory-generated datasets,
while validation protocols, uncertainty assessment, external testing, and standardized eval-
uation remain inconsistent [2,3,7]. Ethical and procedural concerns, including algorithmic
bias, limited transparency, and inconsistent evaluation frameworks, further complicate the
scientific assessment and responsible deployment of Al-assisted forensic systems [10,11].
Increasing reliance on complex computational models also raises concerns regarding ex-
plainability, transparency, expert involvement, and the ability to scrutinize Al-generated
findings within forensic and judicial contexts [11-15].

These limitations reveal a broader gap between algorithmic performance and trustwor-
thy forensic decision support. High classification or comparison performance alone does
not establish that an Al-assisted method is scientifically valid, interpretable, reproducible,
or suitable for evidential use. Research on explainable Al (XAI) and human-centered Al
(HCALI) emphasizes the importance of understandable computational outputs, transparency,
and meaningful human involvement in high-consequence decision environments [15-18].
In forensic practice, these requirements intersect with established scientific and legal
considerations concerning empirical validity, testability, error rates, peer review, expert
accountability, procedural fairness, and judicial scrutiny [19-21].

Guided by the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
Extension for Scoping Reviews (PRISMA-ScR) [22], this study reviews research published
between 2000 and December 2025 on Al-assisted firearm evidence analysis. Specifically,
the review aims to: (1) map the range and evolution of Al technologies applied to firearm
toolmark examination; (2) identify dominant research themes and methodological trends;
(3) evaluate technological, scientific, human, and legal challenges; (4) examine issues of
explainability, reliability, expert involvement, and judicial admissibility; and (5) synthesize
these findings with complementary foundational literature to inform the development of a
Human-Centered Hybrid Al Framework and future research directions.

Drawing upon the evidence synthesized from the 51 studies included through the
PRISMA-ScR process, together with complementary authoritative and foundational lit-
erature used for scientific and theoretical interpretation, this review moves beyond a
descriptive mapping of technological developments to examine the conditions required for
scientifically reliable, explainable, human-centered, and judicially defensible Al-assisted
firearm examination.
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2. Materials and Methods

This scoping review was conducted and reported in accordance with PRISMA-ScR [22]
to map the extent, characteristics, methodological development, and research gaps of Al-
assisted forensic firearm evidence analysis. No review protocol was prospectively registered
for this scoping review. Given the heterogeneity of the literature, the review was designed
for descriptive and thematic synthesis rather than meta-analysis. The methodological
process comprised eligibility definition, literature searching, study selection, data charting,
evidence synthesis, and subsequent conceptual framework development.

2.1. Eligibility Criteria

Studies were eligible if they contributed directly to the development, application, vali-
dation, or evaluation of computationally assisted firearm evidence analysis. These included
studies applying Al, machine learning, deep learning, image analysis, automated compari-
son, quantitative computational methods, or digital forensic technologies to firearm-related
evidence, together with empirical or analytical studies addressing validation, examiner
performance, evidential reliability, or related forensic processes relevant to the assessment
of Al-assisted firearm examination. Broader methodological and review literature was re-
tained where it contributed directly to understanding the technological, validation, human,
or interpretive dimensions examined in the review.

Studies were excluded when they had no substantive relevance to firearm-related
forensic evidence, computational or analytical development, validation, or the scientific
and operational issues examined in this review. Eligibility was determined according to
relevance to the predefined scope of the review and was not based on a formal assessment
of methodological quality or risk of bias.

2.2. Information Sources and Search Strategy

A structured literature search was conducted across Wiley Online Library, PubMed,
IEEE Xplore, ScienceDirect, Google Scholar, and Scopus. The search covered literature
published between 2000 and December 2025. Initial searches were conducted between
16 and 18 January 2025, with a final search update completed in December 2025. The
searches identified 101 records: 65 from Wiley Online Library, 7 from PubMed, 8 from IEEE
Xplore, 7 from ScienceDirect, 10 from Google Scholar, and 4 from Scopus, as reported in the
PRISMA-ScR flow diagram (Figure 1).

A common Boolean search strategy was applied across all six information sources,
with minor source-specific adaptations required by the syntax and search functionality of
each platform. The core search terms, Boolean structure, search period, and eligibility limits
remained consistent across sources. Search terms were organized around two principal
concepts: firearm evidence (“forensic firearms” OR “firearm toolmarks” OR “ballistic iden-
tification”) and artificial intelligence and computational methods (“artificial intelligence”
OR “machine learning” OR “deep learning” OR “image analysis” OR “automated firearm
comparison”). Terms within each concept were combined using OR, and the two concept
groups were combined using AND. The complete common Boolean search expression,
together with the search dates, retrieval counts, and source-specific implementation details,
is provided in Supplementary Table S3.
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Figure 1. PRISMA-ScR flow diagram of the study identification, screening, eligibility assessment,
and inclusion process.

2.3. Study Selection

Study selection followed the PRISMA-ScR process of identification, screening, eligibil-
ity assessment, and inclusion [22]. The database and supplementary searches identified
101 records. Records were managed in Zotero (version 7), and 3 duplicate records were
removed, leaving 98 unique records for title and abstract screening against the predefined
eligibility criteria. Following title and abstract screening, 47 records were excluded because
they had no primary relevance to Al-assisted firearm evidence analysis (1 = 15), did not
meet the predefined scope-based eligibility criteria (n = 12), indicated no relevant testing or
analytical evidence (n = 10), indicated insufficient relevant analytical results (n = 6), or did
not meet the analytical, study-design, or evidence-type requirements of the review (n = 4).
The remaining 51 reports were sought for retrieval, successfully retrieved, and assessed for
full-text eligibility. No additional reports were excluded at the full-text stage; consequently,
all 51 studies were retained for qualitative synthesis.

Title and abstract screening and full-text eligibility assessment were conducted by
the first author using the predefined eligibility criteria, with the second author reviewing
uncertain or borderline cases. Any disagreements regarding eligibility were resolved
through discussion and consensus.

The complete study-selection process and reasons for exclusion at the title and ab-
stract screening stage are summarized in the PRISMA-ScR flow diagram (Figure 1). The
51 included studies constitute the evidence base retained for qualitative synthesis and are
reported individually in Supplementary Table S1. Given the methodological diversity of
the included literature, this evidence base encompasses empirical, methodological, and
conceptual contributions rather than a uniformly empirical body of evidence.

https://doi.org/10.3390/ forensicsci6030080


https://doi.org/10.3390/forensicsci6030080

Forensic Sci. 2026, 6, 80

50f23

2.4. Data Extraction and Synthesis

References and study records were managed using Zotero (version 7) for reference
management software.

Data extraction was performed by the first author using a structured data-charting
approach. The extracted data were subsequently reviewed by the second author for
consistency and accuracy, and any discrepancies were resolved through discussion.

Extracted variables included bibliographic information, study objectives, datasets and
sample characteristics, Al methods and analytical tools, performance metrics, validation
approaches, explainability, reproducibility indicators, limitations, and principal findings.

To account for the methodological heterogeneity of the evidence base, three characteris-
tics—external/cross-laboratory validation (ELV), algorithmic explainability (XAI), and
structured human-Al/computational interaction (HAI)—were assessed at the study level
using a two-stage applicability-based coding procedure. First, each characteristic was
assessed for methodological applicability to the design and analytical approach of each
study. Characteristics considered not methodologically relevant were classified as Not
Applicable (N/A). Second, among studies for which the characteristic was applicable, it
was classified as Reported when explicitly demonstrated or described and as Not Reported
when methodologically applicable but not documented. Studies classified as N/A were
excluded from the denominator used for characteristic-specific descriptive percentages.

ELV was considered applicable when a study empirically evaluated a specific AI/ML
model, automated/computational system, analytical method, or analytical procedure
for which independent validation was methodologically meaningful, and was classified
as Reported only when the same system, model, method, or procedure was evaluated
using genuinely independent external data or samples, an independent institution or
laboratory, or a cross-/multi-laboratory validation design. XAI was considered applicable
only when a study implemented an AI/ML model and was classified as Reported only
when an explicit mechanism for explaining or interpreting model outputs was implemented.
HAI was considered applicable when an implemented Al or computational analytical
system produced outputs capable of informing an expert analytical task or judgment and
was classified as Reported only when the study explicitly described meaningful expert
engagement with those outputs or the computational process. The complete study-level
assessment is reported in Supplementary Table S5.

The extracted data were organized, and synthesized descriptively and thematically.
Given the methodological heterogeneity of the included studies, no pooled quantitative
synthesis was undertaken. The synthesis focused on technological trends, methodological
and validation limitations, explainability, reproducibility, and requirements related to
scientific reliability and judicial admissibility. The complete study-level data charted from
the 51 included studies are provided in Supplementary Table S1.

Because the included literature was heterogeneous, studies were additionally charac-
terized according to their primary contribution as AI/ML-based analysis, automated or
computational firearm comparison, forensic validation or examiner-performance research,
conventional analytical/digital forensic methodology, or review /conceptual evidence. The
study-level mapping of all 51 included studies across these five categories is provided in
Supplementary Table 54 to ensure transparency and traceability of the classification. This
classification was used for descriptive stratification and synthesis and did not alter the
original study-selection process or PRISMA counts.

2.5. Data Availability

The study-level data supporting this scoping review are provided in the Supple-
mentary Materials, including the characteristics of the 51 included studies (Table S1), the
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Framework Development and Traceability Matrix (Table S2), the study-level methodolog-
ical stratification of the heterogeneous evidence base (Table S4), and the applicability
assessment of external validation, explainability, and human-AI/computational interaction
(Table S5).

2.6. Framework Development

Beyond the descriptive synthesis of the scoping review, an iterative qualitative con-
ceptual synthesis was undertaken to develop the proposed Human-Centered Hybrid Al
Framework. Framework development integrated two complementary evidence streams:
(1) recurring findings, limitations, and research gaps identified across the 51 studies in-
cluded in the PRISMA-ScR evidence base; and (2) complementary foundational literature in
forensic science, explainable Al, human-centered Al, governance, and judicial admissibility.
The latter was used to provide established scientific, conceptual, and legal foundations and
was not treated as part of the PRISMA-ScR evidence base.

The pathway from evidence to conceptual foundations, design principles, and architec-
tural components is documented in the Framework Development and Traceability Matrix
(Supplementary Materials, Table S2).

3. Results

This section presents the findings synthesized from the 51 studies included in the
PRISMA-ScR review, with the complete study-level characteristics and extracted data pro-
vided in Supplementary Table S1. The results summarize publication trends, technological
evolution, methodological characteristics, dataset and validation practices, and recurring
research gaps identified across the reviewed literature. Interpretation of these findings,
together with their integration with complementary scientific and theoretical literature, is
presented in Section 4.

3.1. Publication Trends

The temporal distribution of the reviewed literature demonstrates a clear and sus-
tained increase in research activity on Al-assisted firearm evidence analysis over the past
two decades. The number of publications increased gradually during the early years of the
study period, followed by a marked acceleration after 2018, coinciding with the widespread
adoption of deep learning architectures, advances in high-resolution ballistic imaging, and
increased computational capability.

Across the review period, the computational literature shows a transition from conven-
tional image-processing and statistical approaches toward machine learning, deep learning,
three-dimensional analysis, and increasingly automated comparison methods. Because
the overall evidence base also includes validation, examiner-performance, analytical, and
review /conceptual studies, technological trends are interpreted within the relevant compu-
tational subset rather than as a classification of all 51 included studies. The methodological
composition of the complete evidence base is reported in Supplementary Table S4.

Early studies primarily employed conventional image-processing techniques, hand-
crafted feature extraction, and statistical approaches, whereas more recent publications
increasingly adopted machine learning, convolutional neural networks (CNNs), Siamese
networks, three-dimensional imaging, and automated comparison systems. This shift in
computational approaches is examined in greater detail in Section 3.2.

3.2. Evolution of AI Methods in the Reviewed Studies

The 51 studies included in this PRISMA-ScR review demonstrate a clear evolution in Al
approaches applied to forensic firearm evidence analysis over the review period, reflecting
broader advances in computer vision, machine learning (ML), deep learning (DL), and
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computational imaging (Figure 2). Collectively, the reviewed studies show a transition from
traditional image-processing techniques toward increasingly sophisticated Al architectures
capable of supporting automated firearm comparison and forensic decision support.
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The evolution of computational and Al-assisted approaches in firearm evidence analysis has progressed
from early reliance on traditional image processing and handcrafted features, through the adoption of

machine learning techniques and ballistic databases, to the current era of deep learning, 3D imaging,
and automated comparison systems that enable more accurate, efficient, and objective analysis.

Figure 2. Technological evolution of computational and Al-assisted approaches in firearm evidence
analysis. Horizontal arrows indicate the chronological progression across the three technological
phases, while downward arrows link each phase to the overall evolutionary synthesis.

During the early stage (2000-2010), research relied primarily on conventional image-
processing methods, statistical descriptors, and engineered features to characterize ballistic
signatures. Early automated comparison approaches employed surface-topography mea-
surement, feature extraction, and correlation-based analysis, while remaining dependent
on carefully designed feature representations and expert interpretation [4,23].

The transition phase (2010-2018) witnessed increasing efforts to develop quantitative
and automated firearm comparison methods, supported by advances in digital imag-
ing, surface measurement, and computational analysis. Striation-based feature extrac-
tion, automated consecutive matching striae analysis, correlation methods, and statis-
tical comparison approaches contributed to increasingly quantitative ballistic evidence
comparison [5,7,24,25].

Since 2018, rapid advances in DL have transformed firearm evidence analysis. CNN-
based architectures, deep feature-learning approaches, surface-topography analysis, three-
dimensional imaging, and hybrid computational methods have demonstrated improve-
ments in automated feature extraction, pattern recognition, and ballistic evidence com-
parison [8,9]. These developments have shifted the field from analytical methods toward
increasingly automated Al-assisted comparison systems capable of supporting forensic
examiners in complex evidential assessments.

Figure 2 summarizes the principal technological trajectory identified across studies
concerned with computational and Al-assisted firearm analysis, highlighting the progres-
sion across three developmental stages from engineered image-processing and statistical
approaches toward increasingly automated, data-driven Al-assisted firearm comparison.
The figure is not intended to classify all 51 included studies as AI/ML model-development
studies; rather, it illustrates the technological evolution within the relevant computational
literature. The broader methodological diversity of the evidence base is documented in
Supplementary Tables S1 and S4 and discussed in Section 3.4.
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3.3. Dataset Characteristics and Validation Practices

The included studies showed considerable heterogeneity in dataset size, composition,
and validation practices, with reported sample sizes ranging from small laboratory datasets
to collections exceeding 20,000 observations. Dataset sources included internally generated
laboratory collections, publicly accessible or standardized resources, and case-specific
experimental datasets (Supplementary Table S1).

The study-level applicability assessment showed that external/cross-laboratory vali-
dation was methodologically applicable to 30 of the 51 included studies. Of these, 2 studies
(6.7%) reported external or cross-laboratory validation, whereas 28 (93.3%) did not report
such validation. The remaining 21 studies were classified as not applicable and were
excluded from the ELV-specific denominator (Supplementary Table S5).

Differences in datasets, experimental settings, validation procedures, and reported
performance measures further limited direct cross-study comparison.

Statistical assessment also varied across the reviewed literature. Reported procedures
included analysis of variance, Mann-Whitney, Fligner—Killeen, and Kolmogorov—Smirnov
tests, whereas explicit reporting of uncertainty measures, confidence intervals, and effect-
size estimates was less consistently documented (Supplementary Table S1).

Several studies utilized standardized or publicly accessible resources, including the
NIST Ballistics Toolmark Research Database [26].

Overall, the charted evidence demonstrates substantial heterogeneity in dataset com-
position and validation practices, with external or cross-laboratory validation remain-
ing limited among studies for which such validation was methodologically applicable
(Supplementary Tables S1 and S5).

3.4. Methodological Characteristics of the Reviewed Studies

The 51 included studies were retained for qualitative synthesis and constitute a
methodologically heterogeneous evidence base rather than a uniformly empirical cor-
pus. As documented in Supplementary Table S1, the studies vary in evidence type, dataset
scale, analytical approach, validation strategy, principal findings, and reported limitations.
Accordingly, the reviewed literature is characterized here as a qualitatively synthesized
methodological landscape rather than as a homogeneous body of experimental Al stud-
ies. To make this heterogeneity explicit and traceable at the study level, the 51 included
studies were stratified according to their primary contribution into five descriptive cate-
gories: AI/ML-based analysis (n = 9), automated or computational firearm comparison
(n = 8), forensic validation or examiner-performance research (n = 11), conventional analyti-
cal/digital forensic methodology (1 = 10), and review/conceptual evidence (n = 13). The
individual study assignments are reported in Supplementary Table 54.

This methodological diversity includes examiner-based firearm comparison studies,
reviews of computational and analytical methods, database-oriented studies, and experi-
mental Al-assisted approaches [4,6,7]. Reported limitations likewise varied across studies
and included closed-set designs, restricted review scope, data bias and privacy constraints,
limited external validation, and unresolved challenges relating to standardization and
explainability (Supplementary Table S1).

Performance evaluation commonly employed quantitative measures such as accuracy,
precision, recall, F1-score, receiver operating characteristic curves, confusion matrices, and
statistical comparison procedures. However, considerable heterogeneity was observed in
dataset composition, validation procedures, and reported performance indicators, limiting
direct methodological comparison across studies [7,10].

As reported in Section 3.3, external/cross-laboratory validation remained limited
among the subset of studies for which this characteristic was methodologically applicable;
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the corresponding study-level coding and denominator are provided in Supplementary
Table S5.

Methodological attention beyond computational development and performance eval-
uation was also uneven. Algorithmic explainability was methodologically applicable to
9 studies implementing AI/ML models; none reported an explicit model-explanation
mechanism (0/9, 0%). Structured human—Al/computational interaction was applicable to
24 studies, of which 4 (16.7%) explicitly reported meaningful expert engagement with com-
putational systems or their outputs, whereas 20 (83.3%) did not report such interaction. The
remaining studies were classified as not applicable to the corresponding characteristic and
were excluded from the characteristic-specific denominators (Supplementary Table S5).

Broader issues concerning expert perceptions, workflow and organizational integra-
tion, and legal considerations were also less prominently represented in the reviewed
literature [10,11].

Overall, the methodological profile of the reviewed studies was predominantly com-
putational and performance-oriented, with substantially less methodological attention
devoted to human-centered, organizational, interdisciplinary, and judicial dimensions of
Al-assisted firearm evidence analysis. These observed methodological patterns contribute
to the research gaps summarized in Section 3.5.

3.5. Major Research Gaps Identified in the Reviewed Studies

The synthesis of the 51 studies included in this PRISMA-ScR review identified re-
curring gaps across several dimensions of Al-assisted firearm evidence analysis. Dataset-
related limitations were prominent, with many studies relying on relatively small, ho-
mogeneous, or laboratory-generated datasets and limited access to publicly available
benchmarks [6,7,9]. Validation practices were also heterogeneous. Among the 30 studies for
which external/cross-laboratory validation was methodologically applicable, only 2 (6.7%)
reported such validation, whereas 28 (93.3%) did not (Supplementary Table S5). Reporting
of uncertainty, confidence, and error rates also remained inconsistent [2,3].

Beyond these methodological limitations, explainability and structured human—
Al/computational interaction remained limited among studies for which these characteris-
tics were methodologically applicable. None of the 9 studies implementing AI/ML models
reported an explicit XAl mechanism (0%), while structured human—AI/computational
interaction was reported in only 4 of 24 applicable studies (16.7%); 20 of 24 (83.3%) did
not report such interaction (Supplementary Table S5). These findings indicate continuing
gaps in the systematic integration of algorithmic explainability and meaningful expert
engagement within Al-assisted analytical workflows [14-17].

Reproducibility assessment, standardized validation and reporting practices, and
comprehensive measures of statistical robustness were inconsistently addressed [2,3,27],
while legal and judicial considerations-including transparency, accountability, procedural
fairness, and evidential admissibility-received comparatively limited attention [19,20].

Table 1 summarizes the principal research gaps identified across the included studies
and their corresponding methodological dimensions.

Collectively, these review findings provide the evidence base for the Discussion. In
Section 4, they are interpreted in conjunction with complementary authoritative and foun-
dational literature in forensic science, explainable Al, human-centered Al, and governance
to examine their broader scientific, operational, and judicial implications and inform the
development of the proposed Human-Centered Hybrid Al Framework.
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Table 1. Major research gaps identified in Al-assisted firearm evidence analysis.
Dimension Main Shortcomings
Data Small, homogeneous, and laboratory-generated datasets
Validation Limited external testing; lack of benchmark datasets
Models Limited interpretability of many complex AI/DL models
Explainability Limited integration of XAI techniques
Human Factors Underrepresentation of expert knowledge and human—AlI collaboration
Reliability Limited e.rr.o.r rate estimation, uncertainty quantlflcatlon, and
reproducibility assessment
Standards Absence of standardized validation and reporting protocols
Legal Aspects Limited attention to judicial admissibility, procedural fairness, and legal

accountability

4. Discussion

Section 3 presented the findings synthesized from the 51 studies included in this
PRISMA-ScR review, describing publication trends, technological evolution, methodologi-
cal characteristics, validation practices, and recurring research gaps in Al-assisted firearm
evidence analysis. While these findings provide a comprehensive overview of the current
state of the field, a descriptive synthesis alone does not fully explain their broader scientific,
operational, and judicial significance.

The present discussion therefore extends beyond the review evidence by interpret-
ing these findings in conjunction with complementary authoritative and foundational
literature in forensic science, explainable artificial intelligence (XAI), human-centered Al,
governance, and judicial admissibility. This complementary body of literature was not part
of the PRISMA-ScR evidence synthesis itself; rather, it was incorporated to provide the
scientific and theoretical foundations necessary to interpret the observed trends, explain the
identified research gaps, and support the development of a coherent conceptual framework.

Hence, the following discussion examines the review findings from successive scien-
tific perspectives, including technological evolution, scientific validation, explainability,
human-centered Al, Expert-in-the-Loop collaboration, and judicial governance. Collec-
tively, these complementary perspectives establish the conceptual foundations from which
the proposed Human-Centered Hybrid Al Framework is derived.

4.1. Technological Evolution and Performance

The review findings presented in Section 3 demonstrate a clear technological evolution
in Al-assisted firearm evidence analysis over the past two decades. The reviewed studies
show a progressive transition from traditional image-processing techniques and engineered
feature extraction toward machine learning (ML), deep learning (DL), and increasingly
sophisticated computational approaches for firearm comparison. This evolution mirrors
broader advances in artificial intelligence, computer vision, and digital imaging, which have
transformed pattern recognition and decision-support capabilities across forensic science.

Among the reviewed studies, successive advances in three-dimensional surface anal-
ysis and automated comparison methods [4,6], statistical matching algorithms [7], and
convolutional neural network (CNN)-based and deep feature-learning approaches [8,9]
demonstrated substantial improvements in automated feature extraction, similarity assess-
ment, and ballistic evidence comparison. These developments have enhanced computa-
tional capability while reducing reliance on engineered analytical workflows and subjective
feature interpretation.

https://doi.org/10.3390/ forensicsci6030080
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From a broader scientific perspective, this progression represents more than incremen-
tal improvements in computational performance. It reflects a transition from algorithm-
centered automation toward increasingly intelligent analytical systems capable of support-
ing forensic examiners through more consistent, objective, and scalable evidence analysis.
The progression from statistical matching approaches to modern deep-learning-based
methods [7-9] illustrates this broader transformation. This trajectory is also reflected in
very recent post-search literature, which continues to identify Al-enabled automation as
an emerging direction in firearm and ammunition identification, while emphasizing the
continuing importance of forensic expertise, validation, and appropriate integration of
computational methods into examination practice [28].

Advances in computational power, digital imaging technologies, and multimodal data
processing have further expanded the potential capabilities and applications of Al-assisted
firearm comparison systems.

However, the findings also indicate that technological progress has not been matched
by equivalent advances in scientific validation, explainability, expert collaboration, and
governance. While many studies reported high classification accuracy and comparison
performance, comparatively fewer addressed uncertainty quantification, reproducibility,
external validation, or operational deployment under realistic forensic conditions. Thus,
improvements in computational performance alone cannot establish the scientific reliability
or operational readiness of Al-assisted firearm examination.

These observations identify scientific validation as the next critical dimension in as-
sessing the maturity of Al-assisted firearm examination, as examined in Section 4.2. The
following sections examine these complementary dimensions and their role in establish-
ing the scientific and theoretical foundations of the proposed Human-Centered Hybrid
Al Framework.

4.2. Dataset Quality, Validation, and Scientific Reliability

Despite the technological advances discussed in Section 4.1, the findings of this review
indicate that dataset quality and validation practices remain major challenges to the scien-
tific reliability of Al-assisted firearm examination. As identified in Sections 3.3 and 3.5, many
of the reviewed studies relied on relatively small, homogeneous, or laboratory-generated
datasets that may not adequately represent the variability encountered in operational foren-
sic casework. Variations in firearms, ammunition, surface conditions, imaging systems,
and evidence quality further complicate the generalizability of models developed and
evaluated under controlled experimental conditions.

The limited availability of publicly accessible benchmark datasets presents an addi-
tional challenge. Reliance on institution-specific or internally generated datasets restricts
independent replication and makes direct comparison among Al approaches difficult. Con-
sequently, strong performance on a particular dataset cannot necessarily be assumed to
generalize across laboratories, jurisdictions, evidence conditions, or operational environ-
ments. From a scientific perspective, this highlights the importance of dataset representa-
tiveness and independent evaluation when assessing the robustness and external validity
of Al-assisted firearm examination systems.

Validation practices also remain inconsistent across the reviewed studies. The study-
level applicability assessment reinforces this finding: external/cross-laboratory validation
was reported in only 2 of the 30 studies for which it was methodologically applicable (6.7%;
Supplementary Table S5).

Although conventional metrics such as accuracy, precision, recall, and F1-score are
commonly reported, quantitative approaches to similarity assessment and error-rate esti-
mation have also emerged [29].
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Nevertheless, comprehensive uncertainty assessment, independent external valida-
tion, and cross-laboratory testing remain comparatively limited [30]. These limitations
are particularly significant in forensic science, where analytical conclusions are expected
to satisfy established requirements for empirical validity, reproducibility, and scientific
scrutiny [2,3].

Accordingly, predictive performance and scientific reliability should be regarded as
related but distinct dimensions of Al-assisted firearm examination. Reliable operational
adoption requires not only high-performing computational models but also representative
datasets, standardized validation protocols, transparent performance and error reporting,
uncertainty quantification, reproducibility assessment, and independent testing under
realistic conditions.

Together, these requirements establish scientific validity as a distinct conceptual foun-
dation of the framework synthesized in Section 4.7 [2,3,9].

4.3. Explainability and Transparency

The review findings presented in Sections 3.4 and 3.5, supported by the study-level
applicability assessment in Supplementary Table S5, show that none of the 9 studies imple-
menting AI/ML models reported an explicit model-explanation mechanism (0/9, 0%).

This empirical gap becomes particularly important when interpreted in light of the
broader explainable artificial intelligence (XAI) literature, which identifies explainability
as a critical requirement for trustworthy Al in high-stakes domains. Unlike conventional
performance metrics, explainability concerns whether Al-generated outputs can be un-
derstood and meaningfully interpreted by human users rather than treated as opaque
“black-box” predictions [12-15,18].

The increasing use of DL models in firearm examination creates a particular inter-
pretability challenge. Although these architectures can achieve high predictive performance,
their internal decision-making processes are often difficult to interpret. This creates a ten-
sion between computational performance and the scientific requirements of transparency,
reproducibility, and accountability. Foundational work on interpretable and explainable Al
emphasizes that this tension becomes particularly important in high-stakes applications
where algorithmic outputs may contribute to consequential human decisions [12-14].

In this context, transparency and explainability represent related but distinct properties.
Transparency concerns the extent to which the structure, data sources, computational
processes, and limitations of an Al system are accessible to scrutiny, whereas explainability
concerns the ability to provide meaningful and human-interpretable accounts of particular
outputs or predictions. In forensic practice, transparency supports scientific examination
of the analytical system, while explainability enables examiners and other stakeholders to
understand and critically evaluate the basis of Al-assisted findings.

These principles are particularly relevant to forensic evidence analysis. The broader
XAl literature characterizes explainability as a means of making algorithmic outputs under-
standable to human users and thereby supporting informed evaluation of Al-generated
results [15]. Similarly, the NIST principles for explainable Al emphasize that systems
should provide explanations, ensure that those explanations are meaningful and accurate,
and operate within their knowledge limits [18]. Applied to firearm examination, these
principles suggest that an Al system should communicate not only its analytical output
but also the relevant evidential features, reasoning process, confidence or uncertainty, and
limitations associated with that output.

The importance of explainability becomes even greater when forensic conclusions
may be subjected to scientific scrutiny, adversarial examination, or judicial review. An
Al-assisted conclusion must therefore be not only accurate but also sufficiently interpretable
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to permit meaningful scientific and forensic scrutiny. Rudin [14], for example, argues for
the use of inherently interpretable models rather than relying exclusively on post hoc
explanations of black-box systems in high-stakes decision contexts. For Al-assisted firearm
examination, this reinforces the need to integrate explainability into the analytical architec-
ture rather than treating it solely as an additional visualization or post-processing function.

Explainability therefore emerges as a distinct conceptual foundation for trustworthy
Al-assisted firearm examination. Its practical value, however, depends on knowledgeable
human users who can interpret, challenge, and contextualize Al-generated explanations,
providing the transition to human-centered Al examined in Section 4.4.

4.4. Human-Centered Al

The applicability-based assessment likewise showed limited implementation of struc-
tured human-Al/computational interaction. Among the 24 studies for which such interac-
tion was methodologically applicable, only 4 (16.7%) explicitly documented meaningful
expert engagement with computational outputs or processes, whereas 20 (83.3%) did not
(Supplementary Table S5).

The growing emphasis on explainability raises the broader question of how human
expertise should be positioned within Al-assisted forensic decision-making. The practi-
cal value of explainability depends on the capacity of qualified forensic practitioners to
interpret, evaluate, and contextualize Al-generated outputs. This requirement leads to the
broader paradigm of human-centered AI (HCAI), in which Al systems are designed to
augment rather than replace human expertise.

The review findings presented in Sections 3.4 and 3.5, together with the study-level
assessment in Supplementary Table S5, indicate that structured human—-AlI/computational
interaction remains unevenly represented within applicable studies. When considered
alongside the increasing computational sophistication identified in Section 3.2, this imbal-
ance highlights an important distinction between improving algorithmic capability and
developing Al systems that can effectively support professional forensic decision-making.

HCALI provides a broader conceptual perspective for addressing this distinction by
combining computational capability with meaningful human involvement throughout the
decision-making process. Rather than pursuing full analytical autonomy, HCAI emphasizes
systems that preserve meaningful human control over consequential decisions while ensur-
ing that algorithmic outputs remain understandable, verifiable, and subject to professional
oversight. This perspective is particularly relevant to forensic science, where evidential
conclusions involve not only computational analysis but also contextual interpretation,
professional judgment, and accountability.

Foundational HCAI literature reinforces this interpretation. Holzinger [16] empha-
sizes the importance of effective human—AlI collaboration in domains characterized by
uncertainty, complexity, and consequential decision-making, where computational outputs
should support rather than replace expert reasoning. Similarly, Shneiderman [17] argues
for reliable, safe, and trustworthy Al systems designed to enhance human capabilities
rather than pursue complete autonomy. Together, these perspectives establish meaningful
human involvement as a defining principle of trustworthy Al in consequential decision
environments [16,17]. Similar concerns have been identified in other high-consequence pro-
fessional domains, where the integration of Al requires balancing technological capability
with professional judgment, responsibility, and appropriate human oversight [31].

Applied to firearm examination, HCAI supports the integration of computational
analysis with the domain knowledge, contextual understanding, and professional judgment
of qualified firearm examiners. Al can therefore function as a transparent decision-support
capability assisting with feature analysis, evidence comparison, uncertainty assessment,
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and interpretation, while the forensic examiner retains responsibility for evaluating the
evidence and formulating the forensic conclusion.

Human-centered Al thus emerges as another conceptual foundation for trustworthy
Al-assisted firearm examination. It extends explainability beyond making computational
outputs understandable by establishing the human role through which those outputs
are interpreted, evaluated, and incorporated into forensic decision-making. This human-
centered perspective provides the conceptual basis for the more operational Expert-in-the-
Loop paradigm examined in the following section.

4.5. Expert-in-the-Loop Paradigm

Building upon the principles of human-centered Al discussed in the preceding sec-
tion, the Expert-in-the-Loop (EITL) paradigm provides an operational mechanism for
integrating professional expertise into Al-assisted forensic decision-making. Rather than
positioning Al systems as autonomous decision-makers, EITL architectures treat compu-
tational intelligence as a decision-support capability operating in structured interaction
with qualified experts. Furthermore, the findings presented in Sections 3.4 and 3.5 indicate
that comparatively limited attention has been devoted to systematically integrating human
expertise into Al-assisted firearm examination workflows, despite substantial advances in
computational capability.

The EITL paradigm recognizes that forensic conclusions cannot be reduced solely
to algorithmic outputs. While Al can identify complex patterns and process large vol-
umes of ballistic data, experienced examiners contribute contextual reasoning, uncertainty
assessment, evidential interpretation, and professional judgment that may be difficult to for-
malize computationally. Human expertise can therefore contribute at multiple points in the
analytical lifecycle, including evaluation of relevant features, interpretation of model out-
puts, assessment of ambiguous findings, and formulation of the final evidential conclusion.
Interactive machine-learning research similarly demonstrates the value of incorporating
human knowledge and feedback into computational processes [32].

Broader human-in-the-loop research similarly supports structured expert participation
as a mechanism for strengthening the interpretability, evaluation, and accountability of
Al-assisted decision-making [30]. In firearm examination, such participation is particularly
relevant when evidence is ambiguous, or model confidence is limited.

Importantly, EITL should be distinguished from simple post hoc human oversight.
The expert is not merely positioned at the end of an automated analytical pipeline to
approve or reject a computational result. Rather, EITL establishes structured and potentially
bidirectional interaction in which computational analysis informs expert reasoning, while
expert evaluation and feedback can guide interpretation, additional analysis, and system
assessment. This collaborative relationship is consistent with the interactive machine-
learning perspective of Amershi et al. [32] and the broader human-in-the-loop approaches
reviewed by Mosqueira-Rey et al. [33], both of which emphasize meaningful human
participation in Al-supported learning and analytical processes.

Expert-in-the-Loop collaboration therefore represents the operational expression of
the human-centered principle established in Section 4.4, embedding expert knowledge,
judgment, and authority within the analytical workflow while preserving examiner respon-
sibility for the final evidential conclusion.

The integration of expert authority within Al-assisted workflows also raises broader
questions concerning professional responsibility, traceability, accountability, and the defen-
sibility of Al-supported conclusions [34]. These considerations extend beyond human-AI
interaction itself and lead directly to the governance and judicial implications examined in
Section 4.6.
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4.6. Judicial Reliability and Admissibility

The review findings presented in Sections 3.4 and 3.5 indicate that legal admissibility,
procedural accountability, and judicial considerations have received comparatively limited
attention in the reviewed literature. This gap becomes particularly significant when consid-
ered against the scientific and legal requirements governing the reliability and admissibility
of forensic evidence [35].

Longstanding critiques of forensic pattern-comparison disciplines provide an impor-
tant scientific context for interpreting this finding. Saks and Koehler [1,27] argued for a
transition from predominantly experience-based identification practices toward empiri-
cally grounded methods supported by measurable uncertainty and probabilistic reasoning.
Similarly, the National Research Council [2] emphasized the need for objective validation,
standardized methodologies, and rigorous quality assurance across forensic disciplines.
These concerns were reinforced by the President’s Council of Advisors on Science and
Technology [3], which emphasized empirical demonstration of foundational validity and
scientifically established estimates of error rates for feature-comparison methods. Collec-
tively, these foundational sources establish scientific validity, reproducibility, error charac-
terization, and transparent evaluation as central considerations in assessing the reliability
of forensic evidence.

More recent empirical studies of firearm examiner performance have contributed
quantitative evidence concerning comparison accuracy, error rates, repeatability, repro-
ducibility, and examiner variability [28,29,36,37]. Such research reinforces the importance
of evaluating uncertainty and reproducibility when considering how Al-generated outputs
may contribute to firearm examination and evidential interpretation.

From a legal perspective, the Daubert decision [19] provides an influential framework
within the United States for assessing the reliability and admissibility of expert scientific
evidence, including considerations such as empirical testability, peer review and publi-
cation, known or potential error rates, standards controlling the technique, and general
acceptance within the relevant scientific community. These considerations present particu-
lar challenges for Al-assisted forensic systems when their analytical processes are opaque,
insufficiently validated, or difficult to independently scrutinize. In this context, explainabil-
ity and transparency acquire significance beyond their technical functions by supporting
scientific scrutiny, expert interpretation, and the communication of Al-assisted findings
within judicial proceedings. Recent scholarship has likewise highlighted the challenges
that Al introduces for the reliability and legal validity of scientific evidence, particularly
in relation to explainability, algorithmic opacity, admissibility, and the need for appropri-
ate procedural safeguards [34]. The human-centered and Expert-in-the-Loop principles
discussed in Sections 4.4 and 4.5 provide an additional dimension of judicial reliability
by preserving identifiable human authority and professional accountability over forensic
conclusions. In this context, HCAI and EITL contribute to judicial reliability by preserving
identifiable human authority and professional accountability over Al-assisted forensic
conclusions [20].

More broadly, recent work on technologically mediated forensic evidence similarly
emphasizes that scientific reliability depends on transparent methodology, verifiability,
repeatability, traceability, and appropriate judicial scrutiny when advanced digital technolo-
gies are introduced into criminal proceedings [35]. Governance and judicial accountability
therefore emerge as complementary requirements for trustworthy Al-assisted firearm
examination. Scientific validity establishes whether an analytical method is empirically
supportable; explainability enables its outputs to be understood and scrutinized; expert
involvement preserves professional judgment and responsibility; and governance provides
the mechanisms through which validation, traceability, documentation, quality assurance,
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accountability, and legal requirements can be maintained across the analytical lifecycle.
Together, these dimensions provide the institutional and judicial context within which
Al-assisted firearm evidence can be responsibly evaluated and used.

Taken together, the review findings and complementary foundational literature exam-
ined in Sections 4.1-4.6 converge on a set of interdependent requirements for trustworthy
Al-assisted firearm examination. Their integration and architectural translation into the
proposed Human-Centered Hybrid Al Framework are presented in Section 4.7.

4.7. Conceptual Synthesis and Development of the Human-Centered Hybrid Al Framework

The interpretation developed across Sections 4.1-4.6 reveals an imbalance between
technological advances in Al-assisted firearm examination and the scientific, human, gover-
nance, and judicial requirements necessary for trustworthy forensic practice. Taken together,
these findings indicate the need to integrate computational capability with scientific validity,
explainability, human expertise, and governance with judicial accountability.

The proposed Human-Centered Hybrid Al Framework was derived from two comple-
mentary evidence streams. The first comprised the review findings synthesized from the
51 studies included in the PRISMA-ScR review, which identified technological develop-
ments, methodological characteristics, validation practices, and recurring research gaps.
The second comprised complementary authoritative and foundational literature in forensic
science, explainable Al, human-centered Al, human—AlI collaboration, governance, and
judicial admissibility, which provided the scientific and theoretical principles required to
interpret those findings. Through iterative qualitative synthesis, these evidence streams
were integrated into a set of conceptual foundations and design principles that informed
the architecture of the proposed framework.

The framework development process is documented in the Framework Develop-
ment and Traceability Matrix provided in Supplementary Materials (Table S2). The matrix
establishes an explicit pathway from the review findings and complementary founda-
tional literature to the synthesized conceptual foundations, associated design principles,
and their subsequent architectural realization. Figure 3 translates this conceptual syn-
thesis into an integrated socio-technical architecture for trustworthy Al-assisted firearm
toolmark examination.

Figure 3 represents the architectural realization of the conceptual synthesis developed
through this review. Rather than treating Al as an isolated or autonomous computational
component, the framework integrates the identified scientific, computational, human, and
governance requirements within a unified socio-technical decision-support architecture.
Al-generated outputs can therefore be scientifically evaluated, professionally interpreted,
transparently documented, and appropriately communicated for forensic and judicial use.

The framework is organized into four complementary components. The first defines
the core scientific, technical, human, and legal requirements of trustworthy forensic AL the
second identifies the enabling tools and resources supporting these requirements; and the
third translates them into operational forensic activities, including model development,
explainable analysis, expert review, validation, documentation, and quality assurance.
Their integration culminates in the fourth component: scientifically reliable and judicially
trustworthy Al-assisted firearm evidence. This structure distinguishes the requirements
that trustworthy forensic Al should satisfy from the mechanisms through which they can
be implemented in practice.

Importantly, the framework positions Al as a decision-support capability rather than
an autonomous decision-maker, with qualified forensic experts retaining responsibility for
interpretation and evidential conclusions. It should therefore be understood as an evidence-
informed reference architecture rather than a validated operational system. The framework
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provides a structured foundation for future empirical validation, system development,
cross-laboratory evaluation, standardization, and operational implementation.

HUMAN-CENTERED FRAMEWORK FOR RELIABLE AI-ASSISTED FIREARM EXAMINATION
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Figure 3. Human-Centered Hybrid Al Framework for trustworthy Al-assisted firearm toolmark
examination. Numbers identify the seven framework elements; horizontal arrows indicate their
translation from core principles through enabling resources and operationalization toward the
intended outcome.

4.8. Future Research Directions

The findings of this review and the conceptual synthesis developed in Section 4.7
identify several priorities for future research. First, larger, more diverse, and publicly
accessible benchmark datasets are needed to support independent and cross-laboratory
validation, improve model generalizability, and enable meaningful comparison among
Al-assisted firearm examination approaches.

Future studies should also strengthen methodological validation through standard-
ized evaluation protocols, uncertainty quantification, confidence estimation, error-rate
reporting, reproducibility assessment, and testing under representative operational con-
ditions. Greater attention should be devoted to explainable Al (XAI), human-centered
Al (HCAI), and Expert-in-the-Loop (EITL) approaches, including empirical evaluation
of how explanations and structured expert interaction influence analytical performance,
interpretation, decision consistency, and professional accountability.

A further priority is the empirical implementation and validation of the proposed
Human-Centered Hybrid Al Framework. Future research should examine its individual
architectural components and their interactions using representative firearm evidence,
multimodal benchmark datasets, and realistic forensic workflows. Cross-laboratory studies
will be particularly important for evaluating the framework’s robustness, scalability, inter-
operability, and applicability across different institutional and operational environments.
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The governance and judicial dimensions of forensic Al require greater interdisciplinary
investigation involving forensic scientists, computer scientists, legal scholars, standards
organizations, and policymakers. Such collaboration can support the development of
common validation frameworks, reporting standards, governance mechanisms, ethical
guidelines, and regulatory approaches for the responsible use of Al-assisted forensic sys-
tems. Collectively, these research directions provide a pathway from the evidence-informed
framework proposed in this review toward its empirical validation, standardization, opera-
tional implementation, and evaluation within judicial contexts.

This scoping review has several methodological limitations. The restriction to English-
language publications and the heterogeneity of study designs, datasets, analytical methods,
and reporting practices may have limited the breadth and comparability of the evidence
synthesized. In addition, no formal critical appraisal or risk-of-bias assessment was under-
taken, consistent with the mapping purpose of the scoping-review design. Methodological
characteristics and reported limitations were descriptively charted where relevant but were
not used as a formal quality-rating or risk-of-bias framework. Accordingly, the findings
should be interpreted as a structured synthesis of the available evidence and research
gaps rather than as an assessment of comparative effectiveness, methodological quality, or
evidential certainty.

5. Conclusions

This scoping review examined the evolution of Al-assisted forensic firearm evidence
analysis through a qualitative synthesis of 51 studies published between 2000 and December
2025. While demonstrating substantial progress in machine learning (ML), deep learning
(DL), three-dimensional analysis, and automated comparison technologies, the review also
identified persistent challenges related to dataset representativeness, external validation,
uncertainty assessment, explainability, standardization, expert involvement, governance,
and judicial readiness.

A central finding is that current research remains predominantly focused on algorith-
mic and computational performance, with comparatively less attention devoted to explain-
ability, expert knowledge integration, scientific reliability, procedural accountability, and
legal considerations. When interpreted in conjunction with complementary foundational
literature, these findings demonstrate that trustworthy Al-assisted firearm examination
requires more than predictive accuracy; it requires the integration of scientific validity,
computational capability, transparent reasoning, meaningful human involvement, and
appropriate governance and judicial accountability.

Building upon this synthesis, the review proposes a Human-Centered Hybrid Al
Framework derived through the integration of the synthesized PRISMA-ScR evidence
base with complementary authoritative and foundational literature in forensic science,
explainable Al, human-centered Al, human-Al collaboration, and governance.

The framework development process is documented through a traceability matrix
linking the synthesized review evidence and complementary literature to the conceptual
foundations, design principles, and their architectural realization. The resulting frame-
work therefore represents an evidence-informed reference architecture that integrates
scientific validity, computational intelligence, explainability, expert collaboration, and
governance within a unified socio-technical approach to trustworthy Al-assisted firearm
toolmark examination.

Rather than positioning Al as a replacement for forensic expertise, the proposed
framework positions computational intelligence as an explainable and governed decision-
support capability operating in collaboration with qualified forensic examiners. As an
evidence-informed framework rather than a fully validated operational system, it provides
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a structured foundation for future empirical validation, cross-laboratory evaluation, stan-
dardization, technological development, and policy consideration. In this way, the study
shifts the emphasis from algorithmic performance alone toward scientifically validated,
explainable, human-centered, and accountable Al-assisted firearm examination capable of
supporting reliable forensic decision-making and judicially defensible use.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/ forensicsci6030080/s1, Table S1: Characteristics of the 51 studies
included in the scoping review. Table S2: Framework Development and Traceability Matrix. Linking
the Evidence Synthesis, Foundational Literature, Design Principles, and Architectural Components
of the Proposed Human-Centered Hybrid Al Framework. Table S3: Common Search Strategy and
Source-Specific Search Details. Table S4: Study-Level Methodological Stratification of the Included
Evidence Base. Table S5: Study-Level Methodological Classification and Applicability Assessment of
External Validation, Explainability, and Human-AI Interaction. The completed PRISMA-ScR checklist
is provided separately as non-published Supplementary Materials [36-86].
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