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Deep learning in gonarthrosis
classification: a comparative
study of model architectures and
single vs. multi-model methods
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2QOrthopedics and Traumatology Department, Adana Turgut Noyan Research and Training Centre,
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Purpose: This study aims to classify Kellgren—Lawrence (KL) osteoarthritis stages
using knee anteroposterior X-ray images by comparing two deep learning (DL)
methodologies: a traditional single-model approach and a proposed multi-
model approach. We addressed three core research questions in this study: (1)
How effective are single-model and multi-model deep learning approaches in
classifying KL stages? (2) How do seven convolutional neural network (CNN)
architectures perform across four distinct deep learning tasks? (3) What is
the impact of CLAHE (Contrast Limited Adaptive Histogram Equalization) on
classification performance?

Approach: We created a dataset of 14,607 annotated knee AP X-rays from three
hospitals. The knee joint region was isolated using a YOLOV5 object detection
model. The multi-model approach utilized three DL models: one for osteophyte
detection, another for joint space narrowing analysis, and a third to combine
these outputs with demographic and image data for KL classification. The
single-model approach directly classified KL stages as a benchmark. Seven CNN
architectures (NfNet-FO/F1, EfficientNet-B0O/B3, Inception-ResNet-v2, VGG16)
were trained with and without CLAHE augmentation.

Results: The single-model approach achieved an Fl-score of 0.763 and
accuracy of 0.767, outperforming the multi-model strategy, which scored 0.736
and 0.740. Different models performed best across tasks, underscoring the
need for task-specific architecture selection. CLAHE negatively impacted most
models, with only one showing a marginal improvement of 0.3%.

Conclusion: The single-model approach was more effective for KL grading,
surpassing metrics in existing literature. These findings emphasize the
importance of task-specific architectures and preprocessing. Future studies
should explore ensemble modeling, advanced augmentations, and clinical
validation to enhance applicability.

KEYWORDS

artificial intelligence, deep learning, transfer learning, Kellgren—Lawrence,
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Background

Gonarthrosis, or knee joint degeneration, is a condition that
causes movement restriction, stiffness, and pain, impacting quality of
life, especially in older adults. It affects approximately 13% of women
and 10% of men over the age of 60, and its incidence is increasing due
to global aging trends, particularly in developed countries (Alkan
et al., 2014; Shamekh et al., 2022). The key factors involved in its
development include age, weight, comorbid diseases such as
rheumatoid arthritis, trauma and genetic factors (Haberal et al., 2021;
Osteoarthritis, 2023).

The diagnosis of gonarthrosis typically involves standing weight-
bearing (WB) antero-posterior (AP) X-rays, which are considered the
gold standard (Tiulpin et al., 2018). Magnetic resonance imaging
(MRI) is more sensitive and specific than other methods, but X-rays
remain a more economical and practical choice in clinical settings
(Newman et al., 2022). Early treatment of gonarthrosis can prevent
disease progression, but patients in advanced stages often require
surgery. Gonarthrosis is recognized by the World Health Organization
(WHO) for its role in increased mortality and rehabilitation necessity
(Osteoarthritis, 2023).

The Kellgren-Lawrence (KL) system, the most prevalent
radiological staging system for gonarthrosis, divides conditions into
five stages (0-4) based on criteria such as joint space narrowing (JSN)
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and osteophyte formation. This staging system is somewhat subjective
and semiquantitative (Kohn et al., 2016).

In light of the inherent subjectivity associated with the KL grading
system, advancements in artificial intelligence present a considerable
opportunity to mitigate these challenges. Advances in artificial
intelligence have shown potential in improving the accuracy and
standardization in medicine by leveraging extensive datasets to
discern complex patterns, thus enhancing diagnostic precision and
reducing human errors (Alowais et al., 2023).

Related work and contributions

Numerous researchers have employed various artificial
intelligence techniques to perform KL grading from AP knee
radiographs. For instance, Olsson et al. developed a model using
CNNs that takes images as input and outputs KL grades (Olsson et al.,
2021). Similarly, Wang et al., Antony et al., and Chen et al. focused on
cropping the knee joint area (region of interest) before training their
models (Wang et al., 2021; Antony et al., 2017; Chen et al., 2019).
Studies by Li et al. (2023) and Wang et al. (2021) have particularly
highlighted the importance of preprocessing images by cropping the
region of interest, showing that this step can significantly enhance
model performance. Table 1 presents a comparison of studies

TABLE 1 Comparative analysis of studies with direct CNN approaches for KL classification.

Study Approach Dataset Dataset X-ray Used Accuracy @ Precision Recall
size position = architectures
NiNet Fo,
Self-created NfNet F1,
dataset, EfficientNet B0,
Our Direct CNN
labeled by 14,607 AP EfficientNet B3, Yes 0.763 0.767 0.760 0.767
study Approach
orthopedic Inception ResNet
surgeons V2,
VGG16
Antony OAI and
Direct CNN Custom CNN
etal. MOST 7,366 AP Yes 0.610 0.603 0.610 0.630
Approach network
(2017) datasets
KL 0:
0.97
KL 1:
Self-created KL 0: 0.88
0.96
Olsson dataset, KL 1: 0.75
Direct CNN AP, lateral, Not KL 2:
etal labeled by 6,103 ResNet Yes Not specified KL 2: 0.61
Approach and oblique specified 0.92
(2021) orthopedic KL 3:0.71
KL 3:
surgeons KL 4:0.78
0.92
KL 4:
0.84
VGG-19-
Ordinal:
Manually
Chen
Direct CNN ResNet, VGG, Not detected knee Not
etal. OAI dataset 4,130 AP Yes Not specified
(2019) Approach DenseNet, Inception specified  joints: 0.696 specified
Automatically
detected knee
joints: 0.704
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employing direct CNN models for the detection and classification of
knee osteoarthritis using the Kellgren-Lawrence system. It includes
details about the datasets, imaging techniques, and specific CNN
architectures used.

Building on these foundational techniques, subsequent research
has delved into more complex methods of analyzing knee radiographs
for osteoarthritis evaluation. The initial exploration of combining
features from different regions to evaluate osteoarthritis was
conducted by Tiulipin et al. They explored the use of a Siamese
network to analyze features from both sides of the knee, processing
each half independently with separate CNNs (Tiulpin et al., 2018). Lee
et al. combined five different CNN models to enhance prediction
accuracy (Lee and Kim, 2023), and Wei Li et al. input both AP and
lateral knee radiographs into their CNN model for KL grading (Li
et al., 2023). Khalid et al. enhanced feature extraction with CNNs by
employing Principal Component Analysis (PCA) to eliminate
unnecessary features before training a Feed Forward Neural Network

10.3389/frai.2025.1413820

(FFNN) to perform KL grading (Khalid et al., 2023). Yoon et al. went
further by defining four regions of interest (ROIs) to assess
osteoarthritis presence or absence and quantified joint space to classify
osteophyte presence or absence, thus providing a comprehensive
model to evaluate osteoarthritis and KL grades (Yoon et al., 2023).
Table 2 outlines advanced approaches for knee osteoarthritis
detection, featuring multi-model strategies, ensemble methods.
Building on these advancements, our study primarily aims to
enhance KL grading accuracy through a novel multi-model AI
approach that incorporates both demographic data and clinical
assessments. Our research is structured into two main subsections: the
first applies a multi-model strategy to combine outputs from models
analyzing osteophytes and JSN with demographic data and image; the
second employs a traditional single-model approach for direct
comparison. This structure will allow us to assess whether the multi-
model approach with demographic information can outperform
conventional methods in terms of diagnostic accuracy and reliability.

TABLE 2 Comparative analysis of studies with advanced approaches for KL classification.

Study Approach Dataset Dataset = X-ray Used ROI F1 Accuracy Precision Recall
size position @ architectures score
Multi-model
strate;
& Self-created
combining NfNet Fo,
dataset,
Our model outputs NfNet F1,
labeled by 14,607 AP Yes 0.736 0.767 0.735 0.740
study with EfficientNet B0,
orthopedic
demographic EfficientNet B3
surgeons
data and
images
VGGNet, DenseNet,
Lee and ResNet, TinyNet,
Ensemble of 5 KneeXray
Kim 8,260 AP EfficientNet, No 0.78 0.7705 0.79 0.71
models dataset
(2023) MobileNet,
Xception, ViT
KLO & 1:
Automated
0.80
quantification
KL 0 & 1: 1.00 KL 2:
Yoon of JSN and Osteoarthritis
AP and HRNet, RetinaNet, KL 2:0.63 0.91
etal detection of Initiative 44,193 Yes - 0.830
Rosenberg NASNet KL 3:0.77 KL 3:
(2023) osteophytes, (OAT)
KL 4:0.89 0.74
KL grade
KL 4:
classification
0.94
Deep learning
algorithm for
detecting knee | Self-created
Lietal OA based on dataset, AP and
4,200 U-Net, ResNet-50 Yes 0.970 0.970 0.970 0.970
(2023) multi-view labeled by lateral
images and radiologists
prior knee
knowledge
Feature
extraction with
Khalid OAI and Rani
CNNs and FENN, ResNet-101, 0.99-
etal. Channamma 9,786 AP Yes 0.98-0.98 - -
PCA before KL VGG-19 0.98
(2023) datasets
grading with
FFNN
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In training all models, image preprocessing involved cropping the
region of interest, following the successful strategies of Li et al. and
Wang et al. an object detection model was trained specifically to
extract the ROI (Wang et al., 2021; Li et al., 2023).

Another significant contribution of our study is evaluating
different model architectures to compare their performance for each
specific task. We selected NfNet, EfficientNet, Inception-ResNet-v2,
and VGG16 models for our transfer learning approach, chosen for
their impressive performance in the ILSVRC competition and their
distinctive architectural features (Brock et al., 2021). Details of these
models are provided under the model selection section in the
Materials and Methods.

Our third research question centers on comparing the performance
of models trained with and without Contrast Limited Adaptive Histogram
Equalization (CLAHE) in medical imaging. Building on the work of Pizer
et al. (1990), who demonstrated how CLAHE enhances image clarity
through localized histogram equalization in segmented regions using the
Rayleigh distribution, and inspired by Mehdizadeh et al. (2023), who
reported improvements in diagnostic accuracy for digital periapical
radiographs, we explore the potential benefits of CLAHE for KL grading
in osteoarthritis. Further influenced by Hayati et al. (2023), who observed
variable effects of CLAHE across different model architectures in diabetic
retinopathy classification, our study conducts experiments with two

10.3389/frai.2025.1413820

o RQI: Does the proposed multi-model approach incorporating

demographic inputs outperform the traditional single-
model approach?

o RQ2: Which CNN model architecture yields the most
successful results?

« RQ3: Does the application of CLAHE during image preprocessing

enhance model performance?

Methods and materials
Study design

Our study employed two main experimental approaches outlined
in Figure 1:

1 Proposed multi-model approach: In this experiment, separate
deep learning models were initially trained to identify specific
pathological features, including joint narrowing and the
presence of osteophytes. Subsequently, an integrated model
was developed, combining these findings with the original
knee X-ray images and demographic data (age and sex of
the patient).

distinct augmentation sets—one incorporating CLAHE and one without. 2 Single-model approach: The objective of this experiment was
This approach allows us to systematically assess CLAHE’s influence on to evaluate the performance of deep learning models trained
the performance of our models. solely for direct KL grading from knee X-ray images. This
The objectives of our study can be summarized by the following approach served as a benchmark for comparison with the
research questions: proposed multi-model approach.
Inputs Output
=
KL Stage 0
Osteophyts | ’
S Al Model
8 KL Stage 1
=t -
.5 % omt Output KL Staging KL Stage 2
_‘g o ‘ Absence KL Stage 3
3=
7nZ
3 KL Stage 4
: |
| Gender I
[ hee ]
o] KL Stage 0
[
©
o
S} KL Stage 1
c Q
o<
D KL Staging
o 3 Al Model KL Stage 2
3=
n o KL Stage 3
<)
=
n KL Stage 4
FIGURE 1
Simplified flowchart depicting two comparative experiments in our study for predicting KL stages of osteoarthritis.
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To fulfill these objectives, our study included the training of deep
learning models for four distinct cases as outlined above. Different
model architectures were employed for each case to facilitate a
comparative analysis of their performance. Additionally, to investigate
the potential impact of the CLAHE method on image preprocessing,
each model was trained using two different augmentation sets, one of
which included CLAHE preprocessing.

In the Results section, we present the training outcomes for the
four CNN models. Detailed evaluations of each model’s training
process metrics are in the

and performance provided

subsequent subsections.

Patient selection and data security

The database of Bagkent University Hospital and its three affiliated
hospitals were included in the study. A total of 20,378 knee X-ray
images were taken between 2015 and 2021 from patients aged 18 and
100 years and were captured using seven different devices from four
different manufacturers (Fuji, Kodak, Siemens, Philips). Images were
excluded based on criteria such as presence of knee implants (3,670
images), not-standing position (1,005), fractures (910), foreign objects
(102), poor quality (84), and unsuitability for KL grading (552),
resulting in 14,607 images for analysis. Among these patients, 41%
were male (average age 55.8 years), and 59% were female (average age
57.7 years). The selection of patients based on the centers and their
demographic distribution is presented in Figure 2 and Table 3. All data
were anonymized and stored securely. Transfers between institutions
carried out using 256-bit encrypted hard drives to ensure privacy
and compliance.

Labeling of radiographs

The radiographs underwent labeling by three board-certified
orthopedic surgeons, as detailed in a prior study. Two of these
surgeons boasted more than a decade of experience, while the third
had over 20 years of arthroplasty expertise.

We used the open-source CVAT software on our self-hosted
servers to ensure secure and flexible data access (Sekachev et al., 2020).

10.3389/frai.2025.1413820

This choice enabled labelers to work seamlessly via a web browser,
while also safeguarding data through the avoidance of external transfers.

We processed images of both extremities, separating them (as
illustrated in Figure 3A) to ensure each knee could be individually
annotated by the labelers. Each image was binarized by assigning a full
pixel value to non-zero pixels. To remove artifacts, such as markers or
noise, erosion and dilation processes were applied. After isolating the
primary anatomical structure, the upper and lower midpoint
coordinates were calculated and averaged to define a centerline. Using
this centerline, each image was divided into two halves, with the
opposite half blacked out in each image. This approach allowed clearer
focus on each extremity and enhanced annotation accuracy.

The annotations included marking each radiograph for the KL
gonarthrosis stage, presence of implants, osteophytes, and suitability for
inclusion. Each labeler was capped at annotating 300 images per day to
maintain precision. Through this process, a total of 552 radiographs were
excluded based on predetermined criteria, as represented in Figure 2.

The final labels were determined as the average of assessments
made by all three labelers, are concisely summarized in Table 4,
showcasing the distribution of labels.

Image preprocessing

The image processing step is applied to enhance the performance
of the deep learning model and achieve better results. We conducted
image preprocessing in two steps before starting model training:
cropping the joint areas in the radiographs and applying dynamic
image augmentation techniques during model training (Figures 3B,C).

Automatic detection of knee joint

We employed YOLOv5m model architecture, a member of the
YOLO (You Only Look Once) family renowned for its rapid and
accurate object detection capabilities (Jocher et al., 2022).

We created a mini dataset consisting of 500 randomly selected
radiographs, adhering to radiologist standards for valid knee joint
segmentation. This segmentation includes the area from the upper end
of the tibia to the lower end of the femur, centering the cartilage in the

5.771 radiographs excluded ‘ 391 radiographs excluded |
hy 3670: Includes knee implant Hospital 1
1005: Not standing —)| 10829 knee radiographs 10438 radiographs included l—
- > 910: Fracture around knee
T 102: Includes foreign body
84: Bad image resolution
‘ 140 radiographs excluded |
2 20.378 T Hospital 2 Total:
knee ospital 2| N ) . | o 14607
. —> anteroposterior > 3610 knee radiographs 3470 radiographs included | radiographe
x radiographs included
‘ 21 radiographs excluded |
™
: Hospital 3 N N -
. —» 4)| 720 knee radiographs 699 radiographs included I—
FIGURE 2
Flowchart detailing the dataset construction process for our study, including exclusion criteria and the number of radiographs considered at each
hospital
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image and potentially including parts of the fibula (Wang et al., 2021).
The knee joint regions were annotated with bounding boxes. We divided
the dataset into three parts: 300 for training, 100 for validation, and 100
for testing. We present model training results in Results section.

This custom-trained YOLOv5m model was subsequently applied
to all the radiographs in our study, eliminating irrelevant anatomical
structures and ensuring standardized image sizes throughout the
dataset. The impact of this targeted cropping, transforming images
from their pre-cropped to post-cropped state, is depicted in Figure 3B.

Image augmentation

Image augmentation, a technique for diversifying the training
dataset, enhances our model’s ability to generalize. This process is
critical for reducing overfitting and improving model learning in a
more generalized manner (Perez and Wang, 2017; Shorten and
Khoshgoftaar, 2019).

Initially, we ensured that the input image sizes for each model
matched those used during their original pretraining by applying a
resizing process. Our study utilized two distinct augmentation sets,

TABLE 3 Demographic distribution of patients from three different
hospitals included in the study.

Total

Hospital

Hospital
2

3.470

Hospital
3

699

1

10.438

Included images 14.607

count

10.3389/frai.2025.1413820

which were applied dynamically during the model training phase. A
significant feature of our augmentation approach was the
implementation of the contrast limited adaptive histogram equalization
(CLAHE) technique. The parameters for our augmentation sets,
including the application of CLAHE, are presented in Table 5, and
examples of the augmented images are shown in Figure 3C.

Data splitting

Our study employed two AI modeling methodologies, as detailed
in Figure 1. To ensure robust and consistent evaluation across all tasks,
a dedicated test set was separated at the beginning and held constant for
use across the four tasks. This consistent test set provided a standardized
basis for comparing model performances across different approaches.

TABLE 4 Distribution of labels within the dataset used in the study.

Total

Hospital

Hospital
2

3.470

Hospital
3

699

1

10.438

Included images 14.607

count

KL Stage 0 242

KL Stage 1 3,188 1,325 283 4,807

KL Stage 2 3,442 275 264 5,031

KL Stage 3 2,163 1,336 107 2,796

KL Stage 4 1,403 526 37 1,715

Osteophyte + 4,610 1,064 206 5,883

Men (%) 0.281 0.796 0.471 0.412

Men'’s median age 53.132 59.261 51.006 55.827

Women (%) 0.719 0.204 0.530 0.588

‘Women’s median 57.260 61.450 59.241 57.692

age

Osteophyte — 5,828 2,406 493 8,724

Joint narrowing 4,726 1,125 196 6,047

+

Joint narrowing 5,712 2,345 503 8,560

Cropping
the ROI

A

Splitting

FIGURE 3

augmentation.

Image preprocessing stages. (A) Application of image processing methods for labeling, creating individual images for each extremity. (B) Use of an
object detection model for precise cropping of the region of interest, ensuring consistency across all radiographs. (C) Examples of images post-

Cc

Image Augmentation1

Resize
Random Brightness
Random Contrast
Random Saturation
Random Hue
Random Scale
Random Shift
Random Rotation
Horizontal Flip
ISONoise
Normalization

Image Augmentation2

CLAHE
Resize
Random Brightness
Random Contrast
Random Saturation
Random Hue
Random Scale
Random Shift
Random Rotation
Horizontal Flip
ISONoise
Normalization
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TABLE 5 Parameters and their respective values for the data augmentation sets applied in our experiments.

RandomBrightnessContrast = ShiftScaleRotate ISONoise HorizontalFlip CLAHE Normalize
p Limits fo) Limits p Limits P Limits p Limits
Augmentation 0.5 Brightness limit: 0.5 Shift: 0, 0.3 Intensity: 0.5 - Mean:
1 -0.3,0.3 0.2 0,1 (0.485, 0.456,
Contrast limit: Scale: Color 0.406)
-0.3,0.3 -0.2,0.4 shift: 0.2, Std:
Brightness by max: Rotate: 0.5 (0.229, 0.224,
False —15,15 0.225)
Test Set Mean:
Augmentation (0.485, 0.456,
for 0.406)
Augmentation Std:
1 (0.229, 0.224,
0.225)
Augmentation 0.5 Brightness limit: 0.5 Shift: 0, 0.3 Intensity: 0.5 - 1 Clip Mean:
2 -0.3,0.3 0.2 0,1 limit: 4,4 | (0.485, 0.456,
Contrast limit: Scale: Color Tile grid | 0.406)
-0.3,0.3 —0.2,0.4 shift: 0.2, size: 8,8 Std:
Brightness by max: Rotate: 0.5 (0.229, 0.224,
False -15,15 0.225)
Test Set 1 Clip Mean:
Augmentation limit: 4,4 | (0.485, 0.456,
for Tile grid = 0.406)
Augmentation size: 8,8 Std:
2 (0.229, 0.224,
0.225)

The first methodology, a multi-model approach, consisted of two
stages. In the first stage, separate models were trained to detect joint
narrowing and the presence of osteophytes, each using 4,675 images
for training and 1,168 for validation. In the second stage, a new Al
model was trained to integrate the outputs of these initial models
alongside the original images to produce final diagnostic outputs. This
stage also used a distinct set of 4,675 training images and 1,168
validation images. Testing for all three cases was conducted using the
initially separated test set, enhancing the robustness and reliability of
the final model’s performance across tasks.

The second methodology, a single-step approach, used 9,350
images for training, 2,337 for validation, and tested on the same 2,920
images as the multi-model approach.

We also ensured proportional representation of KL grades across
all datasets to maintain balanced training and testing, ensuring that
each stage had the same distribution across all subsets, as illustrated
in Figure 4.

Model selection

In our study, we employed a transfer learning approach using
models that have shown remarkable performance in the ImageNet
Large Scale Visual Recognition Challenge (ILSVRC) (Brock et al.,
2021). We selected the NfNet, EfficientNet, Inception-ResNet-v2,
and VGG16 models, which are known for their distinctive
architectural features and robust performance across ImageNet’s
dataset, which includes approximately 1.3 million training images,

Frontiers in Artificial Intelligence 07

50,000 validation images, and 100,000 test images spread over 22,000
categories. This choice was motivated by their proven capabilities in
handling diverse and complex image data, making them ideal for our
objective of classifying KL stages in knee X-ray images.

o NfNet: Known for its high performance and architecture that
omits normalization layers, NfNet utilizes adaptive gradient
clipping for effective training without batch normalization (Brock
et al., 2021). We trained NfNet-FO and NfNet-F1 models.

« EfficientNet:
performance by introducing a scaling method for network

Prioritizes computational efficiency and
dimensions and adopting the Swish activation function (Tan and
Le, 2019). We trained EfficientNet-B0 and EfficientNet-B3 models.

« Inception-ResNet: This model combines the ability of the
Inception architecture to capture complex patterns with ResNet’s
residual connections, balancing performance and computational
cost (Szegedy et al,, 2016).

« VGG16: VGG16 features a deep structure effective for large-scale
image classification and has demonstrated superior

generalizability across various tasks and datasets (Simonyan and

Zisserman, 2014).

Training protocols
We utilized the PyTorch Image Models (timm) library, an open-

source collection of state-of-the-art image models, pretrained
weights, and utility scripts designed for training, inference, and

frontiersin.org
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Data Distribution in 4675 1168 4675 1169 2920
Miti-Mede] Appresel Used for 'Osteophytis Al Model' and
Experinments "Joint Space Narrowing Al Model' trainings Used for 'KL Staging Al Model' trainings
Data Distribution in 9350 2337 2920
Single-Model Approach
Experinments Used for 'KL Staging Al Model' trainings
Train Set Validation Set Test Set
FIGURE 4
Distribution of dataset utilized in model trainings with two different approaches.

validation in PyTorch (Wightman et al., 2023). Training was executed
on NVIDIA Tesla V100 16 GB GPUs, which supported the
computationally intensive demands of our protocols. Due to the
variable distribution of data within our dataset, weighted sampling
was implemented across all training iterations by enabling the
relevant argument in the training function, allowing the model to
give more focus to underrepresented data classes. This approach
ensures that each class contributes proportionally to the learning
process, thereby enhancing model effectiveness on less common
data samples.

Each model was trained for 100 epochs using a learning rate of
107* and the Adam optimizer for efficient optimization. The models
were stabilized using the weights from the best-performing epoch to
ensure optimal performance.

Statistical analysis

In our study, we assessed model performance using several
key metrics.

Accuracy, defined as the proportion of true results (both true
positives and true negatives) among the total number of cases
examined, measured how well the model correctly identifies both
positive and negative outcomes.

Precision (positive predictive value) and recall (sensitivity)
evaluated the model’s ability to identify true positives and all relevant
cases, respectively. We also calculated the weighted Fl-score to
balance precision and recall in our imbalanced datasets.

The area under the receiver operating characteristic (ROC) curve
(AUCQC), ranging from 0.5 (no better than chance) to 1.0 (perfect
discrimination), gauged the models discriminative ability across
various KL grade stages.

The confusion matrix detailed the counts of true positives, false
positives, and false negatives. These metrics collectively enhanced our
understanding of the models’ diagnostic accuracy, crucial for the
statistical analysis in our study.

The Kappa statistic, which ranges from —1 (no agreement) to 1
(perfect agreement), helped quantify the agreement between
predicted and actual classifications; Kappa values are interpreted as
follows: no agreement beyond chance (0.0), slight (0.01-0.20), fair
(0.21-0.40), moderate (0.41-0.60), good (0.61-0.80), and excellent
(0.81-1.0). A higher Kappa value suggests a high level of agreement
with the ground truth, indicating the model’s reliability. This metric
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helps determine the practical applicability of our models in real-

world settings, guiding improvements in model training

and selection.

Results
Knee joint area detection

The model underwent training on the subset for 20 epochs within
the PyTorch framework using transfer learning techniques. To
maintain consistency across the dataset, images were resized to a
uniform 640 x 640 pixels using the bicubic interpolation method
provided by OpenCV’s Python module, cv2.

For the transfer learning phase, we initialized our model weights
with those from models pretrained on the comprehensive COCO
dataset. This approach allowed us to leverage the extensive variety of
object recognition patterns present in COCO, enabling more robust
feature detection in our radiographs.

To ensure high precision in our ROI detection, we established a
confidence threshold of 0.80. Post-training, the YOLOv5m model
demonstrated its ability to accurately identify the ROIs, achieving a
mean Intersection over Union (mIoU) score of 0.92. This score reflects
the model’s high reliability in detecting relevant anatomical features.
Notably, the accuracy of detecting the knee region reached 100% in
our test set.

We initially started our ROI detection experiments with YOLOv5
and, upon achieving the required performance, did not find it
necessary to train newer versions of the YOLO family.

Multi-model approach for KL stage
prediction

Osteophytosis presence classification using an Al
model

In this section, we evaluated the ability of various CNN
architectures to detect osteophytes, training them with two
distinct augmentation sets with the aim of identifying the most
successful model for integration into a multi-model detection
system. We've meticulously compiled the training parameters,
image resolutions, and a full spectrum of performance metrics
and Kappa coefficient, which are detailed in Table 6. The AUC
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TABLE 6 Details of model configurations and evaluation results for osteophyte presence classification.

Model configuration details

Model Augmentation
architecture set

Image
size
(pixels)

Accuracy

Model evaluation metrics

Weighted
fl_score

Precision Recall Kappa

coefficient

dm_nfnet_f0 Augmentation 1 192,192 0.916 0917 0.916 0917 0.826
dm_nfnet_f0 Augmentation 2 192,192 0.886 0.891 0.886 0.883 0.754
dm_nfnet_f1 Augmentation 1 224,224 0917 0917 0917 0917 0.827
inception_resnet_v2 Augmentation 1 299,299 0.919 0.919 0.919 0.919 0.831
inception_resnet_v2 Augmentation 2 299, 299 0.880 0.890 0.880 0.876 0.738
tf_efficientnet_b0 Augmentation 1 224,224 0.903 0.904 0.903 0.903 0.796
tf_efficientnet_b0 Augmentation 2 224,224 0.874 0.875 0.874 0.874 0.737
tf_efficientnet_b3 Augmentation 1 288,288 0.903 0.903 0.903 0.903 0.797
tf_efficientnet_b3 Augmentation 2 288, 288 0.892 0.895 0.892 0.891 0.770
vggl6 Augmentation 1 224,224 0.910 0.911 0.910 0.910 0.810
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FIGURE 5
Performance evaluation of models for osteophyte classification. (A) Comparative ROC curves and AUC values. (B) F1-score plot for various models.

values and ROC curves that provide insights into each model’s
discrimination ability are presented in Figure 5A. The F1-scores
of the trained models are presented in Figure 5B.

Results indicate that models trained without the CLAHE method
(Augmentationl) consistently excelled across all architectures.
According to Kappa and AUC metrics, all models demonstrated a
strong agreement with ground truth.

The Inception ResNet v2 model, which achieved the highest
fl-score of 0.919 and Kappa score of 0.831, displayed superior
consistency and reliability. Therefore, for its robustness and accuracy,
this model was selected for integration into our multi-model
framework. The corresponding confusion matrix for this model can
be found in Figure 6, underscoring its statistically significant
alignment with the ground truth.
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Joint narrowing presence classification Al model

In this section, we evaluated various CNN architectures for
osteophyte detection. The models were trained using two distinct
augmentation sets with the aim of identifying the most successful
model for integration into a multi-model detection system.
We meticulously compiled training parameters, image resolutions,
and a comprehensive range of performance metrics, including the
Kappa coeflicient, as detailed in Table 7. Additionally, AUC values and
ROC curves providing insights into each model’s discrimination
ability are presented in Figure 7A. The F1-scores of the trained models
are presented in Figure 7B.

The key finding was that models trained without the CLAHE
method (Augmentationl) consistently outperformed those trained
with it across all architectures, except for efficientnet-b3. According to
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Kappa and AUC metrics, all models demonstrated strong agreement
with the ground truth.

Based on these results, the VGG16 model trained with
Augmentationl achieved the highest F1-score of 0.892 and Kappa
score of 0.775, indicating superior consistency and reliability. This
model was deemed the most suitable for classifying JSN due to its high
accuracy and robust performance. Consequently, it was selected for
integration into our multi-model framework. The corresponding
confusion matrix for this model can be found in Figure 8, further
highlighting its statistically significant alignment with the ground truth.

Multi-input Kellgren—Lawrence grading Al model
In this analysis, we assessed the performance of a multi-input model
designed to determine the KL stages. This model synthesizes various
inputs including demographic information (age and sex), probabilities
from osteophyte detection and joint space narrowing models, alongside

Ground Truths

Model Predictions

FIGURE 6

Confusion matrix for the Inception_ResNet_v2 model trained with
Augmentationl, highlighting its effectiveness in osteophyte presence
classification.

10.3389/frai.2025.1413820

X-ray images. We utilized an array of CNN architectures, each tested
with two different data augmentation techniques, including one that
incorporates CLAHE. Notably, certain models, including VGG16,
Inception-ResNet-v2, and NFNet F1 under Augmentation 2, could not
be implemented due to their computational complexity exceeding the
capabilities of the available hardware. Consequently, we were unable to
obtain and report the performance results for these models.

The performance of trained models was thoroughly assessed
using multiple metrics, including accuracy, precision, recall,
weighted F1 score, and Kappa value, detailed in Table 8. The
Fl1-scores of the trained models are presented in Figure 9. Our
analysis demonstrated that augmentation set without CLAHE
achieved better results for all models, according to F1-scores and
Kappa coeflicients. The NfNet FO model proved to be exceptionally
effective, achieving the highest F1l-score of 0.736 and a Kappa
coefficient of 0.638 among the tested models when trained with
Augmentationl. This F1-score indicates a commendable balance
between precision and recall, signifying that the model is effective
at correctly identifying true positives while minimizing false
positives and negatives, which is crucial in medical diagnostics. The
Kappa coeflicient of 0.638 suggests a substantial agreement between
the model’s predictions and the ground-truth labels, exceeding what
would be expected by chance alone. The confusion matrix for this
model is visually depicted in Figure 10.

Single-model approach for KL stage
prediction

In the second phase of our investigation, we employed transfer
learning techniques to train a series of deep learning models using
knee X-rays, aiming to predict the Kellgren-Lawrence (KL) stages of
gonarthrosis. The configurations of the models, including the specific
augmentation strategies utilized and their corresponding performance
metrics are detailed in Table 9. The F1-scores of the trained models
are presented in Figure 9.

Our findings indicate that models trained with the first set of
which excluded CLAHE (referred to as
Augmentationl), consistently surpassed those trained with the second

augmentations,

augmentation set (Augmentation2). The predictive performance of

TABLE 7 Details of model configurations and evaluation results for joint space narrowing presence classification.

Model configuration details

Model evaluation metrics

Model Augmentation Image Accuracy Precision Recall Weighted Kappa
architecture set size fl_score coefficient
dm_nfnet_f0 Augmentationl 192,192 0.889 0.888 0.889 0.888 0.767
inception_resnet_v2 Augmentationl 299,299 0.889 0.889 0.889 0.889 0.770
inception_resnet_v2 Augmentation2 299, 299 0.879 0.880 0.879 0.878 0.746
tf_efficientnet_b0 Augmentationl 224,224 0.887 0.888 0.887 0.887 0.767
tf_efficientnet_b0 Augmentation2 224,224 0.877 0.879 0.877 0.875 0.739
tf_efficientnet_b3 Augmentationl 288,288 0.879 0.882 0.879 0.879 0.752
tf_efficientnet_b3 Augmentation2 288,288 0.883 0.884 0.883 0.882 0.754
vggl6 Augmentationl 224,224 0.893 0.893 0.893 0.892 0.775
vggl6 Augmentation2 224,224 0.880 0.884 0.880 0.878 0.745
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Performance metrics for models in JSN presence classification (A) Comparative ROC curves and AUC values. (B) F1-scores for the models.

Ground Truths

Model Predictions

FIGURE 8

Confusion matrix for the VGG16 model using Augmentationl,
showecasing its superior performance in classifying joint narrowing
presence.

these models is further illustrated through the macro-average AUC
and ROC curves presented in Figure 11. Specifically, the models
utilizing Augmentationl demonstrated high consistency in
performance, as reflected by closely aligned Fl-scores and
Kappa coefficients.

Notably, the ‘dm_nfnet_f1’ model from the NfNet series, trained
using Augmentationl, achieved the highest overall accuracy and
Fl-score, at 76.7 and 76.3%, respectively. Further insights into this
model’s classification capabilities are illustrated through a confusion
matrix in Figure 12. In contrast, employing CLAHE in the training
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process (Augmentation2) with the same CNN architecture resulted in
a substantial decline in model performance, with the Fl-score
reducing dramatically to 30.1%.

Figure 10 presents a comparative graph of the weighted F1-scores
for CNN models trained using both single-model and multi-model
approaches to stage KL progression. The graph illustrates the
performance metrics of models trained with two distinct augmentation
sets: Augmentationl and Augmentation2. It’s evident from the graph
that single-model approaches with Augmentationl (represented by
the light-green line) maintain relatively stable Fl-scores across
different models. Conversely, the performance declines markedly for
the single-model approach with Augmentation2 (dark-green line),
particularly for the ‘dm_nfnet_f1’ model. In contrast, multi-model
approaches exhibit a consistent performance irrespective of the
augmentation set used (indicated by red lines), sustaining higher
weighted F1-scores than the single-model with Augmentation2. The
error bars represent the variability in the F1-scores, indicating the
precision of the model performance estimates.

Discussion

In our study, we assessed two distinct AI approaches for KL
grading: a single-model method using only X-ray images and a multi-
model strategy that integrates osteophyte detection, joint space
narrowing (JSN) assessment, and demographic data. The single-model
approach demonstrated superior performance across various
architectures, achieving a significant 2.7% higher F1-score compared
to the multi-model strategy in the best-performing models. This
suggests that the simpler single-model approach may be more effective
in extracting and leveraging the features relevant to KL grading, as
shown in Figure 9, where models trained without CLAHE
performed best.

Furthermore, models directly performing five-level classification
(single-model approach) were observed to be more successful. This could
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TABLE 8 Details of model configurations and evaluation results for the multi-input model training in KL gonarthrosis grading, incorporating inputs of
image, age, gender, osteophyte prediction, and joint space narrowing prediction.

Model configuration details

Model evaluation metrics

Model Augmentation Image Accuracy Precision Recall Weighted Kappa
architecture set size fl_score coefficient
(pixels)

dm_nfnet_f0 Augmentationl 192,192 0.740 0.735 0.740 0.736 0.638
dm_nfnet_f0 Augmentation2 192,192 0.739 0.732 0.739 0.734 0.636
dm_nfnet_f1 Augmentation] 224,224 0.655 0.728 0.655 0.679 0.548
tf_efficientnet_b0 Augmentation] 224,224 0.732 0.724 0.732 0.727 0.627
tf_efficientnet_b0 Augmentation2 224,224 0.690 0.701 0.690 0.687 0.562
tf_efficientnet_b3 Augmentation] 288,288 0.735 0.730 0.735 0.731 0.632
tf_efficientnet_b3 Augmentation2 288,288 0.728 0.720 0.728 0.723 0.623
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Model Architecture

Weighted F1-Scores of Models with Different Architectures and Augmentation Techniques. The primary difference between Augmentation 1 and
Augmentation 2 is the inclusion of CLAHE in the preprocessing pipeline for Augmentation 2.

NfNetF1 InceptionResNetV2 VGG16

be due to the fact that contemporary CNN architectures are already
proficient in feature extraction, and adding demographic data along with
specific information from additional models on osteophytes and joint
space narrowing may have introduced bias into the multi-models.

According to our findings, all models trained with the single-model
approach outperformed those from similar studies in the existing
literature. This superior performance could potentially be attributed to the
unique characteristics of our self-created dataset or the optimality of our
model parameters. Our dataset, meticulously labeled by expert orthopedic
surgeons, might possess qualities that particularly align well with the
features our models are conditioned to recognize.

Furthermore, the best-performing models in single and multi-
model approaches achieved kappa scores above 0.6, indicating a
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substantial agreement with the ground truth. This highlights that both
methods, despite their performance differences, are reliable and could
be clinically viable.

In our architecture-specific findings, NfNet consistently emerged
as the most effective, performing well in both single and multi-input
model configurations. Inception ResNet v2 and VGG16 excelled in the
tasks of osteophyte presence and joint narrowing prediction,
respectively. The close performance of other models suggests that
multiple architectures have the potential to achieve high accuracy in
these tasks, depending on the specific setup and implementation.

A pivotal aspect of our research was the exploration of
different data augmentation sets while keeping other training
parameters constant. Contrary to several previous studies
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advocating the benefits of CLAHE for enhancing model
performance, our results consistently showed that models trained
without CLAHE outperformed those that included it. This might
indicate that CLAHE, by overly processing images, could disrupt
the natural learning processes of sophisticated models, leading to
overfitting on non-representative image features.

The significant decrease in the F1 score observed in the CNN
model trained using the single-model approach with the NfNet f1
architecture may be attributed to overfitting, potentially induced by
the application of CLAHE. Unlike the NfNet FO model, theNfNet
NfNet F1’s increased complexity and higher number of parameters
might make it more susceptible to overfitting. This aspect highlights
the need for careful consideration of model complexity when applying
image enhancement techniques like CLAHE. Further research should
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FIGURE 10
Confusion matrix of the NfNet_FO model using Augmentationl,
displaying its top performance in multi-input KL grading.
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explore this phenomenon in detail to better understand the trade-offs
between model complexity and generalization capabilities in medical
imaging tasks.

To summarize our key findings:

We introduced a custom YOLOvV5m detection model tailored for

high-accuracy knee joint detection.

o Our self-created dataset allowed our single-model NfNet F0 to
surpass performance metrics reported in existing literature.

o The single-model approach consistently outperformed our
proposed multi-model strategy.

o NfNet FO generally showed the highest success in our tests, while
EfficientNet BO often displayed lower performance.

 Except in one case, the application of CLAHE degraded the
performance across all models.

These outcomes suggest that in the development of AI models for
medical diagnostics, the choice and configuration of data
preprocessing methods are as critical as the selection of the model
architecture itself. This underscores the importance of a tailored
approach to both data handling and model training to optimize
diagnostic accuracy and model reliability.

While our multi-model framework was conceptually aimed at
harnessing multiple sources of information—such as osteophyte
detection, joint space narrowing outcomes, and demographic
factors—our findings indicate that this approach did not surpass the
simpler single-model strategy. One likely explanation is the challenge
of data fusion: the sub-model outputs and demographic data may not
have been optimally weighted or integrated, leading to partial
redundancy or incomplete synergy in the final prediction. This can
manifest as overfitting, where the model relies on spurious patterns
stemming from sub-model inaccuracies rather than genuinely
complementary features. For instance, our observation that including
osteophyte and JSN predictions did not enhance KL staging suggests
that these auxiliary signals introduced excessive complexity or noise.

Future research could improve multi-model approaches by
employing attention mechanisms, learned gating networks, or joint

TABLE 9 Details of model configurations and evaluation results for training models in directly KL stage classification.

Model configuration details

Model evaluation metrics

Model Augmentation Image Accuracy Precision Recall Weighted Kappa
architecture set size fl_score

dm_nfnet_f0 Augmentationl 192,192 0.764 0.764 0.764 0.763 0.675
dm_nfnet_f0 Augmentation2 192,192 0.616 0.665 0.616 0.614 0.475
dm_nfnet_f1 Augmentationl 224,224 0.767 0.76 0.767 0.763 0.676
dm_nfnet_f1 Augmentation2 224,224 0.286 0.544 0.286 0.301 0.218
inception_resnet_v2 Augmentationl 299,299 0.756 0.75 0.756 0.752 0.662
inception_resnet_v2 Augmentation2 299,299 0.52 0.621 0.52 0.528 0.368
tf_efficientnet_b0 Augmentationl 224,224 0.744 0.746 0.744 0.744 0.646
tf_efficientnet_b0 Augmentation2 224,224 0.649 0.688 0.649 0.66 0.531
tf_efficientnet_b3 Augmentationl 288,288 0.755 0.751 0.755 0.751 0.661
tf_efficientnet_b3 Augmentation2 288,288 0.63 0.69 0.63 0.635 0.5
vggl6 Augmentationl 224,224 0.734 0.736 0.734 0.729 0.633
vggl6 Augmentation2 224,224 0.578 0.638 0.578 0.585 0.439
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Comparative weighted ROC curves for deep learning model architectures trained with Augmentation Set 1, used in KL gonarthrosis staging.
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Confusion matrix for the dm_nfnet_f1 model trained with
Augmentationl, showcasing its top performance in KL gonarthrosis
staging.

training protocols that explicitly align sub-model features. Likewise, a
deeper investigation into how demographic and radiographic features
interact at different fusion layers could mitigate overfitting and reveal
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more meaningful synergies. Ultimately, refining these fusion strategies
may help bridge the gap between multi-model comprehensiveness and
the robust simplicity of a single end-to-end CNN.

The role of bias, ethics, and
multimodal clinical data in Al-based
osteoarthritis classification

One of the biggest challenges in classification studies based on
semi-objective criteria, such as Kellgren-Lawrence gonarthrosis
grading, is achieving the most accurate labeling of the data. Inter- and
intra-observer reliability has always been a matter of debate, and the
impartiality of the labelers directly affects the accuracy of the results.
In our study, the data were labeled by three experienced orthopedic
surgeons, who routinely evaluate radiographs in daily practice and
have direct exposure to degenerative findings during surgery. To
minimize bias, a consensus approach was employed, with
disagreements resolved by majority voting. Furthermore, the dataset
includes images from multiple imaging devices and demographic
groups, reducing potential biases related to imaging variability or
population diversity. While orthopedic surgeons may be thought to
favor surgical intervention, studies on interobserver reliability
suggest that their evaluations remain consistent and reliable,
mitigating such concerns.

In our study, data obtained from three different hospitals and
eight different X-ray devices over an eight-year period were used to

frontiersin.org


https://doi.org/10.3389/frai.2025.1413820
https://www.frontiersin.org/journals/Artificial-intelligence
https://www.frontiersin.org

Yayli et al.

ensure impartiality and increase dataset diversity. This approach aims
to enhance the generalizability of our findings and their relevance to
real-life clinical scenarios. While the development of Al algorithms
as a decision support system for radiologists is expected to reduce
workload, it may also influence radiologists’ objective decision-
making, potentially leading to ethical concerns. It is important to
note that while radiological classification is a critical factor in
treatment decisions, it is not the sole determinant. Incorporating
additional clinical data, such as the patients age, weight, and
treatment expectations, alongside radiological findings, would
contribute to more balanced and impartial decision-making processes.

Limitations

1 Model parameter optimization: To optimize each model for the
task, it would have been ideal to experiment with multiple
parameter configurations and select the most effective
combination. However, due to time constraints, we were unable
to conduct extensive hyperparameter tuning for each model.

Hardware limitations in multi-model approach: The models in
the
architectures. While we were able to train models with fewer

multi-model approach required more complex
parameters, our hardware could not support training models
with a larger number of parameters, limiting the comparison
of models we could experiment with.

Specificity to KL staging: Our study focused solely on the
staging system, not incorporating other relevant staging systems
that might provide a broader understanding of gonarthrosis.
Black-box nature of CNN: The CNN models used classify
images without elucidating the specific features or locations
related to osteophyte presence and JSN, limiting the depth of
analysis compared to segmentation-focused techniques.
Objective measurements: We did not quantify the medial or
lateral joint space areas, relying instead on clinically evaluated
radiographs. This approach might affect the precision of our joint
space assessments due to the lack of standardized radiography.
Radiographic scope: Only AP views were included, omitting
the comprehensive three-dimensional aspects of the knee
structure. As a result, conditions like lateral and patello-femoral
joint arthrosis could not be assessed.

Clinical validation: The algorithms were not compared directly
with clinical assessments by doctors, focusing instead on model
development. Clinical validation against professional medical
evaluations is planned for future research.

Exclusion criteria: Radiographs showing implants near the
joint area were excluded, potentially limiting the application of
our findings to the broader spectrum of patients, particularly
those with posttraumatic arthrosis or implant.

Future directions

Future studies could consider ensemble modeling, which
combines outputs from multiple models to increase stability and
accuracy. Additionally, implementing automated segmentation
techniques for more refined ROI extraction may enhance

predictive accuracy, especially in complex cases with
overlapping features.
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Further research could explore advanced augmentation techniques
beyond CLAHE, such as elastic deformations to mimic anatomical
variations or random rotations to account for minor positional shifts
in X-rays. These methods may help improve model robustness by
introducing naturalistic variability without altering core image features.

Conclusion

In summary, our study introduces a pioneering approach to knee
joint assessment through a two-tiered AI model using X-ray imagery,
deep learning, and patient data. Initially, our models efficiently
predicted KL stage using osteophyte formation and JSN indices.
However, the multi-model strategy did not outperform the simpler
single-model approach, indicating the need for further optimization.

Unique to our research is the development of a diverse custom
dataset, collated from various hospitals and X-ray machines, offering a
broad and unbiased perspective. This approach enhances the study’s
robustness and sets a new standard in dataset creation for orthopedic
Al research.

However, the reliance of the study on the subjective KL grading
system introduces potential biases, emphasizing the need for ongoing
research and validation with more diverse datasets to confirm the
effectiveness and applicability of our models in real-world scenarios.

Overall, while our study marks progress in Al for orthopedic
assessments, continuous research and validation are vital to refine
these methods for practical clinical use, contributing to advancements
in patient care in orthopedics.

Data availability statement

The raw data supporting the conclusions of this article will
be made available by the authors without undue reservation.

Ethics statement

The studies involving human health data were approved by
Bagkent University Research and Ethic Fund (Date 09.03.2021 project
number KA21/127). The studies were conducted in accordance with
the local legislation and institutional requirements. Written informed
consent for participation was not required from the participants or the
participants’ legal guardians/next of kin in accordance with the
national legislation and institutional requirements. Written informed
consent was not obtained from the individual(s) for the publication of
any potentially identifiable images or data included in this article.
Medical images have been anonymized. Permission for use under
these conditions was received from the ethics committee.

Author contributions

SY: Writing - original draft, Writing - review & editing, Data
curation, Investigation, Software, Supervision, Visualization. KK: Data
curation, Investigation, Visualization, Writing - original draft,
Methodology, Validation. SB:
Resources, Visualization, Writing - original draft, Funding acquisition,

Conceptualization, Resources,
Project administration, Writing - review & editing.

frontiersin.org


https://doi.org/10.3389/frai.2025.1413820
https://www.frontiersin.org/journals/Artificial-intelligence
https://www.frontiersin.org

Yayli et al.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This study was
supported by Baskent University Research Fund (Project number
KA21/127) and Turkeell Technology (Project Number: ICTPG-92).

Conflict of interest

SB works as an academic consultant and project manager for the
Turkeell Technology Artificial Intelligence and Analytics Department.

The remaining authors declare that the research was
conducted in the absence of any commercial or financial

References

Alkan, B. M., Fidan, E, Tosun, A., and Ardigoglu, 0. (2014). Quality of life and self-
reported disability in patients with knee osteoarthritis. Mod. Rheumatol. 24, 166-171.
doi: 10.3109/14397595.2013.854046

Alowais, S. A., Alghamdi, S. S., Alsuhebany, N., Alqahtani, T., Alshaya, A. L,
Almohareb, S. N, et al. (2023). Revolutionizing healthcare: the role of artificial intelligence
in clinical practice. BMC Med. Educ. 23:689. doi: 10.1186/s12909-023-04698-z

Antony, J., McGuinness, K., Moran, K., and O’Connor, N. E. (2017). “Automatic
detection of knee joints and quantification of knee osteoarthritis severity using
convolutional neural networks” in Machine learning and data mining in pattern
recognition (Cham: Springer International Publishing), 376-390.

Brock, A., De, S., Smith, S. L., and Simonyan, K. (2021). High-performance large-scale
image recognition without normalization. Available at: http://arxiv.org/abs/2102.06171
(Accessed 21 August, 2023).

Chen, P, Gao, L., Shi, X., Allen, K., and Yang, L. (2019). Fully automatic knee
osteoarthritis severity grading using deep neural networks with a novel ordinal
loss. Comput. Med. Imaging Graph. 75, 84-92. doi: 10.1016/j.
compmedimag.2019.06.002

Haberal, B., Simsek, E. K., Baysan Cebi, H. P, Tug, 0., Verdi, H., and Atag, E. B. (2021).
Lack of association between MMP13 (rs3819089), ADAM12 (rs3740199-rs1871054) and
ADAMTS14 (rs4747096) genotypes and advanced-stage knee osteoarthritis. Jt. Dis.
Relat. Surg. 32,299-305. doi: 10.52312/jdrs.2021.64

Hayati, M., Muchtar, K., Maulina, N., Syamsuddin, I, Elwirehardja, G. N., and
Pardamean, B., et al. (2023). Impact of CLAHE-based image enhancement for diabetic
retinopathy classification through deep learning. Procedia Comput. Sci. 216, 57-66. doi:
10.1016/j.procs.2022.12.111

Jocher, G., Chaurasia, A., Stoken, A., Borovec, J., NanoCode012, Y., Kwon, Y., et al.
(2022). ultralytics/yolov5: v7.0 - YOLOv5 SOTA realtime instance segmentation: Zenodo.

Khalid, A., Senan, E. M., Al-Wagih, K., Ali Al-Azzam, M. M., and Alkhraisha, Z. M.
(2023). Hybrid techniques of X-ray analysis to predict knee osteoarthritis grades based
on fusion features of CNN and handcrafted. Diagnostics (Basel) 13:1609. doi: 10.3390/
diagnostics13091609

Kohn, M. D., Sassoon, A. A., and Fernando, N. D. (2016). Classifications in brief:
Kellgren-Lawrence classification of osteoarthritis. Clin. Orthop. Relat. Res. 474,
1886-1893. doi: 10.1007/s11999-016-4732-4

Lee, S.-M., and Kim, N. (2023). Deep learning model ensemble for the accuracy of
classification degenerative arthritis. Comput. Mater. Contin. 75, 1981-1994. doi:
10.32604/cmc.2023.035245

Li, W, Xiao, Z., Liu, J., Feng, J., Zhu, D,, Liao, J., et al. (2023). Deep learning-assisted
knee osteoarthritis automatic grading on plain radiographs: the value of multiview X-ray
images and prior knowledge. Quant. Imaging Med. Surg. 13, 3587-3601. doi: 10.21037/
qims-22-1250

Mehdizadeh, M., Tavakoli Tafti, K., and Soltani, P. (2023). Evaluation of histogram
equalization and contrast limited adaptive histogram equalization effect on image
quality and fractal dimensions of digital periapical radiographs. Oral Radiol. 39,
418-424. doi: 10.1007/s11282-022-00654-7

Frontiers in Artificial Intelligence

16

10.3389/frai.2025.1413820

relationships that could be construed as a potential conflict
of interest.

Publisher’'s note

All claims expressed in this article are solely those
of the authors and do not necessarily represent those
of their affiliated organizations, or those of the publisher,
the editors and the reviewers. Any product that may
be evaluated in this article, or claim that may be made
by its manufacturer, is not guaranteed or endorsed by
the publisher.

Newman, S., Ahmed, H., and Rehmatullah, N. (2022). Radiographic vs. MRI vs.
arthroscopic assessment and grading of knee osteoarthritis - are we using appropriate
imaging? J. Exp. Orthop. 9:2. doi: 10.1186/540634-021-00442-y

Olsson, S., Akbarian, E., Lind, A., Razavian, A. S., and Gordon, M. (2021). Automating
classification of osteoarthritis according to Kellgren-Lawrence in the knee using deep
learning in an unfiltered adult population. BMC Musculoskelet. Disord. 22:844. doi:
10.1186/512891-021-04722-7

Osteoarthritis. (2023). Available at: https://www.who.int/news-room/fact-sheets/
detail/osteoarthritis (Accessed January 30, 2024).

Perez, L, and Wang, J (2017). The effectiveness of data augmentation in image
classification using deep learning. arXiv [cs.CV]. Available at: http://arxiv.org/
abs/1712.04621 (Accessed December 13, 2017).

Pizer, S. M., Johnston, R. E., Ericksen, J. P,, Yankaskas, B. C., and Muller, K. E. (1990).
Contrast-limited adaptive histogram equalization: speed and effectiveness. In:
Proceedings of the first conference on visualization in biomedical computing. IEEE
Comput. Soc. Press.

Sekachev, B., Manovich, N., Zhiltsov, M., Zhavoronkov, A., Kalinin, D., Hoff, B., et al.
(2020). opencv/cvat: v1.1.0: Zenodo.

Shamekh, A., Alizadeh, M., Nejadghaderi, S. A., Sullman, M. J. M., Kaufman, J. S.,
Collins, G. S., et al. (2022). The burden of osteoarthritis in the Middle East and North
Africa region from 1990 to 2019. Front. Med. 9:881391. doi: 10.3389/fmed.2022.881391

Shorten, C., and Khoshgoftaar, T. M. (2019). A survey on image data augmentation
for deep learning. J. Big Data 6, 1-48. doi: 10.1186/540537-019-0197-0

Simonyan, K, and Zisserman, A (2014). Very deep convolutional networks for large-
scale image recognition. arXiv [cs.CV]. Available at: http://arxiv.org/abs/1409.1556
(Accessed September 4, 2014).

Szegedy, C., Ioffe, S., Vanhoucke, V., and Alemi, A. (2016) Inception-v4, inception-
ResNet and the impact of residual connections on learning. arXiv [cs.CV]. Available at:
http://arxiv.org/abs/1602.07261 (Accessed February 23, 2016).

Tan, M, and Le, QV (2019). EfficientNet: rethinking model scaling for convolutional
neural networks. arXiv [cs.LG]. Available at: http://arxiv.org/abs/1905.11946 (Accessed
May 28, 2019).

Tiulpin, A., Thevenot, J., Rahtu, E., Lehenkari, P,, and Saarakkala, S. (2018). Automatic
knee osteoarthritis diagnosis from plain radiographs: a deep learning-based approach.
Sci. Rep. 8:1727. doi: 10.1038/s41598-018-20132-7

Wang, Y., Wang, X., Gao, T, du, L, and Liu, W. (2021). An automatic knee
osteoarthritis diagnosis method based on deep learning: data from the osteoarthritis
initiative. J. Healthc. Eng. 2021, 1-10. doi: 10.1155/2021/5586529

Wightman, R., Raw, N., Soare, A., Arora, A., Ha, C., Reich, C,, et al. (2023).
rwightman/pytorch-image-models: v0.8.10dev0 Release: Zenodo.

Yoon, J. S., Yon, C.-]., Lee, D,, Lee, J. J., Kang, C. H., Kang, S. B, et al. (2023).
Assessment of a novel deep learning-based software developed for automatic feature

extraction and grading of radiographic knee osteoarthritis. BMC Musculoskelet. Disord.
24:869. doi: 10.1186/512891-023-06951-4

frontiersin.org


https://doi.org/10.3389/frai.2025.1413820
https://www.frontiersin.org/journals/Artificial-intelligence
https://www.frontiersin.org
https://doi.org/10.3109/14397595.2013.854046
https://doi.org/10.1186/s12909-023-04698-z
http://arxiv.org/abs/2102.06171
https://doi.org/10.1016/j.compmedimag.2019.06.002
https://doi.org/10.1016/j.compmedimag.2019.06.002
https://doi.org/10.52312/jdrs.2021.64
https://doi.org/10.1016/j.procs.2022.12.111
https://doi.org/10.3390/diagnostics13091609
https://doi.org/10.3390/diagnostics13091609
https://doi.org/10.1007/s11999-016-4732-4
https://doi.org/10.32604/cmc.2023.035245
https://doi.org/10.21037/qims-22-1250
https://doi.org/10.21037/qims-22-1250
https://doi.org/10.1007/s11282-022-00654-7
https://doi.org/10.1186/s40634-021-00442-y
https://doi.org/10.1186/s12891-021-04722-7
https://www.who.int/news-room/fact-sheets/detail/osteoarthritis
https://www.who.int/news-room/fact-sheets/detail/osteoarthritis
http://arxiv.org/abs/1712.04621
http://arxiv.org/abs/1712.04621
https://doi.org/10.3389/fmed.2022.881391
https://doi.org/10.1186/s40537-019-0197-0
http://arxiv.org/abs/1409.1556
http://arxiv.org/abs/1602.07261
http://arxiv.org/abs/1905.11946
https://doi.org/10.1038/s41598-018-20132-7
https://doi.org/10.1155/2021/5586529
https://doi.org/10.1186/s12891-023-06951-4

	Deep learning in gonarthrosis classification: a comparative study of model architectures and single vs. multi-model methods
	Background
	Related work and contributions

	Methods and materials
	Study design
	Patient selection and data security
	Labeling of radiographs
	Image preprocessing
	Automatic detection of knee joint
	Image augmentation
	Data splitting
	Model selection
	Training protocols
	Statistical analysis

	Results
	Knee joint area detection
	Multi-model approach for KL stage prediction
	Osteophytosis presence classification using an AI model
	Joint narrowing presence classification AI model
	Multi-input Kellgren–Lawrence grading AI model
	Single-model approach for KL stage prediction

	Discussion
	The role of bias, ethics, and multimodal clinical data in AI-based osteoarthritis classification
	Limitations
	Future directions
	Conclusion

	References

