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13 Abstract

1 Background: Nailfold capillaroscopy (NFC) and nailfold videocapillaroscopy (NVC) provide a non-
15 invasive view of peripheral microvascular architecture, but manual interpretation is time-consuming,
16 observer-dependent, and sensitive to image-acquisition conditions. Artificial intelligence (AI) has increas-
17 ingly been used for capillary detection, segmentation, quantitative measurement, disease classification, and
18 deployment-oriented analysis. This scoping review mapped Al applications in NFC/NVC and examined
19 disease scope, task families, validation design, data-splitting practice, reproducibility, device portability, and
20 barriers to clinical translation.

21 Methods: A scoping review was conducted in accordance with the PRISMA Extension for Scoping
2 Reviews (PRISMA-ScR). PubMed, Ovid MEDLINE, Scopus, the Web of Science Core Collection, and IEEE
2 Xplore were searched from inception to 28 March 2026. Records were managed in Covidence. Eligible
2% studies were peer-reviewed journal articles or full conference proceedings reporting original, extractable
25 AT results. Abstract-only, non-original, preprint-only, duplicate or companion reports, and insufficiently
26 reported records were excluded from the primary evidence set.

27 Results: The searches yielded 3,059 records. After removal of 1,754 duplicates, 1,305 records un-
28 derwent title/abstract screening and 1,202 were excluded. All 103 reports progressing to full-text/source
29 assessment were reviewed; 60 were excluded from the primary evidence set and 43 studies were included,
30 comprising 37 journal articles and six full conference proceedings. Principal task families were classifica-
3 tion/prediction (n=19), detection/quantification (n==8), segmentation (n=7), dynamic/flow analysis (n=6),
2 image-quality /preprocessing (n=2), and dataset/benchmark development (n=1). Fourteen studies addressed
33 systemic sclerosis/Raynaud phenomenon-spectrum applications and 29 addressed general microcirculation
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or diseases beyond systemic sclerosis. Under strict coding, one study provided independent external clinical
validation, four were multicentre, 11 directly compared outputs with experts, four provided public code, two
provided public data, and five explicitly confirmed participant-level separation, and 28 of the 43 included
studies (65.1%) met none of the six indicators.

Conclusions: AI-NFC has expanded markedly in architecture, clinical scope, and deployment ambition,
including new applications in autoimmune disease, diabetes, neonatal retinopathy, amyloidosis, and dynamic
blood-cell analysis. Nevertheless, explicitly reported clinical-translation evidence remains constrained by
sparse independent external validation, infrequent confirmation of participant-level splitting, incomplete

reporting, limited open resources, and heterogeneous devices and reference standards.

Keywords: nailfold videocapillaroscopy; machine learning; deep learning; computer vision; microvascular

imaging; capillary segmentation; quantitative image analysis; participant-level data splitting

1 Background

Microvascular dysfunction is a central feature of many systemic, autoimmune, and metabolic diseases. Because
capillaries form the interface between the arterial and venous circulation, structural and functional abnormal-
ities in these vessels can provide early information about tissue perfusion, endothelial injury, inflammation,
and disease progression. The nailfold is a particularly informative anatomical window because the distal-row
capillary loops run nearly parallel to the skin surface and can therefore be visualised non-invasively. Nailfold
capillaroscopy (NFC) and nailfold videocapillaroscopy (NVC) have consequently become important techniques
for assessing peripheral microvascular architecture in clinical rheumatology and microcirculation research [1, 2].

The strongest clinical role of NVC is in systemic sclerosis (SSc) and Raynaud’s phenomenon (RP). In
SSc, characteristic capillaroscopic abnormalities—including giant capillaries, dilated loops, microhaemorrhages,
avascular areas, capillary loss, and disorganised architecture—are used to support early diagnosis, classification,
prognosis, and disease monitoring [3-5]. The early, active, and late scleroderma patterns described by Cutolo
and colleagues provide the morphological taxonomy that underpins much of the clinical and computational
literature in this field [3, 4]. Beyond SSc, NFC/NVC has also been investigated in RP, juvenile dermatomyositis
(JDM), systemic lupus erythematosus (SLE), diabetes mellitus, hypertension, and other conditions involving
microvascular impairment [1, 6-8].

Despite this clinical value, conventional NFC/NVC interpretation remains challenging. Although the method
appears simple and repeatable, its interpretation depends on image quality, acquisition protocol, examiner
training, device characteristics, and the definitions used for morphological and quantitative parameters. Many
clinically meaningful variables—including capillary density, capillary width, loop shape, haemorrhage, tortuosity,
ramification, and avascularity—depend on the consistent identification of individual capillary structures and
their anatomical position within the distal row [1, 2]. Among these variables, capillary density is particularly
important because it provides a direct measure of capillary loss and has been linked to disease severity and

complications in SSc and other microvascular conditions [2]. However, density estimation also illustrates the
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practical difficulty of manual assessment: even the apparently simple task of counting capillaries per millimeter
can become ambiguous when loops are crossed, branched, tortuous, partially visible, or poorly contrasted.

These ambiguities in capillary identification and density estimation have motivated earlier efforts to improve
standardisation and reliability. Previous work on capillary counting proposed structured approaches such as
the elliptical broken line method, which aimed to define clearer rules for identifying capillary apexes and
reducing ambiguity in density estimation [9]. Similarly, image-enhancement work showed that improving NVC
image quality can increase intra- and inter-observer reliability, indicating that measurement variability reflects
examiner training as well as image-processing and acquisition factors [10]. Together, these studies illustrate
a broader methodological issue: before NFC/NVC can be widely used as a quantitative biomarker, the field
requires more reproducible acquisition, preprocessing, annotation, segmentation, and measurement pipelines.

Artificial intelligence (AI) has emerged as natural extensions of this methodological trajectory. Rather than
relying only on visual inspection or manual measurement, computational models can support image-quality con-
trol, capillary detection, segmentation, density estimation, morphometric quantification, pattern classification,
and disease prediction. Early automated and semi-automated approaches were based on handcrafted features
and classical image-processing pipelines, whereas recent studies have used convolutional neural networks (CNNs),
U-Net-based segmentation, YOLO-family detectors, ResNet classifiers, Vision Transformers (ViTs), gradient-
boosted feature classifiers, optoacoustic three-dimensional imaging, and edge-deployment systems [11-15]. This
technical progression suggests that Al may help reduce subjectivity, improve measurement speed, and extend
capillaroscopy beyond specialist centres.

However, the progress of Al in NFC/NVC should not be interpreted only through headline accuracy. The
available studies differ substantially in clinical population, disease label, imaging device, acquisition protocol,
annotation source, unit of analysis, validation design, and reporting standard. This concern is particularly
important because AI-NFC datasets often contain multiple images, videos, fingers, or fields from the same
participant. In such repeated-measures settings, validation strategies that ignore participant identity can allow
correlated observations from the same individual to appear in both training and test folds, producing data
leakage and inflated performance estimates [16]. Therefore, for NFC/NVC models, reporting whether splitting
was performed at the image, video, finger, patient, centre, or device level is not a technical detail but a core
requirement for judging generalisability.

A prior systematic review identified 10 AI-NFC studies from 105 retrieved records and highlighted substan-
tial heterogeneity in study populations, model development, validation, feature extraction, and performance
reporting [17]. Since then, the evidence base has expanded to include additional disease applications, low-cost
and portable devices, edge-deployment systems, open datasets, and externally validated software. Adjacent
reviews have focused on broader nail diagnostics, general microcirculation imaging, or rheumatology Al rather
than systematically mapping AI-NFC validation, split-unit reporting, reproducibility, device portability, and

clinical-translation readiness. Table 1 summarises how the present scoping review extends the prior literature.
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Table 1: Positioning of the present scoping review relative to the most directly relevant prior review literature.

Review source

Main focus

Gap addressed by the present review

Helmy et al. (2023) [18]

Emam et al. (2024) [17]

Koker et al. (2024) [19]

Doncheva-Dilova et al.
(2025) [20]

Gaurav et al. (2025) [21]

Marode et al. (2026) [22]

Santos et al. (2026) [23]

Present scoping review

Technical review of deep learning and com-
puter vision for microcirculation image
analysis (> 50 papers surveyed).

Direct systematic review of Al in nailfold
capillaroscopy (105 records; 10 included
studies; medRxiv preprint).

Structured review of Al in pediatric
rheumatology (four databases to May 2024;
final included-study = 33).

Narrative overview of Al-assisted capil-
laroscopy and SSc/Raynaud pattern clas-
sification; no formal selection protocol re-
ported.

Narrative review of Al in nail disorders, in-
cluding NFC; PubMed and Google Scholar
searches reported, but no final included-
study corpus stated.

Structured narrative technology review of
Al-enabled nail diagnostics and sensing
platforms; no final included-study count re-
ported.

Structured narrative review of Al in sys-
temic sclerosis (54 studies in qualitative
synthesis).

PRISMA-ScR review of Al in NFC/NVC
(3,059 records; 43 included primary stud-
ies).

Provides a dedicated NFC/NVC evidence map with
clinical scope, Al task families, validation design,
split-unit reporting, reproducibility, and translation.
Updates the direct evidence base to 43 studies and
evaluates external validation, participant-level sep-
aration, open resources, device portability, sample-
size reporting, and translation readiness.

Provides an NFC/NVC-specific synthesis, including
JDM evidence, and extends the scope to adult and
non-rheumatologic microvascular applications.

Adds PRISMA-ScR selection, study-level extrac-
tion, validation indicators, reproducibility assess-
ment, and a structured synthesis of translation gaps.

Separates nailfold microvascular imaging from broad
nail-disease Al and assesses capillaroscopy-specific
tasks, validation, devices, reproducibility, and clin-
ical translation.

Focuses on AI-NFC/NVC rather than general nail
diagnostics and evaluates task families, devices, val-
idation, reproducibility, and translation barriers.

Extends beyond SSc and provides a focused au-
dit of AI-NFC/NVC validation, reproducibility, and
clinical-translation evidence.

Provides a cross-domain translational evidence map
spanning task families, clinical scope, validation, re-
producibility, devices, open resources, sample-size
denominators, equity, governance, and regulatory-
readiness gaps.

Note.

Al = artificial intelligence; NFC = nailfold capillaroscopy; NVC = nailfold videocapillaroscopy; SSc = systemic

sclerosis; JDM = juvenile dermatomyositis; PRISMA-ScR = Preferred Reporting Items for Systematic Reviews and Meta-
Analyses extension for Scoping Reviews. Counts are shown only when explicitly reported by the source.

Framing AI-NFC in these terms places it squarely within medical informatics and clinical decision-making
rather than image processing alone. An AI-NFC model is, in practice, a candidate clinical decision-support
component, its value depends not on peak reported accuracy but on whether it can be developed, validated,
implemented, and monitored safely within a real diagnostic workflow. The evidence that determines this—
transparent validation design, leakage-controlled data splitting, external and multicentre testing, calibration
and uncertainty reporting, open code and data, device robustness, and equity and governance safeguards—is
precisely the evidence that health-information-technology evaluation and reporting frameworks were created
to capture. A synthesis that maps how completely this evidence is reported, rather than which model scored
highest, therefore speaks directly to the design, development, implementation, use, and evaluation of decision-
support technologies for microvascular assessment. To our knowledge, no prior review has audited AI-NFC
through this implementation and reporting lens.

Therefore, this scoping review aims to map the current landscape of Al applications in NFC/NVC and to
evaluate the field from both technical and translational perspectives. Specifically, we addressed four questions:
(1) what AT task families have been applied to NFC/NVC images; (2) which diseases, devices, and datasets
dominate the evidence base; (3) how robust are validation, cross-validation, reproducibility, and external-
validation practices; and (4) what methodological and translational barriers limit clinical deployment? By

framing AI-NFC as a problem of validation, reproducibility, leakage control, device generalisation, and clinical
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utility, this review seeks to move the discussion beyond model accuracy toward trustworthy implementation in

microvascular imaging.

2 Methods

2.1 Review Design and Reporting Framework

This scoping review mapped the clinical applications, technical approaches, validation practices, reproducibility,
and translational readiness of Al methods applied to NFC/NVC. The review was conducted and reported in
accordance with the PRISMA Extension for Scoping Reviews (PRISMA-ScR) [24] and the completed PRISMA-
ScR checklist is provided as Additional file 1. A scoping-review design was selected because the evidence base
spans heterogeneous clinical populations, imaging devices, Al tasks, reference standards, validation designs, and
performance metrics that are not suitable for a single pooled effect estimate. Generative Al (large language
model) tools were used only for language and organisational support during manuscript preparation and were
not used for any screening, eligibility, extraction, indicator-coding, or analytical decision, full details are given

in the Declarations (Use of generative artificial intelligence tools).

2.2 Protocol and registration

This review was not prospectively registered. The review nevertheless followed a predefined internal plan spec-
ifying the review questions, eligibility criteria, information sources, screening procedure, extraction variables,
evidence-classification rules, and synthesis strategy. Because no prospectively registered protocol is available,
this manuscript avoids treating post hoc clarifications as externally registered methods; any reconstruction of

screening, extraction, or coding decisions should be interpreted through the audit files accompanying the review.

2.3 Eligibility Criteria

Studies were eligible for the primary synthesis when they: (1) reported original research using human NFC/NVC
images, videos, or quantitative features derived from these images; (2) applied AI, machine learning, deep
learning, or a learning-based computer-vision method; (3) provided sufficient information on the dataset, model,
validation procedure, and outcomes for extraction; and (4) were published as a full peer-reviewed journal
article or a full peer-reviewed conference proceeding. Non-English full-text reports were eligible when sufficient
information could be extracted through translation and verification against the original source.

For operational consistency, “sufficient information” required extractable information in four minimum do-
mains: (i) the study population or image/video source, (ii) the AI or learning-based computer-vision method,
(iii) the validation or testing procedure, and (iv) at least one extractable outcome or performance result. Full
reports lacking one or more of these minimum domains were excluded from the primary evidence set only when
the missing information prevented study-level charting. Abstract-only records were counted separately from

full reports excluded for insufficiently extractable methods or results.
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Eligible task families included capillary detection and localisation, segmentation, morphological or haemo-
dynamic quantification, image or patient-level classification, prediction using image-derived variables, image-
quality enhancement, blood-cell or flow analysis, dataset/benchmark development, and deployment-oriented
systems. Feature-level machine-learning studies using NFC/NVC-derived variables were retained but distin-
guished from end-to-end image or video modelling.

Conference abstracts without a complete report were excluded because their methods and results could
not be extracted reliably. Reviews, commentaries, editorials, protocols, book chapters, preprint-only reports,
non-learning deterministic algorithms, studies using an ineligible modality without optical NFC/NVC data,
duplicate or companion reports, and reports without extractable methods or outcomes were excluded from
the primary denominator. Such sources could be retained for background or citation tracing. When multiple
publications described the same underlying study, they were linked as a study family and counted once, using

the most complete eligible peer-reviewed report.

2.4 Information Sources and Search Strategy

PubMed, Ovid MEDLINE, Scopus, the Web of Science Core Collection, and IEEE Xplore were searched from
database inception to 28 March 2026. The core strategy combined terms for nailfold imaging (for example,

2 W bP R4S

“nailfold”, “capillaroscopy”, “videocapillaroscopy”, “nailfold capillary”, and “microcirculation”) with terms for Al

YR RS 3 Y EN13

and computer vision (for example, “artificial intelligence”, “machine learning”; “deep learning”, “computer vi-
sion”; “segmentation”, “object detection”, “classification”, “convolutional neural network”, “U-Net”, “YOLO”, and
“Vision Transformer”). Database-specific subject headings, field tags, truncation, and syntax were adapted
while retaining the same conceptual structure. Search results were exported in RIS, PubMed, or EndNote XML
format and imported into Covidence. Covidence was used for duplicate detection, screening, full-text/source de-

cision management, and PRISMA-flow tracking. Full platform-specific strategies are provided in Supplementary

Appendix A.

2.5 Study Selection

After import into Covidence, duplicate records were identified automatically and additional duplicates were
removed manually when detected during screening. Title/abstract screening was performed by AK and ZE
against the predefined eligibility criteria, with records judged relevant or uncertain advanced to full-text/source
assessment. Full-text/source assessment was also performed by AK and ZE. HJ and ZE independently verified
the final full-text/source decisions, study-family links, extracted study variables, and validation /reproducibility
indicator codes against the source documents and extraction workbook.

At the full-text/source stage, each report was assessed for eligibility for the primary evidence set. Exclu-
sion decisions were assigned according to the predefined criteria described above, including publication type,
modality, Al-method eligibility, duplicate or companion-report status, and availability of extractable methods

and outcomes. Reports that did not meet the primary-synthesis criteria could be retained only for background
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context or citation tracing. Two eligible non-English full-text/source reports required translation for eligibility
assessment and data charting: one Korean-language report and one Spanish-language report [25, 26]. Both were
translated into English for full-text/source assessment, and the extracted information was checked against the
original tables, figures, abstracts, and bibliographic metadata.

Discrepancies in eligibility, extraction, or indicator coding were resolved by discussion, re-examination of the
original reports, and consensus among AK, ZE, and HJ. Cohen’s kappa was not calculated because a complete
paired record of independently coded decisions was not retained for a predefined screening or extraction stage;
the review therefore reports a consensus-based screening and independent-verification workflow rather than a

formal duplicate-screening reliability estimate.

2.6 Data Charting

A standardised extraction form was used to collect bibliographic information, publication form, disease or ap-
plication domain, study design, participant and image/video counts, clinical setting, imaging modality and
device, unit of analysis, annotation and reference standard, model family, input and output type, preprocess-
ing, training and validation design, split unit, prevention of participant overlap, external-validation category,
multicenter design, comparison with experts, reported metrics, confidence intervals, inference hardware and
runtime, code and data availability, contribution, and limitations. Where explicitly reported, the extraction
also captured translation-relevant items including calibration, uncertainty reporting, prospective clinical-utility
or workflow endpoints, demographic or skin-phototype subgroup analyses, governance or monitoring statements,
and regulatory-readiness information. Missing information was coded as not reported rather than inferred. The
final article version replaced a corresponding preprint when both represented the same study, and duplicate
study reports were linked rather than counted independently.

For each included primary study, we also extracted two sample-size denominators when available: the
participant count and the number of image-based sample units, including still images, videos, video clips,
extracted video frames, or annotated frames, depending on how each study defined its dataset. Studies that
did not report one of these two denominators were retained in the descriptive synthesis but excluded from the
supplementary denominator comparison. Because image-based units were not harmonised across studies, the
participant—image /video/frame comparison was treated as an exploratory descriptive analysis rather than as a
standardised measure of statistical sample size. Spearman’s rank correlation coefficient was reported only as a

supplementary cross-study summary of the reported denominators.

2.7 Evidence Classification and Synthesis

After eligibility assessment, each included primary study was classified for descriptive synthesis according to
publication track, principal Al task family, and clinical or application domain. Publication track distinguished
peer-reviewed journal articles from full peer-reviewed conference proceedings, allowing conference evidence to

be analysed separately.
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Each study was assigned to one principal AI task family based on its primary contribution: classification or
prediction, detection or quantification, segmentation, dynamic or flow analysis, image quality or preprocessing,
or dataset and benchmark development. Studies with multiple technical components were classified according
to their primary objective. Clinical or application domains were determined from the target population, disease
indication, or physiological application.

Because the included studies differed in their tasks, units of analysis, reference standards, and performance
metrics, results were summarised descriptively within comparable task families. No pooled diagnostic-accuracy

estimate or cross-task performance ranking was performed.

2.8 Validation and Reproducibility Indicators

From the charted variables, six validation and reproducibility indicators were derived for each included primary
study: independent external clinical validation, multicenter design, direct comparison with experts, publicly
accessible code, publicly accessible data, and explicit participant-level separation. These indicators were selected
to describe reporting practices relevant to generalisability, leakage control, expert-reference comparison, and
independent reproducibility.

Indicators were coded using strict affirmative criteria. A study was coded as “Yes” only when the relevant
information was explicitly reported in the article or an accompanying public resource. Availability only on
request was not counted as publicly accessible code or data. Unclear, incomplete, or absent reporting was
coded as not reported/unclear rather than inferred. Participant-level separation required explicit evidence that
images, videos, fingers, fields, or frames from the same participant were not split across training, validation, or
test partitions.

The indicators were analysed separately and were not combined into a composite quality score, maturity
tier, or risk-of-bias rating, because their relevance differs across Al task families and study designs. A study-
level indicator matrix is provided in Supplementary Table S5. For these indicators, “Yes” means explicitly
affirmative reporting; “NR/unclear” means that the report did not provide enough information to determine
the indicator; and “No” was reserved for cases where the study design or text made the absence of the indicator
clear under the review definition. For independent external clinical validation, internal random splits, internal
cross-validation, internal held-out images, and device holdout within the same development programme were
not coded as independent external clinical validation. For public code or public data, access on request, private

institutional storage, or unavailable links were not coded as public.

3 Results

3.1 Study Selection

The database search and Covidence workflow identified 3,059 records from five sources. After de-duplication,

1,305 records underwent title/abstract screening, and 103 reports progressed to full-text/source assessment
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(Figure 1). Following full-text/source review, 43 primary studies met the criteria for the scoping synthesis,
comprising 37 peer-reviewed journal articles and six full peer-reviewed conference proceedings. Sixty reports
were excluded from the primary evidence set using mutually exclusive primary exclusion reasons (Figure 1).
Eighteen non-primary reports were retained only for background context or citation tracing and were not

included in the primary denominator.

3.2 Characteristics and Evolution of the Evidence Base

The 43 included primary studies were published between 2014 and 2026 and comprised 37 journal articles and
six full conference proceedings. Figure 1 summarises study identification and selection and provides an overview
of the final evidence distribution by principal AI task family.

Publication activity increased after 2022, with studies spanning all six AI task families. Classifica-
tion/prediction was the largest group, whereas image-quality /preprocessing and dataset/benchmark studies
were least frequent. Some systems performed more than one technical function; for descriptive synthesis, each
study was assigned one principal task according to its main reported contribution. Figure 2 shows how task fam-
ilies and model architectures evolved over time, including classical machine-learning or handcrafted pipelines,
CNN-based models, U-Net-family segmentation networks, YOLO/object-detection models, transformer-based

approaches, and hybrid or ensemble systems.

PRISMA-ScR flow of study identification and selection

( ) -
(2\ Records imported (n = 3,059) i ] )
e Web of Science: 940 | Scopus: 895 Duplicates removed (n = 1,754)
g Ovid MEDLINE: 639 | PubMed: 560 Covidence: 1,734 | Manual: 20
= \_
g IEEE Xplore: 25 d
- \.
=1 *
N 7 s "
|E| Records screened by title and abstract Records excluded (n = 1,202)
oo (n=1,305)
.E \_ & J
§ ¢ ( Reports excluded from the primary i
& ( evidence set (n = 60)
— Full-text/source reports assessed e e
S non-primary publication (review,
@ for ehglblllty (n = 103) commentary, or book chapter);
= 6 abstract-only or insufficient methods/results;
E e 7 no extractable outcome;
® A A
) Yy ] Included studies by Al task category (n = 43) \
i Classification | Detection / § Dynamic / :
@ Primary studies included in the scoping synthesis (n = 43) E Pradiction Quainification Flow ainahis I{
B Peer-reviewed journal articles: 37 - (n=19) (n=8) (n=6) |
3 Full conference proceedings: 6 E ] - !
E : Segmentation | Image—quall.ty / Dataset / !
el ! th=7) { Preprocessing |  Benchmark !
L (n=2) (n=1) i
& s

Figure 1: Study identification, selection, and final AI task-family distribution. The diagram summarises
database retrieval, duplicate removal, title/abstract screening, and full-text/source eligibility assessment. Counts were
derived from the Covidence import and screening history. The final evidence set comprised 43 primary studies (37
journal articles and six full conference proceedings). The task-category panel assigns each included study to one
principal Al task family based on its main reported contribution; studies with multiple technical functions were
counted once. When multiple reports described the same study family, the most complete eligible report was retained.
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Figure 2: Evolution of AI model architectures and task families in AI-NFC research, 2014—-2026
(n=43). (A) Principal AI model architecture families over time. Each study was assigned one principal
architecture category, illustrating the transition from classical ML and handcrafted pipelines to deep learning,
object-detection, transformer-based, ensemble, and deployment-oriented approaches. (B) Principal AI task families
over time. Each study was assigned one principal task family for descriptive mapping, showing the expansion from
early detection/quantification and classification work to segmentation, dynamic/flow analysis, preprocessing, and
benchmark development. Colours are meaningful in both panels and denote the corresponding task or architecture
categories shown in the figure legends.

3.3 Clinical and Application Domains

The included studies covered seven clinical or application-domain categories (Figure 3). Fourteen studies pri-
marily addressed SSc/RP-spectrum applications (33%). Eighteen studies focused on general or physiological
microcirculation, including capillary morphology, image quality, flow, and cellular monitoring (42%). Five
studies addressed diabetes or metabolic applications (12%), two addressed JDM (5%), two addressed other
autoimmune or inflammatory diseases (5%), one addressed retinopathy of prematurity (ROP; 2%), and one
addressed wild-type transthyretin (ATTRwt) amyloidosis (2%).

Figure 3A shows the distribution of clinical /application domains across principal Al task families. Figure 3B

shows the year in which each disease or application domain appeared in the included primary evidence set.

3.4 Validation, Reproducibility, and Reporting

Figure 4B summarises the six validation and reproducibility indicators across the 43 included primary studies,
and Supplementary Table S6 provides the corresponding task-family stratification. Under the strict definition
used in this review, one study provided independent external clinical validation: the multicentre evaluation by
Tello et al. [27]. Bharathi et al. reported independent held-out subject groups and a low-cost device cohort,
but these cohorts were not classified as an independently sourced external clinical validation dataset [11].

The stratified summary showed that affirmative reporting was concentrated in classification/prediction
and detection/quantification studies, whereas segmentation, dynamic/flow-analysis, and image-
quality /preprocessing studies rarely reported validation and reproducibility indicators beyond internal

technical evaluation. Explicit participant-level separation was reported in five studies, comprising four journal
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Figure 3: Clinical scope and temporal expansion of AI-NFC research, 2014-2026 (n = 43; colours are
meaningful). (A) Evidence map by clinical/application domain and principal AI task. Cell values show the
number of included primary studies, and colour intensity represents the study count in each cell. (B) Timeline of
disease/application-domain expansion. Each dot represents one primary study; dot colour denotes the principal
AT task family. Arrows mark the year each disease/application domain first appeared in the primary evidence set.
SSc/RP studies have been present throughout, while most non-SSc domains emerged after 2022.

articles and one conference proceeding. Publicly accessible code and publicly accessible data were reported
in four and two studies, respectively. Taken together, 28 of the 43 included studies (65.1%) met none of the
six indicators, underscoring how concentrated affirmative reporting was among a small subset of studies. The

corresponding study-level matrix appears in Supplementary Table S5 (Methods) and Supplementary Figure S2.

3.5 Performance Reporting and Cross-Study Comparability

Reported performance metrics varied by Al task family. Classification studies commonly reported accuracy, sen-
sitivity, specificity, F1 score, AUROC, or AUPRC; segmentation studies reported Dice, intersection-over-union,
or pixel accuracy; object-detection studies reported average precision or mean average precision; quantitative
and flow-analysis studies reported correlation, error, agreement, or velocity estimates; and deployment-oriented
studies additionally reported runtime or hardware characteristics. Detailed study characteristics and reported
performance are provided in Supplementary Tables S3 and S4.

Participant-level cohort sizes varied across task families (Figure 4A). Among the 31 studies reporting a
participant-level denominator, the overall median cohort size was 30 participants. Participant counts were not
reported in 12 studies.

In the supplementary denominator comparison, 24 studies reported both participant counts and an im-
age/video/frame denominator. This 24-study subset is smaller than, and not identical to, the 31 studies that
reported a participant count, so its median participant count (70) differs from the 30-participant median reported

above for the full 31-study set; the two medians are computed over different subsets and are not in conflict.
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Figure 4: Cohort size, validation, reproducibility, and reporting across AI-NFC primary studies

(n = 43). (A) Participant cohort sizes by principal AI task family. Each point represents one primary study
reporting a participant-level denominator. The vertical axis is logarithmic because cohort sizes varied substantially.
Coloured horizontal lines indicate within-task medians. “NR” below each task family denotes studies for which a
participant-level denominator was not reported. The dashed horizontal line indicates the overall median cohort size of
30 participants among the 31 studies that reported a participant-level denominator. (B) Reporting of validation
and reproducibility indicators across 43 primary studies. Bars show studies reporting explicit presence, explicit
absence, or not-reported/unclear status for each indicator. Public code and public data required immediately accessible
resources; availability only on request was not counted as public availability.

Because these image-based units were not harmonised across studies, the correlation result is reported only as
a descriptive cross-study summary (Spearman p = 0.35, p = 0.095; Supplementary Figure S1; Supplementary

Tables S7-S8) and was not used as a pooled measure of effective sample size.

4 Discussion

4.1 The Evidence Base Has Expanded Substantially

This scoping review addressed four questions concerning the task families, clinical domains, validation practices,
and translational barriers in Al-assisted NFC/NVC research. The main finding is that AI-NFC has expanded
substantially in both technical scope and clinical ambition, but this expansion has not yet been matched by
equally strong evidence for clinical generalisability, reproducibility, or implementation readiness.

This expansion should be interpreted as widening scope rather than as evidence of field maturity. Much of the
growth occurred in recent years, and many included reports were proof-of-concept, engineering, segmentation,
preprocessing, or benchmark studies rather than deployment-ready clinical evaluations. The validation and
reproducibility indicators used here therefore describe the availability of translation-relevant evidence; they are
not intended as a pass—fail judgement on every early-stage study.

The included studies show that AI-NFC is no longer limited to automated capillary counting or SSc-pattern
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classification. The evidence base now spans classification and prediction, capillary detection and quantification,
segmentation, dynamic flow and cellular analysis, image-quality enhancement, dataset and benchmark devel-
opment, and deployment-oriented systems. This breadth indicates that AI-NFC is developing into a broader
microvascular-computing field, with models designed to support quantitative biomarker extraction, diagnostic
classification, image restoration, object-detection benchmarking, low-cost imaging, and real-time analysis.

The same expansion is visible at the level of model architecture. Early studies relied mainly on classical
image-processing, handcrafted features, random forests, support-vector machines, and other traditional machine-
learning pipelines. More recent studies increasingly used CNNs, U-Net-family segmentation models, YOLO-
family object detectors, Vision Transformers, gradient-boosted models, attention-based networks, and hybrid
or ensemble approaches. This architectural diversity is useful because it brings methods from computer vision,
biomedical image analysis, and clinical decision-support research into the same field. At the same time, it
also explains why a pooled diagnostic-accuracy meta-analysis was not appropriate, the included studies differed
substantially in task definition, unit of analysis, reference standard, validation design, and reported metrics.

The clinical and application scope has also broadened beyond the traditional SSc/RP focus. SSc¢/RP remains
the largest disease-specific domain, reflecting its established capillaroscopic taxonomy, expert-label tradition,
and clinical dependence on NVC. However, many studies now address general microcirculation or non-SSc appli-
cations, including diabetes, JDM, rheumatoid arthritis (RA)/SLE, psoriasis/psoriatic arthritis (PsA), neonatal
ROP, ATTRwt amyloidosis, image-quality assessment, flow analysis, and dynamic cellular monitoring. This
broader scope is important because it suggests that AI-NFC is increasingly being considered as a general
microvascular-imaging platform and a tool for scleroderma-pattern recognition.

This diversification should be interpreted with caution. Many non-SSc applications remain exploratory and
lack disease-specific validation, transferable reference standards, and clear links to clinical decision-making.
Compared with the prior direct AI-NFC review and adjacent reviews of microcirculation, nail diagnostics,
rheumatology A, and systemic sclerosis Al, the present review therefore adds a wider translational evidence
map and updated list of models [17, 18, 23]. The key message from this first part of the Discussion is that AI-NFC

has become technically and clinically broader, but the evidence base remains methodologically fragmented.

4.2 Technical Diversity Does Not Equal Clinical Generalisability

The expansion of model architectures and clinical targets is encouraging, but technical diversity should not
be equated with clinical readiness. Which datasets and devices dominate the field, and how robust are the
validation practices? Several studies reported strong internal performance, but many used small cohorts, selected
images, image-level splits, or incompletely described split units. In repeated-measures imaging settings such as
NFC/NVC, these design choices can make apparent performance difficult to interpret.

The distinction between clinical cohort size and technical image volume is particularly important. NFC/NVC
datasets may contain multiple images, fingers, fields, videos, frames, or visits from the same participant. Large

image or frame counts can therefore arise from repeated imaging, video-frame extraction, or dense annotation

13



357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

rather than from a larger or more diverse clinical cohort. As a result, image-unit counts alone can overstate
the effective sample size available for clinical generalisation. The supplementary denominator comparison is
exploratory because it combines non-equivalent image-based units; its role is therefore to illustrate reporting
heterogeneity and the need to report participant and image/video/frame denominators separately, not to provide
a standardised estimate of clinical sample size.

Participant-level separation should be treated as a minimum requirement for model evaluation in this field.
When correlated observations from the same participant are allowed to appear in both training and test sets,
performance estimates may be inflated by participant overlap rather than true generalisable signal [16]. For
stronger deployment claims, participant-level grouping should be extended to centre-, device-, temporal-, and
geographic holdout designs. This is especially relevant for NFC/NVC because acquisition quality, magnification,
illumination, field of view, operator experience, disease spectrum, and device type can all influence model
performance.

Negative or modest findings are also informative and should remain visible in the evidence base. For example,
the negative pretrained-ViT comparison illustrates that a powerful generic architecture does not automatically
transfer to capillaroscopy without domain-specific training, task alignment, and appropriate clinical valida-
tion [28]. This finding is useful because it shifts attention away from model novelty alone and toward data

quality, clinical framing, and validation design.

4.3 External Validation Is the Principal Evidence Gap

Independent external clinical validation remains the main evidence gap. Under the strict coding criteria, only
one study met the definition of independent external clinical validation. Bharathi et al. provide valuable
independent held-out and cross-device testing, while Tello et al. provide true external multicentre clinical
validation [11, 27]. Both studies represent important progress, but they also show how carefully validation
categories need to be distinguished.

The Tello et al. [27] study was coded as independent external clinical validation because the validation
images were separate from the model-development data and were evaluated in a multicentre clinical setting
against expert consensus. This coding refers to independence of the validation dataset/source under the review
definition, it should not be interpreted as a fully independent third-party validation performed by an unrelated
research team. The earlier Capillary.io report [29] from the same research programme was therefore treated as
development-stage evidence, whereas the later Tello et al. report was treated as external clinical validation.

Multicentre data collection, internal holdout testing, cross-device evaluation, and independent external clin-
ical validation are related but not interchangeable. Multicentre development studies such as CAPI-Detect,
SCLEROCAP, and Capillary.io are important because they broaden the source population and clinical work-
flow context [29-31]. However, if the model-development process and evaluation data are not fully separated,
multicentre development should not be interpreted as external validation. Future studies should therefore define

the intended use before model development, lock the model before external testing, preserve participant-level
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grouping, and evaluate performance across independent centres, devices, acquisition protocols, demographic
groups, and disease subgroups.

External validation should also include clinically meaningful reporting beyond discrimination metrics. Con-
fidence intervals, calibration, subgroup performance, failure modes, and uncertainty estimates are needed to
determine whether a model is reliable enough for clinical use. Prospective studies should additionally measure
workflow outcomes such as interpretation time, clinician decision change, diagnostic error, referral efficiency,
usability, cost, and patient-relevant outcomes. Without these endpoints, high retrospective accuracy remains

insufficient evidence for clinical implementation.

4.4 Reproducibility and Benchmarking Remain Limited

Public code and public data were uncommon under the strict coding criteria, and availability only on request
was not treated as immediate public availability. Data or software shared upon request can still support
collaboration, but it does not provide the same level of independent reproducibility as open code, model weights,
preprocessing scripts, annotation rules, and reusable benchmark datasets.

Public datasets and benchmark studies are therefore valuable developments in the field, especially when they
include participant-level grouping, clear licensing, device metadata, annotation documentation, and predefined
train/validation/test partitions [32, 33]. However, benchmarks must be designed carefully. A benchmark that
contains many images but limited participant diversity, unclear split units, or incomplete metadata may encour-
age technical optimisation without improving clinical generalisability. For AI-NFC, benchmark design should
distinguish between still images, videos, frames, fingers, fields, visits, and participants, because these units are
not statistically equivalent.

Annotation and reference-standard reporting also need improvement. Direct comparison with experts was
reported in a minority of studies, and annotation protocols, consensus rules, disagreement handling, and inter-
rater reliability were often incompletely described. This matters because the ground truth in capillaroscopy
is not always self-evident: capillary boundaries, loop shape, haemorrhage, tortuosity, ramification, density,
and scleroderma-pattern labels can vary across raters and acquisition conditions. Stronger studies should
report the number and expertise of annotators, the annotation protocol, consensus or adjudication procedures,

disagreement rates, and inter-rater agreement where applicable.

4.5 Priority Reporting and Translation Gaps

The evidence map identifies underdeveloped reporting and validation infrastructure as the main barrier to
clinical deployment, model innovation is not the limiting factor. Future AI-NFC studies should move beyond
retrospective performance reporting and provide stronger evidence on external generalisability, split-unit control,
open reproducibility, benchmark governance, device robustness, clinical utility, equity, and lifecycle monitoring.
Future reporting should also be aligned with established Al-specific reporting frameworks. For AI-NFC/NVC

studies that develop or validate diagnostic or prognostic prediction models, TRIPOD+AI provides relevant
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guidance for transparent reporting of model development, validation, predictors, outcomes, calibration, and
clinical-use context [34|. For imaging-based AI studies, CLAIM provides additional domain-specific guidance
on image acquisition, dataset construction, preprocessing, annotation, model training, validation, performance
reporting, and reproducibility [35]. For early clinical evaluation or workflow integration, DECIDE-AT is relevant,
whereas prospective randomized evaluations of Al-assisted clinical workflows should follow CONSORT-AT and,
at the protocol stage, SPIRIT-AI [36, 37]. Each framework addresses a distinct stage of development or evalu-
ation, and together they clarify the reporting expectations needed for trustworthy translation of AI-NFC/NVC
systems.

Table 2 translates the main gaps identified in this review into practical reporting priorities. The table is
intended as a reporting-oriented synthesis, not as a scoring framework or risk-of-bias tool. Its purpose is to make
the translational message explicit: AI-NFC studies should report the clinical denominator, image/video/frame
denominator, split unit, device and acquisition details, reference-standard process, validation design, code/data
availability, calibration, subgroup performance, and intended-use context.

Device portability and acquisition generalisation deserve particular attention. Low-cost, smartphone,
portable, and edge-deployment systems are promising because they may extend capillaroscopy beyond spe-
cialist centres. However, portability also introduces additional sources of variation, including microscope type,
magnification, illumination, field of view, image quality, operator experience, and preprocessing. Claims of
portable or low-cost deployment should therefore be supported by device-stratified or device-external validation
rather than by internal testing alone.

Clinical implementation also requires equity and governance considerations. Optical imaging performance
may vary with skin phototype, age, disease severity, comorbidity, acquisition setting, and device configuration.
No included study provided skin-phototype-stratified performance, formal lifecycle monitoring, or regulatory-
readiness information in a form suitable for tabulation. Where demographic, subgroup, workflow, or governance-
relevant information was mentioned, reporting was usually insufficient for a systematic subgroup or governance
synthesis. These items should therefore be interpreted as priority recommendations arising from the evidence
map rather than as a formal risk-of-bias or regulatory-readiness assessment. Future studies should predefine
intended use, risk controls, failure modes, data governance, monitoring plans, and post-deployment evaluation

pathways.

4.6 Conference Evidence Requires a Separate Track

The inclusion of full conference proceedings was methodologically important because AI-NFC is partly driven
by engineering and computer-vision research. Conference proceedings captured foundational work in automated
vessel detection, segmentation, dataset development, and flow analysis that may be missed if the evidence base
is restricted to clinical journals. Including these reports therefore improves technical coverage and reduces the
risk of overlooking early innovation.

However, conference proceedings often provide less complete clinical detail than journal articles. They may
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Table 2: Priority methodological and translational gaps in AI-NFC studies and recommended reporting directions.

Gap domain

Review finding

Why this limits interpreta-
tion

Recommended
ing/action

report-

External validation
and generalisability

Split unit and leakage
control

Sample-size
denominators and
dataset density

Reproducibility and
open science

Annotation and
reference standard

Benchmarking and
metric comparability

Device portability and
acquisition
generalisation

Clinical scope beyond
SSc

Clinical utility and
implementation

Strict independent external clin-
ical validation was identified in
1/43 studies; multicentre design
was reported in 4/43.

Participant-level separation
was explicitly confirmed in
5/43 studies; most studies were
NR/unclear, and image-, field-,
finger-, or frame-level splits were
often insufficiently described.

Only 24/43 studies reported
both participant counts and
an image/video/frame denomi-
nator; the image-based units
were not harmonised across stud-
ies.

Public code was available in 4/43
studies and public data in 2/43
under strict affirmative coding.

Direct comparison with experts
was reported in 11/43 studies,
but annotation protocols, con-
sensus rules, disagreement han-
dling, and inter-rater reliability
were inconsistently described.
Tasks and metrics varied sub-
stantially across classification,
detection, segmentation, flow
analysis, image restoration, and
deployment studies; no pooled
ranking was appropriate.
Low-cost, portable, smartphone,

and edge-deployment systems
were reported, but device-
stratified and device-external

validation remained limited.

SSc/Raynaud  remained  the
largest disease-specific domain,
although 29/43 studies addressed
broader physiology or non-SSc
applications.

Prospective human—-Al  work-
flow  evaluation, diagnostic
decision-change analysis, cost-
effectiveness, calibration, and
patient-impact endpoints were
not systematically reported.

Internal or multicentre develop-
ment performance does not es-
tablish generalisability across pa-
tients, centres, devices, opera-
tors, acquisition protocols, or dis-
ease spectrum.

Repeated images, fingers, fields,
visits, or frames from the same
participant can leak across
train/test partitions and inflate
performance estimates.

Large image datasets may reflect
repeated imaging, video clips,
frame extraction, or annotation
strategy rather than large clinical
cohorts; image-unit counts alone
can overstate the effective sample
size.

Independent verification, model
reuse, benchmark comparison,
and error analysis remain limited
when code, weights, preprocess-
ing scripts, and data are unavail-
able.

Label variability affects model
training, ground-truth reliability,
and interpretation of apparent
model performance.

Accuracy, Dice, mAP, correla-
tion, runtime, and clinical diag-
nostic metrics are not directly
comparable across task families
or units of analysis.

Clinical adoption requires ro-
bustness to microscope type,
magnification, illumination, field
of view, image quality, operator,
and acquisition setting.

Broader clinical relevance is
promising, but many non-SSc
applications remain exploratory
and lack disease-specific vali-
dation or transferable reference
standards.

High retrospective accuracy is in-
sufficient to show clinical useful-
ness, safety, or workflow value.

Predefine intended use; lock the
model before testing; evaluate on
independent external cohorts; re-
port centre-, device-, operator-
, and disease-subgroup perfor-
mance.

State the split unit explicitly;
preserve participant-level group-
ing at minimum; where possible,
use centre-, device-, temporal-,
or geographic holdout sets for de-
ployment claims.

Report participant count, im-
age/video/frame count, number
of fingers/fields/visits, and image
units per participant; distinguish
clinical sample size from techni-
cal image volume.

Release inference and training
code, model weights, prepro-
cessing  scripts, annotation
rules, data dictionaries, and
licence/availability — statements;
distinguish public access from
access on request.

Report number and expertise of
raters, annotation protocol, con-
sensus rule, adjudication process,
disagreement rate, and inter-
rater reliability where applicable.

Develop task-specific benchmark
datasets with fixed participant-
level splits, common metrics, de-
vice metadata, and reporting
templates; avoid cross-task rank-
ing from incompatible metrics.
Report device model, magnifica-
tion, field of view, lighting, pre-
processing, image-quality exclu-
sions, and device-stratified per-
formance; test across vendor-
diverse and low-cost devices.

Build disease-specific cohorts for
diabetes, JDM /dermatomyositis,
RA/SLE, psoriasis/PsA, neona-
tal ROP, amyloidosis, and gen-
eral microcirculation; report clin-
ically meaningful outcomes and
reference standards.

Measure calibration, uncertainty,
interpretation time, clinician de-
cision change, referral efficiency,
diagnostic error, cost, usability,
and patient-relevant outcomes in
prospective studies.

Equity, governance, Phototype-stratified perfor- Optical imaging and Al perfor- Report demographic and skin-
and regulatory mance, demographic subgroup mance may vary with skin tone, phototype distributions where
readiness analysis, lifecycle monitoring, age, disease severity, device set- available; evaluate subgroup per-
and regulatory-readiness plans ting, and clinical environment; formance; predefine intended
were not consistently extractable governance gaps limit safe de- use, risk controls, failure modes,
from the current evidence base.  ployment. data governance, monitoring,
and post-deployment evaluation.
Note. AI-NFC = artificial intelligence in nailfold capillaroscopy; NFC = nailfold capillaroscopy; NVC = nailfold videocapil-

laroscopy; SSc = systemic sclerosis; JDM = juvenile dermatomyositis; RA = rheumatoid arthritis; SLE = systemic lupus erythe-
matosus; PsA = psoriatic arthritis; ROP = retinopathy of prematurity; NR = not reported or unclear. The indicators summarise
descriptive evidence-mapping findings and should not be interpreted as a validated risk-of-bias or study-quality score.
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omit participant-level denominators, acquisition metadata, annotation protocols, split-unit information, confi-
dence intervals, or external-validation details. They may also precede a later journal version of the same under-
lying study. Treating full conference proceedings as a separate primary-evidence track is therefore appropriate,
it preserves technical coverage while preventing conference evidence from silently inflating the journal-study
denominator.

Study-family linking remains essential for future updates. Preprints, conference papers, abstracts, software
papers, and final journal articles may describe overlapping datasets or model-development pipelines. Counting
these records as independent studies can distort the evidence base. Future reviews should therefore preserve the

title-level exclusion log, full-text/source decisions, and study-family linkage file alongside the extraction dataset.

4.7 Strengths and Limitations

This review has several strengths. It used a broad multidisciplinary search across biomedical and engineer-
ing databases, Covidence-based de-duplication and screening, assessment of all full-text/source reports that
reached eligibility review, explicit study-family linking, and separation of journal articles from full conference
proceedings. It also extended beyond algorithm-performance reporting by mapping task families, clinical scope,
validation design, split-unit reporting, expert comparison, code availability, data availability, sample-size de-
nominators, device portability, and translational readiness.

The review also avoided pooling incompatible metrics across heterogeneous task families. This is important
because accuracy, AUROC, Dice, intersection-over-union, mean average precision, correlation, velocity esti-
mates, runtime, and clinical diagnostic outcomes do not measure the same construct. Instead, the synthesis
reports results descriptively and uses the validation and reproducibility indicators as evidence-mapping variables
rather than as a validated quality score, maturity tier, or risk-of-bias rating.

Several limitations should be considered. The review was not prospectively registered, although it followed
a predefined plan and PRISMA-ScR reporting principles. The boundary between direct image Al, feature-level
machine learning, and contextual quantitative automation required judgement. Full conference proceedings were
retained to capture engineering innovation, but their clinical reporting was often less complete than journal ar-
ticles. In addition, no single risk-of-bias or critical-appraisal tool was applied across classification, segmentation,
detection, flow analysis, image restoration, and dataset/benchmark studies. Accordingly, the review should be
interpreted as a scoping evidence map of applications and reporting practices, not as a formal task-stratified
risk-of-bias assessment. In addition, although this review extends beyond SSc/RP, the disease-specific clinical
evidence remains concentrated around SSc/RP. Evidence for other rheumatic diseases was comparatively sparse
and heterogeneous, limiting disease-specific conclusions across the broader rheumatology spectrum.

A further limitation is the possibility of positive-result and selective-reporting bias. Many included studies
were retrospective, small, single-centre, not prospectively registered, and reported heterogeneous outcomes.
Studies with poor performance, failed model transfer, or unsuccessful external validation may be less likely to be

published. Reported performance values may therefore overestimate generalisable performance, independently
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of the specific leakage risks created by image-, finger-, field-, video-, or frame-level splitting.

Finally, the conclusions are limited by the reporting quality of the primary studies. Many studies incom-
pletely reported participant overlap, split units, calibration, annotation reliability, demographic characteristics,
device metadata, or external-validation procedures. Therefore, absence of reporting should not always be inter-
preted as absence of the practice. Nevertheless, incomplete reporting itself is an important translational finding,
because clinical users, reviewers, and regulators cannot assess generalisability or reproducibility without these

details.

5 Conclusions

AT applications in NFC/NVC have expanded from early automated vessel analysis into a broader microvascular-
imaging field that includes classification, detection and quantification, segmentation, flow and cellular analysis,
image-quality enhancement, public datasets, and portable or deployment-oriented systems. The evidence base
has also moved beyond the traditional SSc/RP focus, with emerging applications in diabetes, inflammatory and
autoimmune diseases, neonatal retinopathy, amyloidosis, and general microcirculation.

The central translational conclusion is cautionary. Technical diversity and strong internal performance have
not yet been matched by robust evidence of clinical generalisability. Under the review’s strict affirmative coding,
independent external clinical validation was confirmed in only one of the 43 included studies, and participant-
level separation, public code, and public data likewise remained uncommon (5/43, 4/43, and 2/43, respectively).
Calibration, uncertainty reporting, and prospective clinical-utility endpoints were not consistently extractable
and should be treated as priority reporting needs rather than as formally appraised evidence-quality domains.
Multicentre model development, cross-device testing, and portable-device implementation are encouraging, but
they should not be interpreted as evidence of deployment readiness unless models are locked and evaluated on
independent clinical cohorts.

Future AI-NFC/NVC studies should prioritise locked external testing across centres, devices, acquisition
protocols, and patient subgroups; explicit reporting of the split unit and participant-level separation; open or
reusable benchmarks with clear annotation standards; clinically interpretable uncertainty and calibration; and
prospective evaluation of whether Al-assisted capillaroscopy improves diagnosis, longitudinal disease monitoring,

referral efficiency, treatment decisions, and workflow outcomes in routine rheumatology practice.
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