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by 2-6 readers.

Objective: To begin evaluating deep learning (DL)-automated quantification of knee joint effusion-synovitis via

Methods: A DL algorithm previously trained on Osteoarthritis Initiative (OAI) knee MRI automatically quantified
effusion volume in MRI of 53 OAI subjects, which were also scored semi-quantitatively via KIMRISS and MOAKS

Results: DL-measured knee effusion correlated significantly with experts’ assessments (Kendall’s tau 0.34-0.43)
Conclusion: The close correlation of automated DL knee joint effusion quantification to KIMRISS manual semi-
quantitative scoring demonstrated its criterion validity. Further assessments of discrimination and truth vs.
clinical outcomes are still needed to fully satisfy OMERACT filter requirements.

Introduction

Knee effusion-synovitis (E-S) is an important pathophysiological
manifestation of arthritis. E-S visible on non-contrast fluid-sensitive MRI
sequences represents an attractive target for therapeutic interventions in
arthritis, as it is associated with stiffness, pain, and disease progression
[1,2]. In OMERACT terms, assessment of E-S may be a useful component
for evaluating the inflammation and disease activity in arthritis [3]. This
facilitates validating imaging biomarkers against patient-reported out-
comes, disease monitoring, treatment evaluation, and clinical research
enhancing the arthritis management. The OMERACT Filter 2.1 evaluates
imaging instruments as to truth, feasibility and discrimination [3].
Currently, E-S is assessed holistically by a radiologist, or by
semi-quantitative tools such as MRI OA Knee Score (MOAKS) [4]; these
approaches are susceptible to high inter-user variability, and because
MOAKS effusion scores are ordinal from O to 3, discrimination is limited
to substantial changes. A more granular semi-quantitative scoring sys-
tem like the Knee Inflammation MRI Scoring System (KIMRISS) is
attractive as it provides a broader scoring range [5]. KIMRISS showed
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less variability and improved discrimination in OA vs. MOAKS [5].
However, KIMRISS manual measurement is user-dependent and
time-consuming in large datasets [5], limiting feasibility. Volumetric
quantitative measurement (VQM), which determines effusion volume
directly by counting MRI voxels, has high face validity but is tedious
when performed manually. At OMERACT 2021 it was shown that arti-
ficial intelligence (AI), particularly a deep learning (DL) algorithm,
could automate VQM with high correlation to human expert measure-
ments at the hip [6].

Most existing DL techniques rely on extensive training on large
datasets, meticulously annotated with **ground-truth’’ labels. For effu-
sion detection, accurate labeling is a costly process limiting feasibility,
since it requires expertise: joint fluid pools in complex articular recesses
and volume-averaging artifacts are common.

At OMERACT 2023, within the OMERACT MRI in Arthritis Working
Group we began applying the OMERACT filter [3] to the automated
DL-based joint effusion VQM (DL-ES-VQM) at the knee.

The aim is to evaluate if DL-ES-VQM meets OMERACT standards for
feasibility and convergent validity.
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Materials and methods

We designed our evaluation of DL-ES-VQM to conform to the
OMERACT Filter 2.1 Instrument Selection Algorithm (OFISA) [7]. OFISA
includes the conventional components found in the original OMERACT
Filter [3], namely Truth, Feasibility, and Discrimination [7]. The target
domain of E-S is well-established for MRI-based instruments in OA [8,9]
and addressed through construct/criterion validity testing using the
KIMRISS score [5]. Specifically, automated DL effusion measurement
ought to be feasible with small labeled training data sets, closely
approximate imaging truth vs. human expert effusion measurement
[10], demonstrate high discrimination, and show evidence it reflects the
target domain via correlation to clinical measures of life impact [8]. This
exercise mainly serves to address feasibility and preliminary criterion
validity.

Materials

We employed MOAKS [4] and KIMRISS [5] semi-quantitative
scoring systems to validate the results obtained from the DL approach.
MOAKS evaluates effusion inflammatory phenotypes using
effusion-synovitis (E-S) and Hoffa’s Synovitis (H-S) scores, derived
respectively from axial and sagittal views, with a score range of 0-3
based on size. KIMRISS, an OMERACT-validated system, scores E-S and
H-S in more granular fashion, assessing presence and size per MRI slice
on a 0-4 scale, for a range of 0-100 for 25 slices.

The Data for DL training and assessment were retrieved from the
publicly available Osteoarthritis Initiative (OAI) dataset (http://www.
oai.ucsf.edu/), including baseline and 1-year Sagittal IW TSE (interme-
diate weighted turbo spin-echo) MRI of 53 randomly selected subjects
with baseline MOAKS inflammation score >1. Scores was evaluated at
baseline and one-year follow-up using KIMRISS (by 2-6 readers) and
MOAKS (by 1-2 readers). Readers were blinded to chronology of scans.
Our study utilized summations of MOAKS inflammatory phenotypes’
paired scores (E-S 4+ H-S scores) for statistical analysis. For subjects with
multiple scores available for the same MRI, the mean value was used for
analysis.

Deep learning tool

We deployed a DL approach called Self Supervised-MRCNN (SS-
MRCNN) developed for DL-ES-VQM [11]. The SS-MRCNN was devel-
oped to address the challenge of training with very limited labeled data,
using a unique two-phase training approach built upon Mask R-CNN
[12] DL architecture: self-supervised learning (SSL), and fine-tuning.

The SSL is a branch of DL, that aims to learn data representation from
the data itself by learning to perform some auxiliary (pre-text) tasks
related to the downstream task (E-S segmentation). During the SSL pre-
training phase, we exposed the model to unlabeled knee MRI scans
distorted in arbitrary area. The network aims to learn valuable visual
features by comparing the distorted images with the original ones and
learning to recognize and correcting these distortions within the images.
The model learns to ““see through’’ the distortions to understand the
scans data distribution. For the fine-tuning phase, we trained the
network using selected slices from 23 scans from OAI data (distinct from
the 53 scans in the test set), focusing on effusion presence labeled by
expert radiologists.

Statistics

Criterion validity of DL-ES-VQM was assessed through a comparison
of baseline and 1-year change (=A) in volume with MOAKS E-S and
KIMRISS E-S using Kendall’s tau correlations [13] to account for
non-normality in population values and handle the presence of outliers
in the data [14]. Differences in DL-ES-VQM between Kelgren-Lawrence
(KL) grades were evaluated via Kruskal-Walli’s test (Table 1).
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Table 1
Characteristics of cases whose scans were evaluated in this exercise.
Variable Baseline 1 year
follow-up
Age 62.0 (8.5)
Males no. (%) 18 (34.0 %)
Scores:KL Scores (/] 1 2 3 4
grade no. 6 15 21 5 6 -
no. (%) % 11.3 28.3 39.6 9.4 11.3
% % % % %
Mean (SD) Mean (SD)
[median (IQR)] [median
(IQR)]
36.2 (14.9) 35.7 (14.6)
KIMRISS Effusion [34.8 (25.4-48.6)] [34.4
(24.2-46.8)]
1.5(0.8) 1.6 (0.9)
ES [1.0 (1.0-2.0)] [2.0
(1.0-2.0)]
MOAKS 1.1(1.0) 1.1(0.7)
HS [0.7 (1.0-2.0)] [1.0
(1.0-2.0)]
Results

The DL-ES-VQM calculation took 35 s/scan. The qualitative out-
comes were visually congruent with human segmentation (Fig. 1).

Effusion volumes were relatively high in our data set, and consistent
between methods (Table 2). Median (IQR) volume by DL-ES-VQM at
baseline was 14.8 (9.3-26.0) ml, with a median (IQR) 1-year A of 0.51
(—5.6-6.1) ml. DL-ES-VQM was highest in cases with KL = 2 [median
(IQR) 20.4 (9.5-26.8)] and lowest in cases with KL = 0 or 4 [median
(IQR) 12.4 (9.4-14.8) and 9.9 (6.0-18.9), for grades 0 and 4, respec-
tively]. Differences in DL-ES-VQM between KL grades did not reach
significance in this dataset (p = 0.638).

There was significant moderate positive correlation between DL-ES-
VQM and MOAKS E-S baseline and change scores [Kendall’s tau (95 %
CI) 0.35 (0.17-0.52); p = 0.003 and 0.24 (0.03-0.5), p = 0.010 for
baseline and change, respectively]. DL-ES-VQM was also strongly
correlated with KIMRISS baseline and change scores [Kendall’s tau 0.58
(0.43-0.66), p < 0.0001 and 0.61 (0.40-0.75), p < 0.0001 for baseline
and change, respectively]. A comparison between distributions of the
DL-ES-VQM, the KIMRISS effusion score, and the corresponding MOAKS
score presented in Fig. 2 also is another indication of the strong corre-
lation between KIMRISS and DL predicted values.

Discussion

We found that automatic knee joint effusion measurement by DL
(DL-ES-VQM) was feasible by our self-supervised tool using only mini-
mal labeled training data (selected slices from only 23 knees). These DL-
ES-VQM measurements correlated closely to manual semi-quantitative
effusion scoring (MOAKS, KIMRISS), and showed the expected signifi-
cant association between higher radiographic KL grades of OA (3-4) and
larger effusions. This supports feasibility and criterion validity of the
proposed fully automated method for quantifying knee effusion, two
important parts of the OMERACT filter.

Our DL approach uses an MRI sequence routinely acquired in clinical
knee MRI (sagittal TSE). Training AI models requires a GPU-enabled
computer, however once network is trained a typical desktop com-
puter can generate results rapidly in less than one second per slice. New
Al ecosystems support model deployment across various systems. With
commonly available resources, joint fluid volume could potentially
become routine in arthritis MRI reporting.

Our DL method yields a quantitative value (in mL) for effusion vol-
ume, offering more direct effusion assessment than semi-quantitative
scoring (MOAKS, KIMRISS), potentially enhancing discrimination be-
tween groups as per the OMERACT filter requirements; however,
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Fig. 1. Deep learning effusion segmentation results for a subject at baseline and follow-up (follow-up scan registered to baseline to illustrate detail of DL-ES-

VQM’s precision).

Table 2

Statistical Analysis results. (a) DL-ES-VQM values in different KL scores. (b) Kendall’s Tau correlation analysis between different effusion assessment methods—DL-ES-
VQM, MOAKS ES, and KIMRISS—at both baseline and change within the one-year follow-up.

(a)
Time-point Variable All cases [median (IQR)] Kellgren-Lawrence grade at baseline [median (IQR)]
0(n=6) 1(n=15) 2(n=21) >3 (n=11)
Baseline DL-ES-VQM 14.8 (9.3-26.0) 12.4 (9.4-14.8) 14.7 (9.9-28.5) 20.4 (9.5-26.8) 12.1 (6.4-18.7)
1y Change A DL-ES-VQM 0.5 (—5.6 to 6.1) 4.0 (1.3-8.6) —3.3(-15.4-4.5) 1.6 (—4.2-5.6) 0.2 (-10.1-7.4)
(b)
Time-point Variablel Variable2 Kendall’s tau (95 % CI) p-value *Correlation status
Baseline DL-ES-VQM MOAKS ES 0.35 (0.17-0.52) 0.0003 Significant moderate positive
1y Change ADL-ES-VQM AMOAKS ES 0.24 (0.02-0.45) 0.010 Significant moderate positive
Baseline DL-ES-VQM KIMRISS 0.58 (0.43-0.66) <0.0001 Significant moderate positive
1y Change ADL-ES-VQM AKIMRISS 0.61 (0.40-0.75) <0.0001 Significant strong positive
Baseline KIMRISS MOAKS 0.35 (0.16-0.51) 0.0002 Significant moderate positive
1y Change A KIMRISS AMOAKS 0.17 (—0.03-0.37) 0.075 Not significant

uncertainty remains regarding measurement errors margin in this study
[15]. Furthermore, sensitivity to change and clinical relevance were not
readily assessed in the available observational OAI data set because of
the lack of disease-modifying interventions. Hence assessment of
discrimination requires additional study in clinical-trial data sets.

The impact of knee arthritis involves various factors, with knee
effusion volume being just one aspect. When utilizing tools like multi-
variate regression, the diverse scoring ranges of DL-ES-VQM, KIMRISS,
and MOAKS limit direct reliability comparisons based on ICC mea-
surements, especially for criterion validity within the truth. Additional
statistical and clinical evaluation, including comparison with manual
segmentation, are required in larger datasets to assess the DL-ES-VQM
criterion validity fully and to evaluate the technique’s reliability
across different MRI sequences. Our study demonstrates alignment with
OMERACT filter components, including Feasibility, Criterion Validity,
Construct Validity, and Sensitivity to Change, limitations hinder

determining satisfaction of the truth component to its full extent.
Conclusion

The automated knee joint effusion measurement (DL-ES-VQM) was
highly feasible with a self-supervised AI network and showed high cri-
terion validity vs. established joint effusion scoring instruments in OA.
Ultimately, such a tool could efficiently measure effusions in the mil-
lions of knee MRI performed annually worldwide, with potential to
enhance both clinical care and clinical trials in arthritis.

Future work to complete the evaluation of this tool via the OMER-
ACT filter will include additional assessment of truth in terms of life
impact (clinical outcomes) and of discrimination (clinical-trial data).
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(1) Cross-sectional Effusion Assessment Comparison (baseline)
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Fig. 2. (1) Correlation plots and boxplots between the DL-ES-VQM prediction and scoring tools, (1.a) DL-ES-VQM vs. KIMRISS effusion score, (1.b) DL-ES-VQM vs.
MOAKS effusion + Hoffa-synovitis score, box plots show DL effusion prediction volume distribution across MOAKS score, and (1.c) KIMRISS effusion score vs.
MOAKS effusion + Hoffa-synovitis score. (2) Correlation plots and boxplots between the one-year change DL-ES-VQM prediction and scoring tools (2.a) DL-ES-VQM
vs. KIMRISS effusion score, (2.b) DL-ES-VQM vs. MOAKS effusion + Hoffa-synovitis score, and (2.c) KIMRISS effusion score vs. MOAKS effusion + Hoffa-

synovitis score.
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