J Rheum Dis 2025;32(2):73-88 :.)
https://doi.org/10.4078/jrd.2024.0128
pISSN: 2093-940X, elSSN: 2233-4718

Review Article E=H

JRD
Deep learning analysis for rheumatologic imaging:

current trends, future directions, and the role of human

Jucheol Moon, Ph.D.%, Pratik Jadhav, M.S.}, Sangtae Choi, M.D., Ph.D.>

'Department of Computer Engineering and Computer Science, College of Engineering, California State University Long Beach, Long
Beach, CA, USA, °Division of Rheumatology, Department of Internal Medicine, Chung-Ang University College of Medicine, Seoul, Korea

Rheumatic diseases, such as rheumatoid arthritis (RA), osteoarthritis (OA), and spondyloarthritis (SpA), present diagnostic and
management challenges due to their impact on connective tissues and the musculoskeletal system. Traditional imaging tech-
niques, including plain radiography, ultrasounds, computed tomography, and magnetic resonance imaging (MRI), play a critical
role in diagnosing and monitoring these conditions, but face limitations like inter-observer variability and time-consuming as-
sessments. Recently, deep learning (DL), a subset of artificial intelligence, has emerged as a promising tool for enhancing medical
imaging analysis. Convolutional neural networks, a DL model type, have shown great potential in medical image classification,
segmentation, and anomaly detection, often surpassing human performance in tasks like tumor identification and disease sever-
ity grading. In rheumatology, DL models have been applied to plain radiography; ultrasounds, and MRI for assessing joint dam-
age, synovial inflammation, and disease progression in RA, OA, and SpA patients. Despite the promise of DL, challenges such as
data bias, limited explainability, and the need for large annotated datasets remain significant barriers to its widespread adoption.
Furthermore, human oversight and value judgment are essential for ensuring the ethical use and effective implementation of DL
in clinical settings. This review provides a comprehensive overview of DLs applications in rheumatologic imaging and explores its
future potential in enhancing diagnosis, treatment decisions, and personalized medicine.
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INTRODUCTION

Rheumatic diseases are a group of autoimmune and chronic
inflammatory conditions that affect the connective tissues and
musculoskeletal system. This group includes conditions like
rheumatoid arthritis (RA), osteoarthritis (OA), and spondylo-
arthritis (SpA), which result in joint destruction and impaired
function. Accurate diagnosis, evaluation of disease activity, and
understanding of the underlying pathophysiology are crucial for
improving patient outcomes. Imaging studies, such as plain ra-
diography, musculoskeletal ultrasounds, computed tomography

(CT), and magnetic resonance imaging (MRI), play a key role in

assessing joint and soft tissue involvement, monitoring disease
activity, and evaluating response to therapy in various rheumatic
diseases [1-3]. However, traditional imaging techniques often
encounter challenges such as repetitive and time-consuming
manual assessments, variability between observers and within
the same observer, and the requirement for highly specialized
interpretation [4-7]. These limitations underscore the need for
more advanced, efficient, and reliable imaging analysis methods.

In recent years, artificial intelligence (AI) has been increas-
ingly applied across various sectors of society, including autono-
mous driving, language translation, and conversational models
[8-10]. The medical field is no exception. Since the US Food
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and Drug Administration (FDA) first approved the use of Al
for medical purposes in 1995, the number of AI and machine
learning (ML) algorithms receiving FDA approval has grown
significantly, particularly in the past decade. By June 2024, over
950 AI/ML-enabled medical devices had been approved by the
FDA [11]. Deep learning (DL) algorithms learn patterns and
features from large datasets [12]. DL is already being applied
in various areas of medicine, such as diagnosis, disease activity
assessment, medical image interpretation, treatment selection,
and drug discovery [12-14]. Among these, medical imaging
analysis is advancing rapidly, with significant progress in apply-
ing DL to rheumatology image interpretation [15-17]. While DL
offers potential advantages in rheumatologic imaging, such as
compensating for the limitations of traditional image interpreta-
tion and improving accuracy, efficiency, and consistency, several
challenges remain. These issues must be addressed when apply-
ing DL to medical image analysis [15,18].

This review aims to provide rheumatologists with a compre-
hensive introduction to the basic concepts of DL and examine
current trends in its application to rheumatologic image analy-
sis. We will explore how DL techniques can enhance the diag-
nosis, management, and research of rheumatologic diseases.
Additionally, we will address the risks and challenges associated
with using DL in rheumatologic imaging, emphasizing the im-

portance of the human role in its effective implementation.

MAIN SUBJECTS

Deep learning in medical imaging analysis

In recent years, DL has become a powerful tool for medical
imaging analysis, offering significant improvements in diag-
nostic accuracy and efficiency. DL leverages neural networks
(NNs) with multiple layers—hence the term “deep”—to process
vast amounts of data and identify patterns. This technology
has gained prominence due to its ability to handle the complex,

high-dimensional data typically associated with medical images.

1) What is deep learning?

The field of AI can be visualized as a hierarchical structure,
with traditional AI forming the outermost layer, followed by
ML, and finally DL at the core. Traditional AL, also known as
symbolic Al, relies on rule-based systems and expert knowl-
edge, where pre-programmed logic is used for problem-solving

and decision-making. ML, a subset of AI, marks a shift from
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rule-based approaches to systems that learn from data, improv-
ing performance by recognizing patterns and making predic-
tions. DL, a further specialization within ML, employs NNs
with multiple layers to model complex data patterns, excelling
in tasks such as image recognition, natural language processing,
and autonomous decision-making. While traditional Al fo-
cuses on rule-based logic, both ML and DL emphasize learning
from data. DL pushes the boundaries of Al by processing large
amounts of unstructured data. Figure 1 illustrates the AT hierar-
chy.

NNs are inspired by the structure and function of biological
neural systems found in animal brains. They consist of intercon-
nected nodes, analogous to neurons, connected by edges that
represent synapses. These edges carry signals, and each has a
weight that determines the strength of its connection. NN typi-
cally contain multiple layers: an input layer, an output layer, and
one or more hidden layers in between. The edges are directed,
meaning signals flow in one direction—from the input layer,
through the hidden layers, to the output layer—in a feedforward
manner without cycles. Each node receives signals from the
previous layer, calculates a pre-activation value, and applies an
activation function to produce a post-activation value, which
is then passed to the next layer. The pre-activation value is the
weighted sum of the incoming signals, calculated by multiply-
ing the incoming signal by the weight of the edge connecting
the nodes. The activation function is a nonlinear mathematical
operation, with a finite range, and is continuously differentiable.
In DL, “learning” refers to the process of optimizing the weights

of the edges to improve the network’s performance in fitting the

Artificial intelligence

Machine learning

Deep
learning

Figure 1. The hierarchy of artificial intelligence.
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data. The Figure 2 shows the structure of the NNs.

NNs have achieved remarkable success across a wide range of
domains. However, they also face notable challenges. One sig-
nificant limitation is their susceptibility to overfitting, especially
when trained on limited or imbalanced datasets. Overfitting
occurs when a model memorizes the training data instead of
generalizing to new, unseen data. Regularization techniques,
such as dropout, weight decay, and early stopping, can mitigate
this issue. Additionally, access to large, diverse, and high-quality
datasets is essential for improving generalization and ensuring
robust performance.

Convolutional neural networks (CNNs) are a specialized type
of NN widely used for image recognition and processing tasks.
Unlike traditional image analysis methods, which rely heavily
on manual feature extraction, CNNs automatically learn the
most relevant features directly from raw images during training,
reducing the need for domain-specific expertise. One of the key
advantages of CNNs is parameter sharing, which enables effi-
cient pattern recognition in images. Instead of learning separate
parameters for each pixel or region, CNNs use the same set of
filters (or kernels) across different areas of the input image. As
illustrated in Figures 3 and 4, this approach allows the network

to use the same weights to detect features such as edges or tex-

tures, regardless of their position within the image. By sharing
parameters, CNNs significantly reduce the number of param-
eters that need to be learned, improving both generalization
and computational efficiency. This enables CNNs to recognize
patterns, such as shapes or objects, in various locations within
an image, making them highly effective for image recognition
tasks. The combination of parameter sharing and the ability to

learn feature hierarchies gives CNNs their powerful pattern rec-

Filters

@ Output

7
o o

Input

T

Figure 4. An example of 3D convolution operation. An RGB (red,
green, and blue) color image can be viewed as a 3D tensor with
three dimensions: width, height, and depth. In this process,
multiple filters are typically applied to detect various patterns
in the input tensor. The depth of the resulting output tensor
corresponds to the number of filters used.

Edge

Figure 2. A conceptual diagram of
neural networks is presented, where
each circle represents a node, and each
arrow represents an edge. The weight
of an edge is denoted by w;, the pre-
activation by a, the post-activation by h,

and the activation function by o.
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Convolution operation

Figure 3. An example of a 2D convolution operation involves element-wise multiplication of two matrices. Here, the filter is a 2x 2
matrix, and it is applied to corresponding segments of the input matrix with the same dimensions. The variables a,b, ***/,w,x,y,z represent

numerical values, and ® denotes the convolution operator.
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ognition capabilities.

Despite their strengths, CNNs are not without limitations.
They can sometimes learn spurious correlations or focus on ir-
relevant features, such as imaging artifacts, instead of meaning-
ful patterns. Explainability techniques can help identify whether
the model is attending to the correct regions of an image,
facilitating interpretation and debugging. Another limitation
of CNNs is their inability to capture long-range dependencies
or global context within images. This shortcoming can be ad-
dressed by integrating CNNs with transformers, which are adept
at modeling global relationships. By combining these architec-
tures, models can achieve a more holistic understanding of im-
ages, improving performance in tasks requiring global context.

While DL has transformed the field of AI with their powerful
capabilities, addressing their limitations through robust regu-
larization, explainability techniques, and advanced architectural
innovations remains crucial. For further details on DL and its

applications [19,20].

2) Impact of deep learning in medical imaging

Medical imaging has always been at the forefront of diagnos-
tic medicine, but analyzing these images has traditionally been
a time-consuming and error-prone process due to human limi-
tations such as fatigue, bias, or subtle differences in pathology
presentation. DL addresses these challenges by providing rapid
and objective analysis, often surpassing human performance in
certain tasks.

Several studies demonstrate the capabilities of DL in medi-
cal imaging. For instance, Gulshan et al. [21] showed that a DL
system for detecting diabetic retinopathy in retinal fundus pho-
tographs performed comparably to ophthalmologists. Similarly,
Esteva et al. [22] used a CNN model to classify skin cancer from
dermoscopic images with performance on par with dermatolo-
gists. These studies underline the potential of DL to enhance di-
agnostic accuracy, reduce the workload of healthcare providers,
and enable early detection of diseases.

One area where DL has had a particularly transformative ef-
fect is in radiology. Traditional radiological interpretation can be
subjective, but DL can assist radiologists by providing more con-
sistent and quantitative assessments. For example, in the detec-
tion of lung nodules in CT scans, models trained using datasets
such as the LUNA16 dataset (Lung Image Database Consortium
and Image Database Resource Initiative [LIDC-IDRI]) have

shown great promise in early lung cancer screening, potentially
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reducing mortality through earlier intervention [23].

Current applications of deep learning in imaging
analysis

1) Tumor detection and classification

DL models have shown impressive results in identifying and
classifying various types of tumors. For instance, researchers
have used CNNs to analyze mammograms for breast cancer
detection, achieving accuracy comparable to expert radiologists
[24]. Similarly, DL has been applied to MRI scans for detecting
and classifying brain tumors [25].

2) Segmentation tasks

In medical imaging, accurate segmentation of anatomical
structures and pathological regions is crucial for diagnosis and
treatment planning. DL-based segmentation models, such as the
U-Net (U-shaped convolutional neural network) architecture
(University of Freiburg, Freiburg, Germany), have been exten-
sively used for segmenting organs, lesions, and tumors. U-Net,
originally proposed by Ronneberger et al. [26], has become a
benchmark model for medical image segmentation and is used
in applications such as liver tumor segmentation in CT scans

and cardiac segmentation in MRI scans.

3) Retinal image analysis

Retinal imaging has benefited from DL, particularly in screen-
ing for diabetic retinopathy, macular degeneration, and glau-
coma. The IDx-DR system (Digital Diagnostics Inc., Coralville,
IA, USA), which uses DL to analyze retinal images, was the first
FDA-approved Al diagnostic tool for autonomous detection of
diabetic retinopathy [27]. The systenys ability to provide quick
and accurate diagnoses without the need for a specialist is an
example of how DL can help bridge the gap in healthcare access,

particularly in underserved areas.

4) Enhancement of low-quality images

Another application of DL is in enhancing low-quality medi-
cal images. In cases where images are noisy or of low resolution,
such as those obtained from portable plain radiography ma-
chines, DL can be used to improve image quality, enabling more
accurate interpretation. Generative adversarial networks have
been explored for this purpose, with studies showing that they

can enhance the quality of low-dose CT images without com-
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Table 1. Summary of references
Data modality
Rheumatoid arthritis
Plain radiography

MRI

Ultrasound

Thermal image
Osteoarthritis
Plain radiography

MRI

CT

Ultrasound
Rheumatoid arthritis /osteoarthritis
Plain radiography
Spondyloarthritis
Plain radiography

MRI

CT

*Type

> O >» T O >

Body part

Foot
Hand

Cervical spine
Hand
Hand
Hand
Foot
Hand
Hand

Hand/foot
Hand

Knee

Hand
Hip
Knee

Shoulder
Hip
Knee
Knee
Knee
Knee
Knee
Hip

Al method

VGG [38]

VGG [38], CNN [37], AlexNet, ResNet, DenseNet, and ViT
[34], U-Net++, and ResNet [35]

CNN and HRNet [33]

CNN and RetinaNet [30], YOLO [31]
Traditional Al [46], U-Net [50]
U-Net [46], CNN and ResNet [48]
ANN [51]

U-Net [52], ANN [51]

Traditional Al [40], VGG [42], Inception [41], CNN [43],
ResNet [44]

Traditional Al [3]
RANet [54]

PIM [63], ResNet, VGG, DenseNet, and Inception [57],
ResNet [67], CNN [61], DenseNet [59], EfficientNet,
RegNet, ResNet, and ResNext [55], Elastic Net and RF
[58], YOLO [56]

Cellular neural networks [69]
VGG [70,71]

CNN [64,65], Xception [62], VGG, EfficientNet, ResNet,
and DenseNet [60]

ResNet [72]

EfficientNet [73], GAM [74], ResNet [75]

CNN [66]

GBM [68]

U-Net [79,82,85], CNN [84,87], VGG [80,81], U-Net++ [83]
CNN [76,86], cGAN, U-Net [78], HNN [77]

DenseNet [88]

VGG, DenseNet, and ViT [92]

Temporomandibular joint YOLO [90,91]

Hand

Hand

Sl

Sl

Spine
Sl
Sl

Spine
Sl
Sl

U-Net++ [93]

EfficientNet [32]

DenseNet [113], Traditional Al [6], ResNet [110],
MobileNet [111]

ANN [117], GLM, SVM, and RF [118], XGBoost [120],
DBARTS and GAM [119]

RF and XGBoost [120], RF, DBARTS, and GAM [119]
U-Net [97,105], Attention U-Net [108], ResNet [103]

U-Net [104], XGBoost [106], VGG [100], ANN [98], ResNet
[96,102], DenseNet [107], SVM [95]

Attention U-Net [109]
EfficientNet, U-Net, and ResNet [101]
CNN [116], U-Net [114,115 ]
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Table 1. Continued

Data modality *Type Body part Al method
Others
CT (systemic sclerosis) P Lung AtlasNet [125]
DECT (gout) C Foot/hand SegResNet and Swin UNETR [127]
MRI (avascular necrosis) A Hip VGG-16, ResNet, and Inception [126]
MRI (myositis) A Muscle V-Net [122]
C Muscle ANN [121]

Nailfold capillaroscopy (systemic sclerosis) C Nailfold capillary ViT [123], U-Net and ResNet [124]
Ultrasound (carpal tunnel syndrome) C Median nerve ResNet [128]

Al: artificial intelligence, VGG: visual geometry group, CNN: convolution neural networks, ResNet: residual network, DenseNet: densely
connected convolutional networks, ViT: vision transformer, U-Net: U-shaped convolutional neural network, HRNet: high-resolution network,
RetinaNet: retina network, YOLO: you look only once, ANN: artificial neural network, RANet: region attention network, PIM: plug-in-module,
EfficientNet: efficient network, RegNet: self-regulated network, ResNext: residual networks with external transformations, Elastic Net:
elastic net regularization, RF: random forest, Xception: extreme inception, GAM: generalized additive models, GBM: boosting machine,
cGAN: conditional generative adversarial network, HNN: holistically nested networks, MobileNet: mobile network, GLM: generalized
linear model, SVM: support vector machine, XGBoost: extreme gradient boosting, DBARTS: Discrete Bayesian Additive Regression Trees,
AtlasNet: atlas network, Segresnet: segmentation residual network, SwinUNETR: shifted window U-Net transformer, V-Net: V-shaped
convolutional neural network. *A: disease activity or severity assessment, C: diagnosis or classification, P: prediction of disease progress.

promising diagnostic accuracy [28].
DL in rheumatic diseases

1) Rheumatoid arthritis

To date, most DL research on images of patients with RA has
focused on plain radiography, ultrasonography, and MRI, par-
ticularly on the hands and wrists, with a few studies also exam-
ining the feet (Table 1) [15].

Plain radiography image analysis has primarily concentrated
on detecting and classifying joint damage, including the pres-
ence or absence of bone erosions, as well as the automatic seg-
mentation of specific joints or regions of interest (ROI) [29-31].
Published DL methods include distinguishing RA from OA on
hand plain radiography and detection models for atlantoaxial
subluxation on cervical spine plain radiography in RA patients
[32,33]. Joint damage has been evaluated using scores like the
erosion score based on the modified Sharp van der Heide meth-
od and the joint space narrowing score [34-37], or the Ratingen
method to assess joint damage severity [38].

In ultrasonography studies, disease activity has been primar-
ily evaluated using images of the hand. Synovial inflammation
has been scored according to the EULAR-OMERACT synovi-
tis scoring system, which assesses synovial hypertrophy and/
or blood flow in the synovium [39,40]. DL-based methods for
evaluating synovitis typically involve detecting the RO, specifi-
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cally the region of synovitis, followed by grading through DL
techniques. Alternatively, entire images have been analyzed
using regression networks with various DL models, including
cascade CNNs, deep CNNs, and residual network [41-45].

MRI studies are also ongoing, as MRI is highly sensitive to
early inflammatory changes in joints that are not detectable on
conventional plain radiography. DL-based MRI analyses have
been published, focusing on classifying bone marrow edema
(BME), synovitis, erosions, osteitis, and other soft tissue abnor-
malities in early RA [46-48]. While most studies have concen-
trated on classification or segmentation [49], one study reported
the quantification of tenosynovitis in wrist joints of RA patients
using DL [50]. Moreover, DL models have been developed to
predict progression to RA using extremity MRI scans in early
arthritis and clinically suspected arthralgia [51]. Research is also
exploring models that automatically detect changes in RA pa-
tients before and after treatment by comparing serial MRI scans
[52,53].

Despite this progress, DL studies on RA images remain largely
focused on the hands, particularly the phalanges and some wrist
joints, with limitations such as partial manual selection of the
ROI. Additionally, the range of imaging modalities explored
remains narrow, although a CNN model for detecting RA in
hand thermal images has been reported [54]. However, future
advancements in DL could move beyond simple disease detec-

tion and activity assessment to cover a broader range of joints.
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These developments could contribute to disease monitoring,
predicting disease progression, differentiating RA from other
conditions, and guiding treatment decisions by integrating clini-
cal data.

2) Osteoarthritis

OA is the most actively researched condition in the field of
rheumatologic imaging analysis using DL, with the majority of
studies focusing on knee OA [15]. In studies using plain radi-
ography, several approaches have been employed to first detect
the ROI around the knee joint, classify knee OA, and then use
regression NNs to automatically assign a Kellgren-Lawrence
grade, which determines the severity of knee OA [55-65]. Some
DL studies have also integrated plain radiography images with
clinical data and MRI images to predict knee OA progression or
the need for total knee replacement [66-68]. Beyond the knee,
DL research has been conducted to detect osteophytes in hand
radiographs [69], as well as identify hip and shoulder OA using
plain radiography [70-72]. More recently, DL-based prediction
models for total hip replacement have been published [73-75].

Early DL studies involving MRI images of OA patients pri-
marily focused on detecting bone or cartilage abnormalities [76-
78]. Later, segmentation studies emerged, aiming to measure
cartilage thickness, bone flattening, and synovial fluid volume
[78-84]. Various other DL research using MRI images has been
conducted, including the use of 3D-CNN models for segment-
ing and staging the severity of meniscus and patellar cartilage le-
sions [85], quantifying femoral and tibial cartilage degeneration
[86], and grading OA patients based on morphological phe-
notypes [87]. Additionally, DL models have been developed to
predict the progression of knee OA using MRI images [88,89].

DL studies involving imaging modalities beyond plain radiog-
raphy and MRI have also been explored recently. These include
the classification of temporomandibular joint OA [90,91], the
grading of hip OA on CT scans [92], and the development of
a DL model for segmenting and scoring the severity of osteo-

phytes in hand OA using ultrasound images [93].

3) Spondyloarthritis

In axial spondyloarthritis (axSpA), the diagnosis and grading
of sacroiliitis using plain radiography often show low inter-clini-
cian agreement, making early diagnosis difficult and complicat-
ing the assessment of disease activity. This is why MRI imaging

is widely used in clinical practice [6,94]. The most actively

researched area in DL studies related to axSpA focuses on MRI
image analysis, where various Al models are being developed
for early detection, disease activity evaluation, and disease pre-
diction in axSpA patients.

Early research aimed at distinguishing axSpA patients from
healthy individuals by identifying BME in the sacroiliac joint,
applying DL networks to classify active sacroiliitis [95,96]. Sub-
sequent studies have concentrated on the automatic detection
of abnormal lesions in the sacroiliac joint [97-102], quantify-
ing BME to assess disease activity [103-105], and improving
diagnostic accuracy for sacroiliitis on MRI using radiomics
approaches [106,107]. Additionally, algorithms have been de-
veloped to classify both BME and synovitis in axSpA patients
[97,103], and a DL model for the automatic segmentation of fat
metaplasia has been introduced [108]. Other methods using
deep NNs have been created to detect inflammatory or structur-
al changes in the sacroiliac joint, which are indicative of axSpA
[105], as well as a deep NN for detecting spinal inflammation in
MRI STIR (Short Tau Inversion Recovery) images [109].

Beyond MRI, DL has also been applied to analyze plain ra-
diography [110-113], and there have been studies focused on
detecting erosions or ankylosis using CT scans [114-116]. Ad-
ditionally, research has been conducted to predict radiographic
spinal progression in axSpA by evaluating the modified Stoke
Ankylosing Spondylitis Spine Score (mSASSS) in combination
with clinical data [117-120].

4) Other rheumatologic conditions

Although less numerous than studies on more common dis-
eases, DL applications in image analysis are also being explored
in other rheumatic conditions. DL has been employed to ana-
lyze MRI scans for the quantitative assessment of muscular in-
flammation in myositis and to differentiate myositis from other
types of muscular dystrophy [121,122]. Researchers have also
applied DL techniques to analyze nailfold capillaroscopy images
for the classification and quantification of microvasculopathies
[123,124], and a DL-based method has been developed for risk
stratification by quantifying the extent of interstitial lung disease
on high-resolution CT scans in systemic sclerosis [125].

Furthermore, two studies have focused on detecting avascular
necrosis in the hip using MRI and in the shoulder using plain
radiography [72,126]. Other notable research includes identify-
ing the optimal DL algorithm for segmenting green-encoded

pixels of monosodium urate (MSU) crystals on dual-energy CT
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scans, using two U-Net-based models to detect MSU deposits in
gout patients [127]. Additionally, a CNN has been developed to
analyze ultrasound images of the median nerve for the classifi-

cation of carpal tunnel syndrome [128].

Benefits of using deep learning for image interpretation
in rheumatology

DL technology, which has advanced rapidly in recent years,
is driving revolutionary changes not only in various aspects of
daily life but also in medicine. DL is expected to become widely
used in rheumatologic imaging in the near future. Currently,
DL is primarily being developed for tasks such as diagnosis
and classification, assessment of disease activity or severity, and
prediction of disease progression (Table 1). In the future, these
technologies will likely be applied more broadly in fields such as
research and education, beyond patient care. Additionally, DL
could evolve into a tool for precision medicine through mul-
timodal analysis, combining clinical data with image analysis
[129].

The main advantages of using DL in medical imaging are

summarized in the following sub-sections.

1) Accuracy

A common challenge in medical image interpretation is the
variability between and within observers [6,7]. Factors such as
the type of disease, imaging modality, and the interpreter’s expe-
rience can affect consistency. DL algorithms can provide more
precise and consistent analysis of medical images, enhancing
diagnostic accuracy and reliability. For example, the EULAR-
OMERACT synovitis score is used to assess disease activity in
RA patients via ultrasonography, or the modified total Sharp
score is used to evaluate joint damage progression on plain ra-
diography images. DL can significantly reduce inter-observer
variability in such cases. Furthermore, while the human eye
struggles to objectively quantify pixel brightness, DL can ac-
curately quantify absolute signal intensities [15]. These capabili-
ties allow DL to surpass the intuitive differentiation abilities of
humans when interpreting images, enabling the detection of
subtle findings that might otherwise be missed. By combining
precision and consistency, DL offers a transformative advantage

in medical image interpretation.

2) Efficiency

Medical image interpretation is often a repetitive and time-
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consuming task. Al’s ability to process large volumes of data
quickly is a key advantage. Segmentation, classification, and
regression of medical images have already been partially or fully
automated. As DL-based image interpretation technologies
continue to evolve, they could drastically improve time and cost
efficiency in diagnosing rheumatologic diseases and assessing
disease activity, reducing the workload of clinicians, including

radiologists and rheumatologists [129].

3) Personalized medicine

Precision medicine, a personalized approach to healthcare, is
one of the key directions for future medical advancement. This
requires integrating a wide range of data, including imaging
analysis, genetic information, clinical history, biomarkers, and
predictions of therapeutic responses. Handling this complex
data is essential for patient-specific treatment. Although still in
its early stages, DL-based research is being conducted to ana-
lyze medical imaging alongside clinical information to predict
disease progression or treatment responses (Table 1). This ap-
proach could ultimately support personalized decision-making

when selecting treatments for individual patients.

4) Advanced pattern recognition in research

DL models excel at analyzing large, multidimensional data-
sets, leveraging probabilistic approaches to identify complex
patterns within vast amounts of imaging data. Unlike traditional
methods, DL operates without inherent bias, enabling it to
uncover previously undetected diseases or reveal new aspects
of disease pathophysiology. By integrating DL into the clas-
sification of medical imaging and clinical data, more objective
and precise evaluations of disease activity, severity, progression,
and remission can be achieved [15]. DL in image interpretation
could also advance rheumatology research by providing new
insights, identifying novel imaging biomarkers, and deepening
our understanding of disease progression and treatment re-

sponses [130].

5) Addressing healthcare disparities

Global healthcare disparities, particularly the shortage of spe-
cialized medical professionals in underdeveloped regions, are a
significant challenge [131,132]. In such areas, general practitio-
ners often handle tasks typically performed by specialists, such
as diagnosing rheumatic diseases. Although it may not provide

a complete solution, DL-based imaging analysis could assist in
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diagnosing and treating patients in regions without access to

specialists, helping to reduce global healthcare disparities [22].

The limitation of deep learning and the role of human
DL has transformed medical image analysis, significantly
improving accuracy and enabling the automation of tasks such
as disease detection and diagnosis. Despite these advancements,
DL models developed in academic research have yet to achieve
widespread application in clinical practice [133]. DL models
still have notable limitations, particularly in areas like interpret-
ability, generalization, and the need for large annotated datasets.
These models can struggle to explain their predictions, making
it difficult for healthcare professionals to fully trust or under-
stand their decisions [134]. Moreover, DL systems can suffer
from overfitting and poor performance when applied to out-of-
distribution data, highlighting the role of human expertise in
verifying and contextualizing results [135]. The dependency on
massive labeled datasets also necessitates human involvement in
data annotation, where domain-specific knowledge is essential
to ensure quality and accuracy [136]. The practical deployment
of DL models is also hindered by data availability challenges.
The data used to develop these models is often not easily acces-
sible in standard clinical environments, limiting their usability
[133]. While DL models excel in pattern recognition, human
experts are crucial for addressing ethical, clinical, and interpre-

tative challenges in medical imaging.

1) Bias in input data

High-quality data is crucial for developing accurate DL
models, as errors or biases in input data can lead to skewed out-
comes. If training images are biased by confounders such as age,
sex, race, or the distribution of disease types and severity, the DL
model’s results may be inaccurate [15]. The type of data used
for training, especially in MRI image analysis, is another criti-
cal factor. Variations in MRI machines, imaging protocols, pixel
size, and data heterogeneity across institutions can influence DL
model performance [137]. Additionally, background features
can inadvertently affect classification, leading to background
bias, where differences between two groups are misinterpreted
as lesion-related differences. Ensuring high-quality, unbiased
data and accurate ground truth labeling is crucial, but these
can be difficult to achieve in cases with high inter- and intra-
observer variability [15,138]. Data leakage during testing can

also inflate performance metrics, highlighting the need for care-

ful validation processes.

2) Limited data in rheumatologic diseases

While DL models traditionally required large datasets, ad-
vancements such as transfer learning and data augmentation
have made it possible to train models with smaller amounts
of data [139,140]. However, large, high-quality datasets still
improve DL model performance. In rheumatologic imaging,
data scarcity remains a significant challenge, as labeled datasets
are often limited compared to conditions like malignancies or
cardiovascular diseases. This scarcity increases the risk of over-
fitting and makes generalization to new data difficult, especially
for rare rheumatic diseases. As a result, current DL research has
primarily focused on more common diseases like OA, RA, and
axSpA (Table 1).

3) Lack of explainability

DL models, particularly in medical imaging, are often referred
to as black boxes, because their decision-making processes are
opaque and difficult to interpret [141]. These models process
input data through multiple layers of mathematical transforma-
tions, making it challenging to understand the specific features
or patterns they rely on for predictions. While DL models excel
at tasks like lesion detection and disease classification, the un-
derlying reasoning behind their decisions remains unclear.

This lack of explainability is a significant concern in medi-
cal imaging, where clinicians need to trust and understand the
basis for diagnostic decisions. The complexity of NNs makes it
difficult to identify which features in the image are driving the
models output, raising concerns that the model could be focus-
ing on irrelevant or biased aspects, such as imaging artifacts.
This can lead to inaccurate or biased diagnoses if the model is
influenced by clinically insignificant features.

Efforts to enhance explainability in DL models are ongoing,
especially in the critical area of image reconstruction, where
interpretability remains a persistent challenge. Visualization
techniques, including saliency maps, class activation maps, de-
convolution networks, and optimization-based methods, offer
insights into model decision-making by highlighting image re-
gions most influential to predictions [142]. Layer-wise relevance
propagation builds on these approaches, generating heatmaps to
pinpoint areas with the greatest impact on model outputs [143].

Despite these advancements, several significant challenges

hinder the deployment of DL models in image reconstruction,
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particularly in healthcare settings. For example, DL models are
often sensitive to variations in image intensity and inconsisten-
cies in imaging protocols, which can result in misinterpretations
[15]. Unlike human experts, who can adapt to such variability,
DL models require carefully calibrated and standardized input
data. Additionally, the limited availability of large, high-quality
medical datasets poses another critical barrier. In contrast to
general-purpose DL applications that leverage extensive public
datasets, medical imaging datasets are often constrained by pri-
vacy and ethical considerations. This scarcity not only increases
the risk of overfitting but also limits the generalizability of DL
models across different imaging modalities and patient popula-

tions.

4) Validation and generalizability

Validation and generalizability are crucial for the success-
ful integration of DL models into clinical care. While internal
validation methods like cross-validation are useful, they can still
suffer from bias in the training data, and as a result, the quality
of a DL model may not be fully assured. Therefore, external vali-
dation—using datasets from different institutions and sources—
is essential for assessing the robustness of a DL model [144]. For
reliable implementation in clinical settings, DL models should
undergo validation with large-scale datasets that reflect diverse
populations, and external multi-center datasets should be used
to independently test the algorithms. It is crucial to compare
DL algorithms systematically and apply randomized controlled
trials, similar to those used in other clinical studies, to establish
their effectiveness and reliability [145]. These approaches ensure
that DL models can be trusted to perform consistently in real-
world settings [15,129].

Generalizability remains a significant challenge. One of the
primary barriers to applying DL-based decision-making in
medicine is the difficulty models face in generalizing across dif-
ferent institutions, which may have varying patient populations,
imaging machines, or protocols [146]. Even when MRI ma-
chines or imaging protocols differ across institutions, it is criti-
cal for DL models to maintain accuracy and consistency. This
can be more difficult for DL models than for human experts, as
common issues such as overfitting and underspecification hin-
der generalizability [145,147]. To address this, ongoing research
focuses on improving model robustness across diverse clinical
environments.

Additionally, after validation, continuous monitoring and
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updating of models are necessary to ensure quality assurance.
When new research findings or changes to clinical criteria
for diagnosis and disease activity emerge, DL models must be
modified and revalidated to ensure continued reliability and ef-

fectiveness [148].

5) Value judgment

Despite the rapid advancement of DL in medical imaging, it
cannot replace the role of human judgment. DL models rely on
probabilistic calculations, while human clinicians apply value-
based judgments, taking into account multiple clinical factors.
For instance, in assessing RA disease activity, clinicians inte-
grate a variety of indicators, such as the disease activity score 28
(DAS28), simplified disease activity index (SDAI), and clinical
disease activity index (CDAI), depending on the specific context
of treatment [149]. These indices require the weighing of vari-
ables based on clinical judgment, which DL models cannot fully
replicate. Different DL models may yield different outcomes
depending on how data is selected, weighted, and analyzed, so
human decision-making remains vital [150].

Moreover, when DL models integrate medical images with
clinical data to recommend treatment options, results can vary
depending on the treatment guidelines used. Ultimately, human
clinicians must make the final decisions, ensuring that Al tools
serve as supportive aids rather than as autonomous decision-
makers [148]. The role of thoughtful physicians will continue to

be essential, even with the growing use of Al in patient care.

6) Ethical and legal issues

The use of DL in rheumatologic imaging raises important eth-
ical and legal considerations. Key questions include determining
responsibility in the event of errors during patient care, setting
boundaries for Al use in medical research, and defining who
has the authority to use specific DL models [151,152]. Addition-
ally, the economic aspects of DL-based decision-making, such
as determining who benefits financially, need careful evaluation
[153]. Protecting patient privacy is another critical concern,
particularly as DL involves handling large datasets, increasing
the risk of data breaches [154]. To effectively implement DL
technology in real-world medical settings, appropriate legal
regulations must be in place, alongside addressing these ethical
issues. Ultimately, the goal of using DL in medicine should be to

enhance human values and dignity by improving patient care.
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CONCLUSION

The development of DL models in rheumatologic imaging
analysis has advanced rapidly in recent years. While current ef-
forts have largely focused on building classification and predic-
tion models for RA, OA, and SpA, the field is expected to evolve
toward multimodal analysis, which will integrate various types
of clinical, imaging, and genomic data. Despite some existing
limitations, DL is poised to become a vital tool in rheumatologic
patient care and research. However, the successful integration
of DL into clinical practice will require rigorous validation to
ensure accuracy and generalizability across different settings.
Moreover, value judgment will remain essential, as human
expertise is necessary to interpret results, guide treatment deci-
sions, and ensure that AI complements clinical judgment rather
than replacing it. Ethical considerations—such as maintaining
patient privacy, ensuring fairness, and determining accountabil-
ity—must also be addressed. In conclusion, while DL will play
an increasingly significant role in healthcare, the involvement of
human clinicians is crucial in maintaining oversight, ensuring
ethical use, and ultimately guiding the application of these tech-

nologies in a way that enhances patient outcomes.
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