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Abstract: Knee osteoarthritis (KOA) is a leading cause of disability, particularly affecting older adults
due to the deterioration of articular cartilage within the knee joint. This condition is characterized
by pain, stiffness, and impaired movement, posing a significant challenge in medical diagnostics
and treatment planning, especially due to the current inability for early and accurate detection or
monitoring of disease progression. This research introduces a multifaceted approach employing
feature extraction and machine learning (ML) to improve the accuracy of diagnosing and classifying
KOA stages from radiographic images. Utilizing a dataset of 3154 knee X-ray images, this study
implemented feature extraction methods such as Histogram of Oriented Gradients (HOG) with
Linear Discriminant Analysis (LDA) and Min–Max scaling to prepare the data for classification. The
study evaluates six ML classifiers—K Nearest Neighbors classifier, Support Vector Machine (SVM),
Gaussian Naive Bayes, Decision Tree, Random Forest, and XGBoost—optimized via GridSearchCV for
hyperparameter tuning within a 10-fold Stratified K-Fold cross-validation framework. An ensemble
model has also been made for the already high-accuracy models to explore the possibility of enhancing
the accuracy and reducing the risk of overfitting. The XGBoost classifier and the ensemble model
emerged as the most efficient for multiclass classification, with an accuracy of 98.90%, distinguishing
between healthy and unhealthy knees. These results underscore the potential of integrating advanced
ML methodologies for the nuanced and accurate diagnosis and classification of KOA, offering new
avenues for clinical application and future research in medical imaging diagnostics.

Keywords: knee osteoarthritis; diagnosis; X-ray; machine learning

1. Introduction

Knee osteoarthritis (KOA), a prevalent joint disorder particularly affecting the tibiofemoral
joint between the femur and tibia, is characterized by the degeneration of articular cartilage.
Common in older adults, KOA induces increased joint friction and cartilage volume loss,
leading to symptoms such as pain, stiffness, and restricted movement. In the United States,
it is the most common joint condition, impacting 13% of women and 10% of men over
60 [1]. Knee joint functionality relies on the cartilage that cushions the femur and tibia
bone, which diminishes with age or injury, and will affect knee mobility. Chondrocytes
within this cartilage are crucial for load distribution, supporting the joint throughout an
individual’s life [2].
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Osteoarthritis (OA) stands as a significant musculoskeletal disorder globally, with
knee OA being one of the top fifty diseases worldwide, affecting approximately 250,000 peo-
ple [1]. The Kellgren–Lawrence (KL) [3] grading system, recognized by the World Health
Organization (WHO) since 1961, is widely used to assess KOA severity via radiographs,
favored for their cost-effectiveness despite advances in imaging technologies [4]. Current
OA management lacks curative treatments besides knee replacement [5], but behavioral in-
terventions such as weight loss, exercise, and endurance training offer temporary symptom
relief and may slow OA progression [6]. Globally, knee OA’s prevalence is notable, with 10%
of those over 15 and 22.9% over 40 affected. Its incidence rate is 203 per 10,000 person-years
for those aged over 20. By 2020, it is estimated that 86.7 million people worldwide aged 20
and older will experience KOA [7], underscoring its significant health burden. Furthermore,
according to findings from Global Burden of Disease 2010 [8], among the 291 disorders
studied, knee OA was classified as the 11th leading cause of disability worldwide.

Computer-Assisted Detection (CAD) techniques are instrumental in diagnosing knee
osteoarthritis, employing various methods such as radiography, Magnetic Resonance Imag-
ing (MRI), gait analysis, and bioelectric impedance signals [9]. Radiography, particularly
X-rays, is adept at highlighting osteophytes and joint space narrowing, indicative of KOA.
MRI, on the other hand, excels in quantifying cartilage attributes including thickness, sur-
face area, and texture, providing a more detailed assessment of the joint’s condition. KOA is
currently diagnosed by patient-reported symptoms in combination with X-ray evaluations.
While radiography is celebrated for its accessibility, cost-effectiveness, and rapid results,
it has notable limitations, particularly in detecting early-stage disease and subtle changes
over time. Despite the drawbacks, it remains the gold standard for KOA diagnosis, offering
valuable insights into alterations in human bones, such as cyst development, joint space
decline, and subchondral bone sclerosis [10].

Recent developments in machine learning (ML) and deep learning (DL) algorithms
have demonstrated significant potential for automatically extracting and analyzing features
from clinical images for accurate disease detection. ML and DL excel in identifying intricate
patterns in data, offering superior accuracy and earlier disease detection, with applications
in semantic segmentation [11], medical imaging [12,13], monitoring ecosystem changes [14],
and even weather forecasting [15].

This evolution in medical diagnostics promises improved patient care through timely
interventions, highlighting the significant impact of ML and DL in enhancing diagnostic
processes specifically. In the context of KOA detection [16–28], radiographic images have
been successfully analyzed using a spectrum of ML and DL algorithms with promising
results. For instance, L. Anifah’s team tackled knee grading through image processing
and self-organizing maps, observing varied accuracy across KL grades [16]. Another
approach utilized semi-automated segmentation, focusing on Regions of Interest (ROIs)
with Kellgren–Lawrence (KL) grades 0 and 2, to achieve 82.98% accuracy using Random
Forest and Naïve Bayes algorithms [22]. R. Mahum et al. (2021) introduced a DL strategy
for early KOA detection, employing hybrid feature models and multi-class classifiers to
reach roughly 97% accuracy [24]. Similarly, T. Tariq (2023) developed a method combining
pre-trained CNNs and transfer learning for KOA classification, achieving up to 90.8%
accuracy in binary models [27]. These studies highlight the versatility and effectiveness of
ML and DL in improving KOA diagnostic processes.

Moreover, the optimization of ML models through hyperparameter tuning has been
identified as a critical step in achieving effective implementation [28]. This process involves
adjusting various types of hyperparameters—discrete, categorical, or continuous—to en-
hance model efficacy [29]. GridSearch (GS), a longstanding method in machine learning, is
widely used for hyperparameter optimization [30–35]. It searches through a predefined
subset of the hyperparameter space, chosen manually. Known for its simplicity, ease of
parallelization, and effectiveness in lower-dimensional spaces, GridSearch is preferred for
its comprehensive approach to evaluating every possible combination of hyperparameter
values, ensuring thorough exploration of model configurations [26].
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This research introduces an innovative approach that combines machine learning
(ML) with GridSearch optimization for classifying knee osteoarthritis (KOA) severity from
knee X-ray images using Kellgren–Lawrence (KL) grades and optimized hyperparameters
across six models using GridSearch to identify the best settings for accurate KOA detection,
aiming to improve predictive performance while minimizing computational load.

The proposed method employs a Histogram of Oriented Gradients (HOG) and Linear
Discriminant Analysis (LDA) in combination with Min–Max scaling for feature extraction,
analyzing the effect of multiclass classifications on model performance. This approach is
assessed through metrics like recall, accuracy, and precision.

Additionally, an ensemble model, combining all of the best tuning parameters of the
six proposed models will also be explored. These efforts aim to advance diagnostic methods
for KOA, underscoring the significant potential of ML in improving healthcare outcomes.

2. Materials and Methods

This section outlined the suggested process for KOA prediction and rating. Figure 1
depicts the flow diagram for the proposed technique. The KOA data undergo many
preprocessing processes before feature extraction. After picking relevant features, they are
fed into machine learning models. Finally, GridSearch optimizes parameters to improve
model efficiency. Evaluation steps were made to ensure the performance of the models.
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2.1. KOA X-ray Images Dataset

To carry out the experiments included in the suggested flow diagram, a publicly
available dataset (Mendeley data) of 5778 X-ray images on knee osteoarthritis [36] was used.
The data were distributed across various classes, including healthy, minimal, moderate,
and severe. The distribution of cases within the KL scoring system for determining knee
OA severity was at 2286, 1516, 757, and 173, respectively, for each class. The datasets were
utilized given its comprehensive inclusion of knee X-ray images that are pivotal for both
knee KL grading and joint identification. Notably, the original dataset also includes images
under a fifth category, ‘doubtful’. However, this class was considered problematic for
inclusion due to its ambiguous nature.

Given the disproportionately large number of healthy samples, this work aimed to
balance the dataset by reducing the “healthy” class data, randomly selecting only 30% of
the healthy images, equating to 708 images. The final number of images used in this study
was 3154, of which 708 were healthy, 1516 were minimal, 757 were moderate, and 173 were
severe. This adjustment was made to achieve a more uniform distribution of samples across
the classes, ensuring a fair comparison, allowing the proposed model to learn the features
of the unhealthy classes more effectively, improving the overall accuracy across all classes,
and enhancing the validity of this work’s findings.

2.2. Data Pre-Processing

A key step in preparing the data for further processing in the proposed system in-
volved preprocessing the images. This preprocessing aimed at not only converting the
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format of the images but also enhancing the image quality to ensure optimal readiness for
the subsequent analyses.

In the data preparation phase of the study, the focus was on readying the images for
further analysis through two primary steps. The images were first scaled to a standard
resolution of 128 × 128 pixels. This uniform resizing of input data is crucial as smaller
images facilitate faster learning by machine learning algorithms.

Following this, the Contrast-Limited Adaptive Histogram Equalization (CLAHE)
technique was employed to enhance the clarity of the images. CLAHE improves image
contrast by adjusting brightness levels and ensuring optimal contrast distribution. It utilizes
two key settings: the grid size, which determines how adjustments are distributed across
the image, and the clip limit, which controls the extent of contrast enhancement. Optimal
results were achieved with a clip limit set to 2.0 and a grid size of (8, 8), making the images
more uniform and easier to analyze.

Enhancing image quality through CLAHE was identified as crucial, ensuring that the
images were in the best possible condition for analysis by machine learning algorithms.
This step underscores the importance of thorough data preparation in enabling accurate
and efficient analysis in studies involving medical imaging.

2.3. Feature Extraction

Histogram of Oriented Gradients (HOG) is a popular feature classifier in image analy-
sis and object identification [37,38]. It transforms object characteristics into numerical values
by calculating the orientations of gradients within 8 × 8-pixel cells. The range of gradient
angles was divided into 8 bins, with cells grouped into 2 × 2 blocks for contrast normaliza-
tion, effectively preserving texture and shape features for analysis and classification.

Linear Discriminant Analysis (LDA) was then used to reduce the dimensionality
of the HOG features to three components (n_components = 3), and the utilization of
three components was found to be best for computational efficiency while ensuring a
balanced model complexity and predictive performance, which is important for real-time
applications. LDA aims to enhance class separability and minimize variation within
classes, leading to a lower-dimensional data representation that still contains essential
discriminative information.

To ensure uniformity across features, Min–Max scaling was applied to the LDA-
transformed features, adjusting them to a specific range, typically between 0 and 1. This
scaling is crucial for many machine learning algorithms, preventing features with larger
magnitudes from dominating those with smaller ones. It standardizes the data and fa-
cilitates faster convergence of optimization techniques during model training. Min–Max
scaling is defined by the formula:

Xscaled =
X − Xmin

Xmax − Xmin
(1)

where X indicates a feature value transformed by LDA. Xmax and Xmin are the maximum
and minimum values for the feature across all samples in the dataset, respectively. Xscaled
defined by Equation (1) is the scaled value of the feature, ensuring all features are in the
same range, downscaling the calculation.

2.4. Model Selection and Hyperparameter Tuning

In the study, six well-established machine learning algorithms were utilized to predict
knee osteoarthritis (KOA) outcomes. The chosen models were K Nearest Neighbors (KNN),
Support Vector Machine (SVM), Gaussian NaiveBayes (GaussianNB), Decision Tree (DT),
Random Forest (RF), and Extreme Gradient Boosting (XGBoost). These models were
selected for their diverse functionalities, hyperparameters, and proven records in KOA
classification. The tuning process plays a crucial role in differentiating the performance of
these six models, influencing their comparative evaluation.
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Hyperparameter tuning was implemented to enhance the models’ efficiency, aiming
to mitigate overfitting and bias. For each model, a set of hyperparameters was preselected
for optimization, ranging from the basic necessary ones to the more optimized value found
in the literature [30–35]. The training and evaluation of these models were conducted using
Python 3.11.4, employing specific frameworks tailored to machine learning tasks. This
approach ensured that each model was fine-tuned to its optimal settings, allowing for a fair
and effective comparison across the different algorithms in predicting KOA outcomes.

GridSearch (GS) is the leading method for exploring hyperparameter configurations,
conducting an exhaustive search across a grid of hyperparameter combinations [39]. This
approach evaluates predefined hyperparameter values using the Cartesian product method,
allowing for thorough parameter space exploration [40].

The proposed method employs GridSearch cross-validation with Stratified K-Fold
for 10-fold cross-validation, systematically exploring each model’s hyperparameter space.
GridSearch cross-validation methodically tests different hyperparameter combinations
to determine the best ones from the preset tuning value (Table 1) for a model. Stratified
K-Fold is a variation of k-fold cross-validation where each fold is made by preserving
the percentage of samples for each class, and is particularly useful when dealing with an
imbalanced dataset, i.e., when the number of samples in each class varies widely. In total,
90% of each class was preserved for training while 10% was used for testing. This ensures
that each class is adequately represented in each fold, leading to more reliable and unbiased
evaluation metrics for the model.

Table 1. Hyperparameter tuning chosen for each classifier.

Classifier Hyperparameters Tuning Value

K Nearest Neighbors classifier
(KNN) n_neighbors {3, 5, 7, 9, 11, 13}

Support Vector Machine (SVM)

C {1, 10, 50, 70, 100]
gamma {‘scale’, ‘auto’}
kernel {‘linear’, ‘poly’, ‘rbf’, ‘sigmoid’}
class_weight {None, ‘balanced’}

GaussianNB var_smoothing {10−11, 10−10, 10−9, 10−8}

Decision Tree classifier max_depth {None, 3, 5, 7, 10}

Random Forest classifier
n_estimators {50, 100, 200, 300, 500}
warm_start {True, False}
n_jobs {None, 1, 2, 3}

XGBoost classifier

max_depth {3, 5, 7}
learning_rate {0.1, 0.01, 0.001}
n_estimators {50, 100, 200}
gamma {0, 1, 2}
subsample {0.8, 0.9, 1.0}

2.5. Performance Evaluations

Analyzing the performance of machine learning models required a thorough and
diversified approach to determine how effectively these classifiers operate. This work
outlines a detailed strategy for evaluating classifiers, integrating both statistical data and
visual aids into the analysis. At the core of this approach are several fundamental strategies
including cross-validation to assess a model’s generalizability to unseen data, the use of
confusion matrices for visualizing algorithm performance, and the application of precision-
recall metrics alongside Receiver Operating Characteristic (ROC) curves analysis and Area
Under the Curve (AUC) score computation.

The evaluation strategy begins with cross-validation accuracy, where the dataset is
segmented into subsets or “folds” for training and validation in a cycle that ensures each
fold acts as the validation set once. This method provides an average accuracy that reflects
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the model’s overall performance, aiding in overfitting prevention and offering a solid
performance metric.

The variance in cross-validation scores is then assessed to determine the model’s
responsiveness to the specific subsets of training data. A high variance could indicate over-
fitting, whereas a lower variance suggests a model’s stability and its ability to generalize
better to new data.

The confusion matrix was applied in the evaluation step in order to enhance the
evaluation of the model’s performance, presenting true positives, true negatives, false
positives, and false negatives. This approach helps identify biases or specific error types
that straightforward accuracy metrics may not detect.

The classification report goes further, providing essential metrics like precision score
defined by Equation (2), recall score (Equation (3)), F1 score (Equation (4)), and accuracy
score (Equation (5)) support for each class, offering a deeper insight into the model’s perfor-
mance across different categories, an aspect especially critical in datasets with imbalanced
classes. The report score is depicted as follows:

Precision score =
TP

TP + FP
(2)

Recall score =
TP

TP + FN
(3)

F1 score = 2 × Precision score × Recall score
Precision score + Recall score

(4)

Accuracy score =
TP + TN

TP + TN + FP + FN
(5)

Finally, the evaluation incorporates the ROC curve and AUC score. The ROC curve
plots the true positive rate against the false positive rate at various thresholds, facilitating
the selection of the most effective model. The AUC score, quantifying the area beneath the
entire ROC curve, serves as an overall performance measure across all possible classification
thresholds, with higher scores denoting a model’s excellence.

Together, these strategies form a robust framework for understanding and evaluating
the operational effectiveness of machine learning models, ensuring a comprehensive view
of their predictive capabilities.

2.6. Ensemble Model

Additionally, the implementation of an ensemble model using Scikit-learn’s voting
classifier was made to enhance predictive performance on the dataset. This ensemble
combines outputs from various optimally tuned machine learning models—K Nearest
Neighbors, SVM, GaussianNB, Decision Tree classifier, Random Forest classifier, and
XGBoost classifier—using a ‘soft’ voting mechanism. This method averages the probabilities
from all models for predictions, offering a nuanced decision-making process that leverages
the strengths of each model.

To evaluate the ensemble’s effectiveness, cross-validation predictions for the entire
dataset are generated using cross_val_predict with a Stratified K-Fold strategy, ensuring
balanced sampling. The accuracy of these predictions is assessed with the accuracy_score
function, providing a clear metric for overall performance. Additionally, a classification
report details precision, recall, and F1 scores for each class, offering insights into the model’s
capabilities across different categories.

A confusion matrix is computed and visualized with ConfusionMatrixDisplay to
show the ensemble model’s accuracy and misclassifications between classes. This serves
as a diagnostic tool for understanding where the ensemble excels or falls short, guiding
improvements to the modeling approach. This ensemble method represents a strategic
effort to utilize the collective power of multiple models for superior predictive performance.
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2.7. Computational Settings

The development and evaluation of the machine learning models for classifying the
stages of knee osteoarthritis took place within a Jupyter Notebook environment, leveraging
Python 3.11.4. These computational experiments utilized a high-performance setup featur-
ing an Intel® CoreTM i7-10700 CPU at 2.90 GHz, complemented by 32 GB of RAM. This
configuration ensured the efficient management of the dataset and computational demands.
Graphical processing tasks, including model training and image processing, were handled
by an Nvidia GeForce RTX 3070 video card. Such a hardware arrangement provided ample
computational power for extensive model training, hyperparameter optimization, and
validation efforts.

3. Results and Discussions

This section elaborates on the results achieved using the proposed method for detecting
knee osteoarthritis (KOA).

3.1. Feature Extraction Result

Figure 2 illustrates the results of feature extraction following the preprocessing of
images using Contrast-Limited Adaptive Histogram Equalization (CLAHE) followed by
feature extraction techniques HOG and LDA. The scatter plot shows four distinct clusters
corresponding to the different stages of knee osteoarthritis: healthy (red), minimal (green),
moderate (blue), and severe (yellow). The axes, ‘LDA Component 1’, ‘LDA Component
2’, and ‘LDA Component 3’ represent the three most discriminative features extracted by
LDA that best separate the classes. The extracted feature is then rescaled using Min–Max to
ensure uniformity across features. Each point on the plot likely represents an X-ray image,
transformed into this two-dimensional space.
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The scatter plot suggests that the Histogram of Oriented Gradients (HOG) feature
extraction, followed by Linear Discriminant Analysis (LDA), has effectively differentiated
the stages of knee osteoarthritis. The stark separation between the ‘severe’ class and other
categories suggests that the machine learning model can easily distinguish the advanced
stage of the disease. However, the noticeable overlap among the ‘healthy’, ‘minimal’,
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and ‘moderate’ stages hints at possible challenges in classification. This overlap may
require a more nuanced approach in model training and could benefit from more complex
classification algorithms or additional features that capture the subtleties between these
intermediate stages.

3.2. Confusion Matrix and Classification Report of the Cross-Validation

The 10-fold cross-validation was performed with the data set, using 90% of the avail-
able data as training data, and 10% as testing data in combination with GridSearch to find
the optimized tuning parameter. Figure 3 displays the confusion matrix for six distinct
classifiers, revealing varying degrees of accuracy and performance nuances.
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KNN classifier: Achieved an impressive accuracy of approximately 98.83% with low
variance, showcasing consistent performance across cross-validation folds. This suggests
robustness and efficacy, likely due to its proficiency in capturing the local structure of
the image feature space. GridSearch tuning revealed 3 neighbors as the optimal number,
highlighting its importance in model generalization.

SVM model: Slightly outperformed the KNN classifier, recording an accuracy of
about 98.89% with low variance, indicative of excellent generalizability. The use of a linear
kernel with C = 100 suggests an optimal balance between decision boundary clarity and
misclassification penalty, particularly after applying HOG and LDA techniques.

Decision Tree classifier: Achieved an accuracy of about 98.19%, with a slightly higher
variance, hinting at potential overfitting. An optimal max depth of 7 was determined, indi-
cating a balance between model complexity and the ability to distinguish between classes.

Gaussian Naive Bayes classifier: Matched the SVM model’s accuracy at 98.89% with
a slightly higher variance, performing well possibly due to its effectiveness in handling
uneven datasets. An optimized var_smoothing parameter at 10−9 plays a crucial role in
ensuring numerical stability and variance estimation.

Random Forest classifier: Showcased an accuracy of roughly 98.67%, underscoring
the value of ensemble methods in improving generalization. Employing 200 trees with
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warm_start enabled, this method effectively reduces overfitting risk while enhancing
class-wide performance.

XGBoost classifier: Emerged as the top performer with the highest accuracy of approx-
imately 98.90% and shows the lowest variance among the models. Its success is attributed
to the use of advanced regularization and gradient boosting mechanisms, with optimal
settings that include a learning rate of 0.1, max depth of 5, 100 boosting rounds, and a
subsampling rate of 1.0.

The classification report (Table 2) and confusion matrix (Figure 3) across all classifiers
show high precision, recall, and F1 scores, demonstrating their capability to differentiate
between the stages of knee osteoarthritis effectively. Table 2 also sums up the optimized
hyperparameter value of each classifier which provides the highest model performance.
Despite minor misclassifications, primarily between adjacent categories, these results
highlight the classifiers’ overall proficiency and the challenge of distinguishing inherently
similar stages.

Table 2. Classification reports of the 6 classifiers for 4 categories of KOA.

Model
Optimized
Hyperparameter
Value

Healthy
(Precision, Recall,
F1-Score)

Minimal
(Precision, Recall,
F1-Score)

Moderate
(Precision, Recall,
F1-Score)

Severe (Precision,
Recall, F1-Score)

Cross Validation
Accuracy (%)

K Nearest
Neighbors (KNN) n_neighbors: 3 0.99, 0.99, 0.99 0.99, 0.99, 0.99 0.99, 0.98, 0.98 1.00, 1.00, 1.00 98.83

SVM C: 100,
kernel: rbf 0.99, 0.99, 0.99 0.99, 0.99, 0.99 0.98, 0.98, 0.98 1.00, 1.00, 1.00 98.89

GaussianNB var_smoothing:
10−9 0.99, 0.99, 0.99 0.99, 0.99, 0.99 0.99, 0.98, 0.98 1.00, 1.00, 1.00 98.89

Decision Tree max_depth: 7 0.99, 0.98, 0.99 0.98, 0.98, 0.98 0.97, 0.98, 0.98 1.00, 1.00, 1.00 98.19

Random Forest n_estimators: 200,
warm_start: false 0.99, 0.99, 0.99 0.99, 0.99, 0.99 0.98, 0.98, 0.98 1.00, 1.00, 1.00 98.67

XGBoost

gamma: 1,
learning_rate: 0.1,
max_depth: 5,
n_estimators: 100,
subsample: 1.0

0.99, 1.00, 0.99 0.99, 0.99, 0.99 0.98, 0.98, 0.98 1.00, 1.00, 1.00 98.90

3.3. Learning Curve, ROC Curve, and AUC Score Report of the Multi-Model Classifier

Learning curves were utilized for model evaluations. The analysis of learning curves
for the classifiers reveals distinct insights into their performance and generalization ca-
pabilities. KNN learning curves (Figure 4a) show high and consistent training and cross-
validation scores, indicating that the model is performing well with no signs of overfitting
or underfitting. SVM and GaussianNB ((Figure 4b,d) learning curves show high training
and cross-validation scores, suggesting a stable model and excellent generalization. The
learning curve of the Decision Tree classifier (Figure 4c) shows that high scores are main-
tained across training and validation, with a small gap, indicating good performance but
potential for overfitting compared to others. A slight gap between the very high training
and cross-validation scores can be seen from the Random Forest classifier and XGBoost
classifier learning curves (Figure 4e,f), which also indicates that the models are well-fitted
and generalize exceptionally well. The lack of disparity between the scores indicates that
the models are neither overfitting nor underfitting, which is ideal for predictive tasks.

The learning curves indicate strong generalization for all classifiers, with high, consis-
tent validation scores suggesting low bias and variance. The small score gaps hint at robust
model training. Given their performance, these models seem ready for deployment, assum-
ing validation was thorough and the data were truly unseen. The uniform success across
various classifiers, from GaussianNB to Random Forest and XGBoost classifier, implies a
straightforward task that does not require intricate models, potentially easing the balance
between complexity and efficiency.
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However, the almost perfect scores could also be indicative of an easy-to-learn dataset
or possibly a data leakage issue. If the task is genuinely this well performed by all models,
it may be worth investigating if the models are indeed learning the underlying patterns or
simply memorizing the data.

Each ROC curve (Figure 5) plots the true positive rate against the false positive rate at
various threshold settings, demonstrating the trade-offs between sensitivity and specificity.
An AUC of 1.0 for all classes across classifiers indicates perfect classification with no
overlap between the positive and negative class distributions. The Decision Tree’s ROC
curve (Figure 5c) shows nearly perfect performance with an AUC close to 1.00, but there is
a slight distance from the top-left corner for the minimal and moderate classes, indicating
very minor misclassification. KNN, SVM, GaussianNB, Random Forest, and XGBoost
show an identical ROC curve occupying the top-left corner, which represents an AUC
of approximately 1.00 for all classes, signaling no misclassification errors, and that the
ensemble method is highly effective with no trade-off between sensitivity and specificity.

These ROC curves indicate the models are robust and highly capable of distinguishing
between the various classes of knee osteoarthritis. However, such results may also necessi-
tate a review of the experimental setup to ensure that the results are genuine and not due
to an artifact of the data or evaluation process.
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3.4. Ensemble Model

An ensemble model has also been explored, combining the uses of each and all of
the best parameter tuning of the six classifiers. The confusion matrix (Figure 6) visualizes
the model’s performance, with the majority of predictions concentrated along the diago-
nal, indicating correct classifications. There are a few off-diagonal numbers representing
misclassifications, but these are very low with 4 instances of ‘healthy’ misclassified as
‘minimal’, 5 instances of ‘minimal’ misclassified as ‘healthy’ and 13 as ‘moderate’, and
13 instances of ‘moderate’ misclassified as ‘minimal’. No instances were misclassified as
‘severe’, and all ‘severe’ cases were correctly classified.
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The classification report shows the precision, recall, and F1 score for four categories:
healthy, minimal, moderate, and severe. All categories have very high metrics, nearly
perfect, with precision, recall, and F1 scores all above 0.98. The ‘severe’ category has
perfect scores of 1.00 across all three metrics. The model also achieves a near-perfect overall
accuracy of approximately 98.90%.

The ensemble model displays a similar performance compared to XGBoost on the knee
osteoarthritis classification task. The high values in precision, recall, and F1 score suggest
that the model is both accurate and consistent in its predictions across all classes. The perfect
scores in the ‘severe’ category indicate that the model is particularly effective at identifying
the most advanced cases of osteoarthritis, which is critical from a clinical perspective.

The very few misclassifications between ‘healthy’, ‘minimal’, and ‘moderate’ suggest
some overlap in the features of these classes, which is to be expected in medical imaging
where disease progression can be gradual. The same can also be observed from the
feature extraction.

The overall high accuracy and the detailed breakdown of performance metrics across
classes show that the ensemble method is highly effective for this dataset. However,
the near-perfect performance should be scrutinized to ensure that it is not the result of
overfitting, data leakage, or an overly simplistic task. It is also important to validate
these findings on an independent test set, particularly one that reflects real-world class
imbalances and variations.

3.5. Comparison with Available Literature

A brief comparison with other methodologies for KOA detection using radiography
images including feature extraction and machine learning classifier was made and summed
up in Table 3. The proposed technique shows significant improvement in model accuracy,
leading to a high potential for clinical application.

Table 3. KOA detection comparison of the literature.

References Methodology Accuracy

[17] SVM with Structural 2-dimensional Principle
Component Analysis 94.33%

[21] SVM with HOG feature extraction ~95%

[22] RF and NB with Independent Component Analysis 82.98%

[27] LR with HOG + Haralick Features 84.50%

This study XGBoost Classifer with CLAHE, HOG + LDA feature
extraction, Min–Max scaling 98.90%

4. Conclusions

This study has made a significant contribution to the field of medical imaging and
diagnostics by rigorously evaluating machine learning (ML) for the diagnosis of knee
osteoarthritis (KOA).

We preprocessed the images with CLAHE and then extracted features using a combi-
nation of Histogram of Oriented Gradients (HOG), Linear Discriminant Analysis (LDA),
and Min–Max scaling, which is critical in enhancing the feature space for machine learning
models, enabling more precise and distinguishable classifications. HOG captures essential
edge and shape information from images, which, when combined with LDA’s ability to
maximize class separability, greatly improves the model’s ability to identify nuanced differ-
ences between classes. Min–Max scaling ensures that these extracted features contribute
equally to the model’s performance, preventing features with larger scales from dominating
the learning process and improving the overall diagnostic accuracy.

As far as the team knowledge, the combination of HOG, LDA, and Min–Max scaling
for feature extraction is yet to be performed in the previous literature and the effectiveness
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of the method has been proven by the clear distinction between the categories, providing a
basis for the success of the machine learning model.

The study has highlighted the immense potential of computational approaches to
enhance diagnostic precision. In particular, models like XGBoost and the ensemble model
have demonstrated high accuracy rates of 98.90% in multi-class classification tasks.

It has also underscored the importance of fine-tuning hyperparameters and the strate-
gic extraction of feature extraction methods to maximize model performance. These insights
are pivotal for the development of diagnostic tools that are both precise and reliable. As
the landscape of medical imaging evolves, leveraging ML and DL promises to transform
the diagnosis and management of various health conditions, including KOA.

Looking ahead, future research should aim at enhancing these models further, incor-
porating broader datasets, and extending these computational methods across different
diagnostic modalities such as MRI, CT scans, and ultrasound. Integrating varied data
sources could offer a more holistic analysis of knee health. The ongoing progress in ML and
DL within medical imaging is poised to deliver considerable benefits in patient treatment
and healthcare outcomes, signaling a new era in clinical diagnostics.
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