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Article history: Objectives: To evaluate the agreement of an artificial intelligence (AI) model with human expert
Received 10 November 2025 raters in assessing greyscale synovitis, Doppler activity, and osteophytes in hand joints
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Accepted 29 January 2026 Methods: Ultrasound images of the wrist, metacarpophalangeal, proximal interphalangeal, distal

interphalangeal, and interphalangeal joints were collected. Five experienced rheumatologists,
all ultrasound instructors, scored images for synovial hypertrophy (SH), Doppler activity, and
osteophyte severity on a 0 to 3 scale using established scoring systems. The AI model was
trained, validated, and tested on 7314 images, then compared against raters on 1280 images for
SH, 840 videos for Doppler, and 351 images for osteophytes. Agreement was calculated as the
Al's average agreement with all raters.

Results: For SH, the Al vs expert raters showed a kappa value of 0.39 (95% CI, 0.35-0.44), a percent
exact agreement (PEA) value of 51.77% (95% CI, 48.83-54.70), and a percent close agreement
(PCA) value of 91.03% (95% CI, 89.21-92.63). For Doppler activity, the kappa value was 0.61 (95%
CI, 0.54-0.67), the PEA value was 80.49% (95% CI, 77.51-83.22), and the PCA value was 97.13%
(95% CI, 95.69-98.18). For osteophyte grading, the kappa value was 0.56 (95% CI, 0.48-0.64), the
PEA value was 70.69% (95% ClI, 65.57-75.45), and the PCA value was 96.28% (95% CI, 93.70-
98.01). Interrater reliability among the human experts showed comparable kappa value ranges:
0.36 to 0.47 for SH, 0.69 to 0.74 for Doppler, and 0.42 to 0.64 for osteophytes.

Conclusions: The AI model demonstrated agreement with expert raters comparable with inter-
rater agreement for SH and osteophyte grading, whereas it was slightly lower for Doppler activ-
ity. The lower-than-expected human interrater reliability, particularly for SH, may reflect the
absence of prereading alignment sessions, which provide a more realistic picture of variability
in expert scoring. These findings support the potential of Al-assisted ultrasound interpretation,
while underscoring the need for continued model refinement.
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* Artificial intelligence (AI) is rapidly being explored in rheuma-
tology imaging, with several models showing promise in assess-
ing specific ultrasound features like osteophytes. However,
most existing AI models focus on a single feature of a single dis-
ease, limiting their clinical utility.

This study introduces a novel Al model capable of assessing
multiple hallmarks of both inflammatory and degenerative
joint diseases (synovitis, Doppler activity, and osteophytes)
across different joint types. The model achieved agreement lev-
els comparable to the variability observed among experienced
rheumatologists without prior calibration. While promising,
further technical refinement is needed to optimise performance
across all features and joint types.

This study contributed to the early validation of Al-based tools
for musculoskeletal ultrasound analysis and highlighted their
potential role in supporting standardised image interpretation.
Although the AI model demonstrated performance comparable
with interexpert variability in image scoring, further model
refinement and prospective clinical evaluation are necessary.

The lack of rheumatologists is an increasing problem worldwide,
posing a massive risk for early detection and disease monitoring of
patients with destructive inflammatory arthropathies [1]. Rheuma-
toid arthritis (RA) is the most prevalent of these diseases [2]. Inflam-
mation in one or more of the joints of the hands can be detected in
over 99% of patients at the time of RA diagnosis [3]. Accurate and
timely assessment of synovitis, particularly in small hand joints, is
therefore crucial for early diagnosis and timely intervention. Joint
ultrasound imaging has become a tool in the assessment of synovitis,
enabling the visualisation of synovial inflammation. As part of the
European Alliance of Associations for Rheumatology (EULAR)-Out-
come Measures in Rheumatology (OMERACT) scoring system for
grading synovitis activity on ultrasound images, both synovial
hypertrophy (SH) and Doppler activity are scored from O to 3 [4].

Ultrasound imaging is highly sensitive in detecting structural
changes such as osteophytes, joint effusion, and joint space nar-
rowing, which are features that may also occur in inflammatory
arthritides [5,6]. Discriminating between hand osteoarthritis

(OA) and inflammatory joint diseases can therefore be difficult
and must be based on an integrated clinical assessment, includ-
ing patient history, physical examination, and laboratory find-
ings [7]. The Outcome Measures in Rheumatology (OMERACT)
hand OA working group has provided an ultrasound scoring sys-
tem for grading osteophyte severity [5,8]. Although ultrasound
can detect osteophytes with high sensitivity, their clinical signif-
icance remains uncertain, as they are common with age and are
not sufficient to fulfil the American College of Rheumatology
(ACR) clinical criteria for hand OA [9]. Currently, no interna-
tional hand OA definition includes ultrasound-based osteophyte
grading, and their interpretation requires clinical context.

In previous studies, we have demonstrated the feasibility of
using artificial intelligence (AI) to grade arthritis and osteo-
phytes in OA in separate Al models [10—12].

Al models that assess joint ultrasound images for both inflam-
matory (synovitis and Doppler) and degenerative (osteophytes)
changes may support clinicians in forming a more complete joint
assessment when integrated with clinical findings, anamnesis,
and laboratory data. Rather than replacing clinical judgement,
such models could help standardise ultrasound interpretation,
reduce interrater variability, and enable consistent evaluation
across larger patient populations.

The aim of this paper was to evaluate the performance of a
developed AI algorithm, DIANA, for grading both synovitis (SH
and Doppler activity) and osteophytes on ultrasound images of
hand joints. The model’s performance is evaluated following the
respective EULAR-OMERACT scoring systems by comparing the
algorithm against multiple expert rheumatologists.

The AI algorithm, DIANA, is based on a framework previ-
ously developed and validated for individual ultrasound features
[10—12]. In the current study, these components are integrated
into a single AI system utilising a 2-stage sequential workflow
(pipeline). In the first stage, a segmentation network (U-Net-
based) is employed to outline specific anatomical structures,
including a combined region of interest (ROI) for the SH and
hyaline cartilage, as well as bones, osteophytes, tendons, and
artefacts (Fig 1). This segmentation serves to isolate the clini-
cally relevant area from the surrounding tissues.

In the second stage, a separate classification algorithm analy-
ses the image data specifically within these segmented ROIs to
assign a semiquantitative score (0-3). This 2-stage architecture

Example output from the Al segmentation and
disease activity scoring model (DIANA). The image shows a
longitudinal dorsal view of a metacarpophalangeal (MCP)
joint. Bone is marked in red, tendon in green, synovium and
cartilage combined in blue, and bone with osteophyte for-
mation in purple. The ultrasound machine’s focus point is
marked using an arrow.

MCP 2 DXT



—where segmentation-derived ROIs are used for subsequent dis-
ease grading—is consistent with established methodologies in
musculoskeletal Al research [13—15]. For a detailed description
of the AI design, please see the Supplementary Material. The
AI’s classification rules are based on the respective OMERACT
guidelines, and detailed descriptions of the grading systems for
each pathology are provided in Supplementary Table S1 [8,16].

For osteophyte assessment, the Al model was trained using
expert-segmented ultrasound images annotated according to the
validated OMERACT semiquantitative scoring system [8]. The
severity grade is determined by the vertical displacement from
the cortical bone and the largest protrusion, as defined by Ham-
mer et al [8]. These expert-labelled segmentations and scores
were used for supervised training of a convolutional neural net-
work (CNN), which was optimised to predict the correct grade
based on input image features.

Regarding SH, the model was trained to treat cartilage and
synovium as a single anatomical region in the initial segmenta-
tion (Fig 1). This is due to the fact that these structures are often
indistinguishable on dorsal midline ultrasound images because of
the high fluid content of hyaline cartilage. However, the grading
of SH is performed by a classification network trained on image-
level ground truth scores provided by expert rheumatologists.
Since these experts provided scores by accounting for the pres-
ence of normal hyaline cartilage, the model learns to map the
image features to the correct clinical grade. Consequently, the
model’s output reflects the expert-level assessment of SH rather
than a simple measurement of the total segmented thickness.

The ultrasound data for the AI model were acquired between
2019 and 2024 from clinical studies conducted at the Section of
Rheumatology at Svendborg Hospital, Odense University Hospital,
Denmark [11,12,17,18]. The patients from these studies consist of
both early and established patients with RA and patients referred
on the suspicion of inflammatory joint disease, which included
hand OA, psoriatic arthritis, and patients without subsequent signs
of joint disease on imaging. All patients signed informed consent,
and all trials were approved by the Ethical Board, in compliance
with Danish law. The use of these images for the development and
validation of the AI model, including the most recent expansion to
osteophyte grading, was assessed by the Regional and National
Ethics Committees (Videnskabsetiske Komitéer for Region Syddan-
mark and De Videnskabsetiske Medicinske Komitéer). The commit-
tees ruled that the existing informed consents were sufficient for
this purpose, and no further consent was required, as previously
described in Overgaard et al [12].

All ultrasound images were acquired by experienced muscu-
loskeletal sonographers during previous studies. Before model
training and testing, all images underwent quality assurance by
1 of 2 experienced sonographers (SAJ or BO). Images were
excluded if they lacked sufficient anatomical clarity or were
judged to be of suboptimal quality.

A General Electric Logiq 9 or 10 ultrasound scanner was used
with an ML6-15 ultrasound probe to obtain the images. The
Doppler signal gain was set to a sensitivity just below the disap-
pearance of colour noise. The Doppler frequency was 10.3 MHz,
the pulse repetition frequency 0.8, and the wall filter 86 Hz. The
data include ultrasound images of metacarpophalangeal (MCP)
joints, proximal interphalangeal (PIP) joints, distal interphalan-
geal (DIP) joints, the interphalangeal (IP) joint of the thumb,
and radiocarpal intercarpal (RCIC) joints of the hands, scanned
in the longitudinal plane from the dorsal side of the hand.
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The AI model was trained, validated, and tested on a total of
7314 images and videos. The specific test sets, where expert
raters and the Al model evaluated identical cases, consisted of
1280 static images from 275 subjects for SH, 840 video clips
from 47 subjects for Doppler activity, and 351 static images
from 140 subjects for osteophytes. This ensured a direct and fair
comparison between human assessments and Al predictions
across all evaluated features.

All static ultrasound images were acquired in the midline
dorsal view of each joint, following EULAR—OMERACT techni-
cal recommendations for synovitis scoring [19]. Osteophytes
were assessed in the MCP, PIP, IP, and DIP joints. SH and Dopp-
ler were assessed in the MCP, PIP, and wrist joints (RCIC). A
detailed overview of the number and type of joints assessed for
each feature is provided in Supplementary Table S2.

Patients or the public were not involved in the design, con-
duct, reporting, or dissemination of this research.

Five rheumatologists (LT, HBH, SAJ, BF, and MAD), all ultra-
sound experts and teachers, participated in evaluating and scoring
the ultrasound images and videos. The workload was distributed
across the 3 pathology domains to ensure multiple human assess-
ments for each case. Three experts (SAJ, LT, and BF) independently
scored the full test sets for all 3 domains (1280 SH images, 840
Doppler videos, and 351 osteophyte images). Additionally, HBH
scored the full test sets for SH and osteophytes, whereas MAD par-
ticipated in scoring the SH test set.

Due to the voluntary nature of participation, not all raters
completed every domain. To address this, we performed a sensi-
tivity analysis restricted to the raters who completed all SH scor-
ings to confirm the robustness of our results.

The scoring was conducted independently and blinded from
the other raters’ and the AI’s assessments using the open-source
software CVAT [20]. This platform enabled consistent visualisa-
tion and synchronised scoring, reducing potential variation due
to differing presentation formats. All scores followed the OMER-
ACT 4-grade (0-3) semiquantitative scales for synovitis and
osteophytes [8,16]. Raters had access to and were encouraged
to utilise the OMERACT ultrasound atlas during the process to
ensure consistent interpretation. Raters were also permitted to
skip any image or video if the quality did not meet their stand-
ards. No reader alignment sessions or consensus calibration
meetings were conducted before scoring.

DIANA was trained using standardised ultrasound images of
joints labelled and segmented by expert rheumatologists accord-
ing to EULAR—OMERACT definitions. DIANA thus automati-
cally identifies and grades pathologies (SH, Doppler, and
osteophytes) directly from image data alone, without the need
for additional predefined clinical or diagnostic terms.

The segmentation data (7314 ultrasound images) were split
into 3 parts: a training set and a validation set, used during train-
ing of the segmentation model, and a test set, which was used
after all training was completed to evaluate its performance. To
avoid bias, data for the evaluation of the disease grading did not
overlap with any data used during the training of the segmenta-
tion model. For details on the number of images for each joint
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used in training the AI model, please see Supplementary Table
S2. The SH and Doppler test sets included MCP, PIP, and wrist
RCIC joints, but not DIP joints. The osteophyte test set included
MCP, PIP, IP, and DIP joints, but not wrist RCIC joints. For
details on the performance of the trained segmentation network
on each respective tissue type in the test data, please see Supple-
mentary Table S3.

Statistics

Performance metrics, including Cohen’s kappa, percent exact
agreement (PEA), percent close agreement (PCA), sensitivity,
specificity, positive predictive value (PPV), and negative predic-
tive value (NPV) values, were calculated with 95% confidence
intervals (CI). The weighted kappa value was used for ordinal
variables (disease activity scores from O to 3).

PCA value was calculated as the proportion of scores within +
1 grade of the reference score. To evaluate the Al model’s ability
to detect clinically relevant pathology, we calculated sensitivity,
specificity, PPV, and NPV values. Pathological findings were
defined as a score of 2 or 3, and normal findings as O or 1, using
the EULAR—OMERACT scoring thresholds. For SH and Doppler,
this binary threshold (0-1 = normal and 2-3 = pathological) fol-
lows the consensus-based EULAR—OMERACT ultrasound scoring
system [4,16]. For osteophytes, no such consensus definition cur-
rently exists. We therefore applied a pragmatic dichotomisation of
0 to 1 as normal and 2 to 3 as pathological, in line with prior
exploratory OA ultrasound studies [5,8]. This approach facilitated
the calculation of sensitivity, specificity, and binary agreement
values but should be interpreted with caution. The majority rating
of the expert raters served as the reference standard. These binary
metrics were calculated separately for SH, Doppler activity, and
osteophyte assessments.

The weighted Cohen’s kappa (ordinal weights) value was cal-
culated and interpreted according to Landis and Koch: < 0.20
poor, 0.21 to 0.40 fair, 0.41 to 0.60 moderate, 0.61 to 0.80
good, and 0.81 to 1.00 very good agreement [21].

For all agreement analyses (Al vs raters and interrater com-
parisons), only joint images or videos that were scored by both
parties were included. Missing data, such as images not scored
by a given rater, were excluded on a pairwise basis for each rele-
vant comparison. No imputation was performed. The test set

Table 1
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included multiple images from different joints of the same
patients. We did not account explicitly for intrapersonal correla-
tion in our analyses, and this should be considered a limitation.

The agreement between raters and Al was calculated as the
ATl’s average agreement with all human raters. The agreement
between the raters was calculated as the average agreement
with the other human raters, not including the Al assessment.

The reference standard for calculating binary metrics (sensi-
tivity, specificity, accuracy) was defined by the majority rating
of the expert raters. In the event of a tie where no majority could
be established, a sensitive approach was adopted by selecting
the higher grade as the reference standard to ensure that poten-
tial pathological features were not underestimated.

To evaluate the Al model’s performance, we utilised 2 dis-
tinct approaches for agreement metrics: (1) comparison against
the majority-vote reference standard for binary classification
and (2) the average agreement between the Al and each individ-
ual rater using weighted Cohen’s kappa values. The latter
approach accounts for interrater variability, providing a more
robust measure of how the AI performs relative to the distribu-
tion of human expert assessments.

A sensitivity analysis was conducted to address the incom-
plete scoring by some raters. For SH, we repeated the Al-rater
and interrater comparisons using only data from readers 1 to 3,
who completed all SH assessments.

Data were analysed using Stata version 18.5 from StataCorp.

RESULTS

The distribution of disease grades by the expert consensus,
the AI model, and the human raters is shown in Table 1. The
expert consensus, defined by the majority rating of the rheuma-
tologists, served as the reference standard. For SH, 83.7%
(1071/1280) of the expert consensus scores indicated either
absence (grade 0) or mild presence (grade 1) of pathology. For
Doppler activity, 90.7% (762/840) were graded as 0 or 1 by con-
sensus, and for osteophytes, 83.7% (294/351) were similarly
low-grade (0 or 1). As shown in the “Expert Consensus” column
of Table 1, these figures represent the benchmark for the binary
performance metrics.

The agreement of the Al model to score SH compared with
the 5 experts is shown in Figure 2.

Distribution of disease grades by artificial intelligence (AI) and human raters

Grade Expert consensus % (n) Al model Rater 1 Rater 2 Rater 3 Rater 4 Rater 5
% (n) % (n) % (n) % (n) % (n) % (n)

SH 0 56.6 (725) 40 (516) 42(538) 39(498) 67(855) 25(321) 27(347)

1 27.0 (346) 43 (553) 38(486) 37(475) 13(171) 39(493) 34(437)

2 11.4 (146) 8(105) 11(144) 15(186) 8(97) 21(264) 15(193)

3 5.0 (63) 8(106) 3(43) 2(20) 2249 4 (47) 3(42)

No grade 0(0) 5(69) 8(101) 10(133) 12(155) 20(261)
Doppler 0 81.5(685) 77 (643) 77 (646)  73(617) 79 (664)

1 9.2(77) 14 (118) 6 (53) 14 (121) 5(46)

2 7.1 (60) 7 (60) 4(33) 6 (52) 3(29)

3 2.1(18) 2(19) 2(17) 1(12) 0(3)

No grade 0(0) 11 (91) 5(38) 12 (98)
Osteophytes 0 72.1 (253) 70 (246) 70(244) 84(294) 56(195) 60 (209)

1 11.7 (41) 21 (74) 15 (52) 14 (49) 28(99) 28(99)

2 11.1 (39) 6(22) 8(27) 14 10 (35) 7 (25)

3 5.1(18) 39 5(16) 0(1) 3(1D) 309

No grade 0(0) 3(12) 1(3) 3(11) 3(9)

Distribution of disease grades by expert consensus, the Al model, and individual human raters. The expert consensus column rep-
resents the majority-vote reference standard used for performance analysis. Ungraded joint images were excluded from calcula-
tions. Grey fields indicate that the joint was not scored by that specific rater. SH, synovial hypertrophy.
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Comparison of Metrics across Raters
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Figure 2. Synovial hypertrophy (SH) agreement. The SH grading agreement of the Al vs all human raters is shown in blue. The performance of indi-
vidual human raters vs the other human raters is shown as follows: rater 1 (R1) in green, rater 2 (R2) in red, rater 3 (R3) in yellow, rater 4 (R4) in pur-
ple, and rater 5 (R5) in dark green. Mean values and 95% CIs are visible in the plot. NPV, negative predictive value; PCA, percent close agreement;

PEA, percent exact agreement; PPV, positive predictive value.

For SH, the Al vs raters agreement showed a kappa value of
0.39 (95% CI, 0.35-0.44), a PEA value of 51.77% (95% CI, 48.83-
54.70), a PCA value of 91.03% (95% CI, 89.21-92.63), a sensitivity
value of 46.19% (95% CI, 39.13-53.32), and a specificity value of
90.43% (95% CI, 88.35-92.25). As can be seen in Figure 2, PEA,
PCA, and kappa values for the raters are very similar to those of
the AI values. Additional performance metrics, including PPV and
NPV, are available in Supplementary Table S4.

To assess the impact of missing data, a sensitivity analysis
was performed, including only readers 1 to 3 (who completed

the entire test set). This analysis confirmed the primary findings:
the Al vs rater agreement for SH showed a weighted kappa value
of 0.39 (95% CI, 0.34-0.44), a PEA value of 53.82% (95% CI,
50.94-56.67), and a PCA value of 91.28% (95% CI, 89.52-
92.82). These values, which exclude the partial scores from
raters 4 and 5, demonstrate that the AI's performance remains
stable and comparable with the interrater reliability of the most
consistent human experts (detailed results in Supplementary
Table S5). The agreement of the Al model to score Doppler activ-
ity compared with the 3 experts is shown in Figure 3. For

Comparison of Metrics across Raters
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Figure 3. Doppler activity agreement. Doppler activity grading agreement of the Al vs all human raters is shown in blue. The performance of individual
human raters vs the other human raters is shown as follows: rater 1 (R1) in green, rater 2 (R2) in red, and rater 3 (R3) in yellow. Mean values and 95% Cls
are visible in the plot. NPV, negative predictive value; PCA, percent close agreement; PEA, percent exact agreement; PPV, positive predictive value.

278



A.B.H. Weber et al.

EULAR Rheumatology Open 2 (2026) 274—282

Comparison of Metrics across Raters

100 - f
¥y L1 ;
80 1

|||e
70 4 —
60 -
= o
K3
= 50 - E
© !
@
=
40 -
30 1 —
Raters
20{ @ A
@ Rl
® R
10 4 R3
® R4
0 T T T T T T T
PEA PCA Kappa Sensitivity Specificity PPV NPV
Metrics

Figure 4. Osteophyte grading agreement. Osteophyte grading agreement of the Al vs all human raters is shown in blue. The performance of individual
human raters vs the other human raters is shown as follows: rater 1 (R1) in green, rater 2 (R2) in red, rater 3 (R3) in yellow, and rater 4 (R4) in purple.
Mean values and 95% ClIs are visible in the plot. NPV, negative predictive value; PCA, percent close agreement; PEA, percent exact agreement; PPV,

positive predictive value.

Doppler activity the agreement of the Al vs raters had a kappa
value of 0.61 (95% CI, 0.54-0.67), a PEA value of 80.49% (95%
CI, 77.51-83.22), a PCA value of 97.13% (95% CI, 95.69-98.18),
a sensitivity value of 67.31% (95% CI, 51.86-80.24), and a speci-
ficity value of 96.29% (95% CI, 94.65-97.52).

In Figure 3, rater 1 (R1) and rater 2 (R2) have a little higher
PEA values than those of Al, with no difference in PCA values.
The kappa of R1 is just higher than the AI, which is on the level
of R2 and R3. Overall, the metrics for Doppler show higher
agreement than with SH.

The agreement of the Al model to grade osteophytes com-
pared with the 4 experts is shown in Figure 4. Osteophyte grad-
ing agreement of the AI vs human raters showed a kappa value
of 0.56 (95% CI, 0.48-0.64), a PEA value of 70.69% (95% CI,
65.57-75.45), a PCA value of 96.28% (95% CI, 93.70-98.01), a
sensitivity value of 56.43% (95% CI, 31.56-73.36), and a speci-
ficity value of 95.36% (95% CI, 92.44-97.36). In Figure 4, it can
be seen that while AI, R1, R2, and R3 gradings are very similar
in agreement, R4 grading is lower in PEA value. The distribution
of disease grades by the Al and the expert consensus is shown in
Table 1. The expert consensus, defined by the majority rating of
the rheumatologists, served as the reference standard for all
binary performance metrics.

For the Al model test (with agreement metrics of the trained
segmentation network on the test data), the values for precision
and recall are close for all tissue types (see Supplementary Table
S3), suggesting that the segmentation errors are equally distrib-
uted as false positives and false negatives. The agreement in
table form of the Al model against all human raters on the test
data set, and each rater against all other human raters, can be
seen in Table 2.

DISCUSSION

Al in image processing in rheumatology is a rapidly develop-
ing field [22]. Several previous models, including our own, have
focused on assessing single features of 1ldisease, such as

osteophytes in hand OA [13,14,23]. We presented performance
data for a multifeature AI model that assesses several hallmarks
of the most prevalent joint diseases, including both degenerative
changes (osteophytes) and inflammatory activity (SH and Dopp-
ler). Learning the complex interplay between these features is
essential for making AI a more usable tool for clinicians in the
diagnostic process of patients with joint pain.

The AI model demonstrated agreement metrics for SH and
osteophyte grading that were within the range of interrater vari-
ability among experienced experts, suggesting that its scoring
reproducibility is promising. Nonetheless, the model was not
designed to filter low-quality images, and moderate perfor-
mance for SH highlights the importance of continued refine-
ment. In SH grading, the PEA agreement overall was lower than
for Doppler or osteophyte severity assessment, which is broadly
consistent with previous studies.

Reported interrater agreement in the literature varies widely:
for SH, PEA ranges from 47.5% to 76.0%, PCA from 86.7% to
100.0%, and kappa from 0.25 to 0.78 [16,24,25]. These values
depend heavily on methodological factors, such as whether real-
time or static image scoring was used, and whether prestudy
alignment or consensus calibration was conducted. Because our
study involved only static images without prealignment, our
results likely reflect a more pragmatic, real-world scenario of
uncalibrated image-based scoring. Direct comparison with ear-
lier reliability exercises based on real-time scanning should
therefore be made cautiously.

In this study, the number of expert raters varied between
pathology domains (3-5 raters). Although large-scale studies
aimed at developing international consensus often involve larger
panels (eg, 10-12 experts) [8,16], a reference panel of 2 to 5
experts is common and well-accepted in studies validating Al
models against human expert interpretation [13,14]. For exam-
ple, Wu et al [13] utilised experts to establish a consensus refer-
ence, and Fiorentino et al [14] utilised a single expert for ground-
truth generation. The robustness of our reference standard is sup-
ported by our sensitivity analysis for SH, which demonstrated
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Table 2

Performance metrics of the artificial intelligence (AI) model vs human experts
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Pathology/rater

Kappa® (95% CI)

PEA (%, 95% CI)

PCA (%, 95% CI)

Sensitivity (%, 95% CI)

Specificity (%, 95% CI)

SH

Al vs human raters

Rater 1 vs other human raters
Rater 2 vs other human raters
Rater 3 vs other human raters
Rater 4 vs other human raters
Rater 5 vs other human raters
Doppler activity

Al vs human raters

Rater 1 vs other human raters
Rater 2 vs other human raters
Rater 3 vs other human raters
Osteophytes

Al vs human raters

Rater 1 vs other human raters
Rater 2 vs other human raters
Rater 3 vs other human raters
Rater 4 vs other human raters

39.16 (34.5-43.8)
45.74 (41.0-50.5)
47.38 (42.8-51.9)
36.42 (31.6- 41.3)
43.73 (39.2- 48.3)
38.81 (33.6-44.0)

60.64 (53.9- 67.4)
74.12 (68.0-80.3)
70.21 (63.5- 76.9)
68.82 (62.9-74.7)

55.98 (48.4- 63.6)
63.50 (56.3-70.7)
41.58 (33.2- 50.0)
58.71 (51.3-66.1)
60.11 (52.7-67.6)

51.77 (48.8-54.7)
55.25 (52.3-58.2)
56.30 (53.3-59.3)
48.30 (45.3-51.3)
49.34 (46.3-52.4)
49.71 (46.5-52.9)

80.49 (77.5-83.2)
87.34 (84.7-89.7)
84.20 (82.7-85.5)
86.88 (85.6-88.0)

70.69 (65.6-75.5)
73.40 (68.3- 78.1)
66.73 (61.5-71.7)
70.39 (65.2-75.2)
49.34 (46.3-52.4)

91.03 (89.2-92.6)
93.87 (92.3-95.2)
94.20 (92.7-95.5)
90.03 (88.1-91.8)
92.67 (91.0-94.1)
91.37 (89.4-93.0)

97.13 (95.7-98.2)
98.81 (97.7-99.5)
98.56 (98.0-98.9)
98.74 (98.2-99.0)

96.28 (93.7-98.0)
97.23 (95.0- 98.5)
94.78 (91.9- 96.9)
97.93 (95.9-99.1)
92.67 (91.0-94.1)

46.19 (39.1-53.3)
46.01 (38.9-53.2)
54.23 (46.9-61.4)
34.47 (28.0-41.4)
71.04 (63.7-77.5)
54.49 (46.3-62.5)

67.31 (51.9-80.2)
86.67 (71.7-94.8)
79.75 (64.2, 90.1)
61.13 (45.6- 75.1)

56.43 (31.6-73.4)
87.74 (59.7- 94.9)
11.68 (3.8- 25.6)

90.78 (60.4-96.9)
75.48 (47.4-84.9)

90.43 (88.4-92.3)
91.99 (90.0-93.7)
91.13 (89.1-92.9)
95.45 (93.8-96.7)
80.84 (78.1-83.4)
84.07 (81.4-86.5)

96.29 (94.7-97.5)
97.84 (96.4-98.8)
97.83 (96.5- 98.8)
99.55 (98.7-99.9)

95.36 (92.4-97.4)
93.85 (90.7- 96.1)
100.0 (98.8-100.0)
93.12 (89.9-95.5)
95.85 (93.1-97.6)

Values represent the mean performance metric with the 95% confidence interval provided in parentheses. PCA, percent close agreement (score match
within + 1 unit); PEA, percent exact agreement (exact score match); SH, synovial hypertrophy.
Additional performance metrics, including positive predictive value (PPV) and negative predictive value (NPV), are available in Supplementary Table S4.

@ To ensure a consistent scale across all metrics, kappa values have been multiplied by 100. The table displays the agreement for the Al vs human
raters in bold, followed by each individual human rater compared with the other human raters.

that reducing the rater pool to the 3 experts who completed all
scores did not significantly alter the agreement metrics. This indi-
cates that a panel of 3 to 5 experts provided a stable and valid
baseline for the primary evaluation and that the observed vari-
ability is likely a reflection of the inherent complexity of the scor-
ing system rather than the number of participants.

The Al model was neither the highest performer nor the low-
est performer for any of the metrics. Like human experts, the
model finds scoring higher degrees of pathology harder than
identifying healthy joints, as indicated by high specificity values
and lower sensitivity values. Although ultrasound experts are
often better at distinguishing artefacts and noise from true
Doppler signals, the Al model provides a perfectly reproducible
and deterministic outcome. By consistently generating identical
scores for the same input data, the use of such a model could
eliminate the intrarater and intercentre variability that often
challenges multicentre clinical trials.

The use of this AI model could be implemented in servers col-
lecting images from scanners in the clinic, directly in the ultra-
sound systems, or in fully automated ultrasound systems [18].
This could allow for real-time analysis with consistent quality
approval. In time, with an increasing number of training images
and rigorous quality assessment, such a model could become a
standard for assessing disease activity on joint ultrasound images.

Several limitations should be considered when interpreting
our findings. First, although our results demonstrate the Al mod-
el’s potential in hand OA, it is important to note that ultra-
sound-detected osteophytes alone are not sufficient to diagnose
clinical hand OA according to ACR criteria [9]. Osteophytes are
common in asymptomatic individuals, especially with age, and
are not necessarily indicative of disease. Currently, no interna-
tional hand OA definition includes ultrasound-based osteophyte
grading. Furthermore, the current model does not discriminate
between joint effusion and SH, which poses a risk of overesti-
mating synovitis in joints where effusion is caused by hand OA.

Second, the anatomical coverage was not uniform across all
pathology domains. SH and Doppler activity were not evaluated
in DIP joints, and osteophytes were not evaluated in the wrist
(RCIC) joints. Consequently, the model’s performance for these
specific joint-pathology combinations remains untested in the
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present data set. Additionally, the study exclusively used dorsal
midline views. Although this follows EULAR—OMERACT recom-
mendations, it may reduce sensitivity compared with multiview
assessments (eg, volar or lateral scans) [16]. However, since
both the AI and experts evaluated the same images, this tech-
nique does not affect the comparability of their scores.

Third, the study intentionally did not include reader alignment
or consensus calibration. Although this approach was taken to sim-
ulate a more realistic clinical scenario, the lack of a formal calibra-
tion phase likely contributed to the modest interrater agreement
observed for SH. Furthermore, the model currently utilises a single
segmentation mask for both hyaline cartilage and SH [14,23].
Although the classification algorithm is trained on expert-graded
images to minimise the impact of this overlap, the visual separation
of these structures remains a point for future refinement.

Finally, the relatively low prevalence of high-grade pathol-
ogy in our data set likely reduced achievable kappa values and
limited evaluation across the full disease spectrum. Due to the
voluntary nature of the study, not all raters completed every
domain. Although sensitivity analyses confirmed the robustness
of the SH results, a larger, fully overlapping panel of experts
would be ideal for future validation. Future studies should inte-
grate clinical and laboratory data, refine anatomical segmenta-
tion, and adjust for intrapatient correlations.

This study demonstrated that an Al model can assess syno-
vial hypertrophy, Doppler activity, and osteophytes in the
small joints of the hand with agreement levels comparable
with those of experienced sonographers. By providing deter-
ministic and standardised grading, the model addresses the
inherent challenge of interrater variability in ultrasound
assessment. There are several opportunities for further devel-
opment, which are currently being addressed. This informa-
tion is particularly relevant for the visual separation of
cartilage and synovial tissue in the segmentation masks. Over-
all, these findings support the potential of Al as a scalable tool
for standardised joint assessment in both clinical practice and
research. Future validation in broader clinical settings should
integrate clinical context and real-time workflows to further
strengthen the clinical utility of hand OA and inflammatory
arthritis.
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