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Abstract

Osteoarthritis (OA) is a common joint disease affecting people worldwide, notably impacting quality of life due to joint
pain and functional limitations. This study explores the potential of radiomics — quantitative image analysis combined with
machine learning — to enhance knee OA diagnosis. Using a multimodal dataset of MRI and CT scans from 138 knees, radiomic
features were extracted from cartilage segments. Machine learning algorithms were employed to classify degenerated and
healthy knees based on radiomic features. Feature selection, guided by correlation and importance analyses, revealed texture
and shape-related features as key predictors. Robustness analysis, assessing feature stability across segmentation variations,
further refined feature selection. Results demonstrate high accuracy in knee OA classification using radiomics, showcasing
its potential for early disease detection and personalized treatment approaches. This work contributes to advancing OA

assessment and is part of the European SINPAIN project aimed at developing new OA therapies.
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1 Introduction
1.1 Knee Osteoarthritis

Osteoarthritis (OA) is a prevalent joint disorder that sig-
nificantly impacts individuals’ quality of life and poses
challenges to the healthcare systems. It is a common con-
dition, particularly affecting middle age and older people:
a substantial percentage of individuals aged 60 and older is
affected by it worldwide. OA leads to substantial disability,
with symptoms like joint pain and stiffness affecting daily
activities such as climbing stairs and walking, but also sleep
disturbance due to night pain. In the knee, OA affects the
three compartments of the knee joint (medial, lateral and
patellofemoral) Lespasio et al. (2017) and usually develops
slowly over 10 to 15 years, depending on its origin (Roos &
Arden, 2016).

OA involves the breakdown of hyaline cartilage, as well
as changes in the bone beneath it and the synovium (joint

Francesca Angelone and Federica Kiyomi Ciliberti contributed equally
to this work

Extended author information available on the last page of the article

Published online: 12 September 2024

lining). Hyaline cartilage is crucial because of its ability
to resist compression, primarily due to its unique structure
and water-retaining properties. In OA, the collagen network
within the cartilage deteriorates, leading to increased water
content. This breakdown makes the cartilage less capable
of withstanding mechanical stresses (Hussain et al., 2016;
Heinegard & Saxne, 2011). As a result, the subchondral
bone responds with new bone formation beneath the car-
tilage i.e. subchondral sclerosis and at the sides as bony
spurs i.e osteophytes. Also, the synovial membrane becomes
irritated and inflamed causing increased joint fluid produc-
tion. Pain in OA significantly impacts quality of life and
functional limitations. The pain experienced in OA is multi-
faceted, transitioning from intermittent weight-bearing pain
to persistent chronic pain (Zhang & Jordan, 2010; Neogi,
2013). OA has a multifactorial etiology involving both sys-
temic and local factors. Systemic risk factors include age
(strongest risk factor for all joints), gender (women are
more susceptible), race/ethnicity (varying prevalence among
different groups), genetics (heritable component estimated
at 50-65%), and hormonal influences (menopause-related
changes in women). Local risk factors encompass obesity
(particularly influential for knee OA) Coggon et al. (2001),
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joint injury or surgery, occupation (repetitive joint use),
physical activity (elite sports activities may increase risk),
mechanical factors (muscle weakness, joint misalignment,
ligament laxity), and limb length inequality (Roos & Arden,
2016; Murphy et al., 2008; Zhang & Jordan, 2010; Neogi,
2013).

1.2 Knee OA Diagnosis

The main diagnostic tools for the assessment of human
joints are X-ray, computed tomography (CT), and more com-
monly also magnetic resonance imaging (MRI). The severity
of OA can be evaluated by assessing joint space narrow-
ing and damage to cartilage and underlying bone. Various
scales are available for this purpose. The Kellgren—Lawrence
(KL) grading system is used to rate OA on plain X-rays.
The definite presence of an osteophyte (Kellgren—Lawrence
grade 2) confirms a structural diagnosis of OA. However,
this system combines an overall grade for OA from joint
space narrowing and the presence of osteophytes, assum-
ing these structural changes appear continuously (Roemer
et al., 2020; Kellgren et al., 1957). Other grading systems,
like the OA Research Society International (OARSI) Atlas
system (Roemer et al., 2020), separate joint space narrowing
from osteophyte presence but focus solely on the tibiofemoral
joint, which underestimates the patellofemoral contribution
to the disease. The Ahlbéck scale, developed in 1968, is based
on joint space narrowing measurements (Ahlback, 1968),
but it presents challenges in its application due to variations
influenced by observer experience, age, and personal atti-
tudes. This scale also highlights difficulties in distinguishing
between low and moderate grades of arthritis (Galli et al.,
2003).

MRI has become a critical tool in diagnosing, especially
in research settings, due to its ability to detect detailed soft-
tissue and structural changes not visible on conventional
X-rays. Semi-quantitative MRI-based grading systems, such
as the Whole Organ Magnetic Resonance Imaging Score
(WORMS) and Knee OA Scoring System (KOSS), consider
various features of the MR image from the entire knee joint,
offering increased sensitivity compared to traditional grading
systems. However, interpreting pre-radiographic MRI find-
ings remains challenging, as distinguishing between normal
age-related changes and predictive signs of knee OA pro-
gression is not straightforward in clinical practice (Demehri
& Shakoor, 2018).

Treatment modalities for knee OA include physical ther-
apy, medication, injections, osteotomies and, in the most
severe cases, partial or total knee replacement operation
(Ringdahl & Pandit, 2011). Therefore, early diagnosis is
crucial to timely intervention and potentially avoiding the
need for surgery. Assessing the severity of osteoarthritis
presents challenges because of the various classification
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systems available, each with its own limitations. Early
diagnosis remains critical, given the progressive nature of
osteoarthritis, as it allows early intervention with less inva-
sive treatments such as physiotherapy and drug therapy,
potentially reducing the need for surgery. Therefore, fur-
ther advances in imaging technology and diagnostic criteria
are essential to optimize the management and outcomes of
patients with knee osteoarthritis.

1.3 Use of Radiomics in Medical Imaging

Radiomics involves the extraction of quantitative metrics
known as radiomic features from medical images to cap-
ture tissue properties. It can reveal quantitative information
and properties often imperceptible to the human eye, that
can result to be relevant in clinical analysis (combined with
various types of data) and can offer valuable insights into
the characteristics and progression of diseases. The impact
of radiomics can be enhanced by the use of machine learn-
ing: integration of artificial intelligence, machine learning,
and advanced image analysis techniques to discern mean-
ingful information from medical images. By integrating
radiomic data with clinical, genomic and biological infor-
mation, researchers can unravel complex disease pathways
and refine patient stratification strategies (Mayerhoefer et al.,
2020). Radiomics has been used for a large number of med-
ical purposes, such as the detection of disease risk factors
(Angelone et al., 2022, 2023; Sansone et al., 2023; Cetin et
al., 2020), detection of genomic patterns (Liu et al., 2023;
Saxena et al., 2022), the detection of soft tissue masses, bone
tumors and calcifications (Eslami et al., 2020; Lei etal., 2019)
for various diagnostic imaging techniques. Radiomic fea-
tures extracted from CT scans and analyzed using machine
learning (ML) techniques have proven to be valid and robust
across various oncological diagnostic applications, including
liver tumors (Sanchez et al., 2021) and head and neck can-
cer (Parmar et al., 2015a). A study focusing on lung cancer
emphasized the necessity of identifying optimal machine-
learning methods for radiomic applications to generate stable
and clinically relevant radiomic biomarkers applicable in
clinical practice (Parmar et al., 2015b).

To date, radiomics has not been extensively used in the
field of knee OA. Jiang et al. (2024) discuss how radiomics
can enhance accurate OA diagnosis by converting medical
images into quantitative data. The study highlights the lim-
itations of current imaging techniques like X-ray, CT, and
MRI in early OA detection and stresses the importance of
radiomics in addressing this issue. Furthermore, it reviews
current research on radiomics in OA, detailing studies that
classify, detect, and predict OA in various joints (e.g., knee,
hip, hand, spine). Radiomics offers advantages over tradi-
tional clinical variables in detecting specific forms of OA
and shows promise in improving diagnostic accuracy and
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prognosis prediction. In Xie et al. (2021), they extracted
radiomic features from T2-weighted MRI images of sub-
jects with post-traumatic osteoarthritis and a control group,
focusing on subchondral bone and femoral and tibial car-
tilage. Radiomic analysis revealed a distinctive signature in
the cartilage and subchondral bone of various compartments,
showing excellent performance in distinguishing between
patients and controls. The articles (Xue et al., 2022) and
Hirvasniemi et al. (2021) explore the use of MRI-based
radiomics approaches for diagnosing knee OA by analyzing
subchondral bone. Both approaches achieve high perfor-
mance in distinguishing between OA subjects and healthy
control class.

1.4 Objectives

The primary objective of this work is to explore a novel
approach using radiomic analysis applied to CT and MRI
imaging modalities to assess cartilage degradation in knee
OA. Cartilage degradation is a hallmark of OA and has a
significant impact on patients’ quality of life. Traditional
diagnostic approaches often provide limited insight into
early-stage changes. By combining CT and MRI modali-
ties and using radiomics, a technique whose application in
cartilage studies is limited, we seek to establish a robust
methodology for in-depth evaluation of cartilage. Our goal is
to employ radiomics, which involves the extraction of quan-

FEATURE SELECTION & ROBUSTNESS ANALYSIS

FEATURES EXTRACTION

titative image features, to identify reliable biomarkers for
early detection and characterization of OA-related cartilage
changes. In addition, we seek to evaluate the performance
and robustness of radiomic features under different imag-
ing conditions, highlighting the potential of this approach to
improve diagnostic accuracy and inform personalized treat-
ment strategies for patients with OA.

2 Methods

The workflow followed in the present study is shown in Fig. 1.

2.1 Subjects Recruitment

For this study, patients diagnosed with OA and healthy indi-
viduals were recruited for knee scanning. The recruitment is
part of the EU projects RESTORE ! and SINPAIN 2, aimed
at developing new therapies for cartilage regeneration. The
RESTORE project ended in 2022, while SINPAIN will end
in 2026.

Approval for the study was obtained from the Icelandic
Bioethics Commission (approval number: VSN-19-050V 1)

U https://restoreproject.eu/ - Grant agreement ID: 814558

2 https://www.osteoarthritis-sinpain.eu/ - Grant agreement ID:
101057778
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Table 1 Subject information

TOT D C

M F M F M F
number 46 49 22 20 24 29
age (avg= std) 43.63 = 14.18 61.62 = 10.84

in March 2022. Prior to any scans, subjects provided compre-
hensive written consent, ensuring transparency and account-
ability. To ensure patient privacy, all data are anonymized
and securely stored on a dedicated hospital server approved
by the Data Protection Unit.

Led by the chief of Orthopedics at Landspitali University
Hospital in Reykjavik, Iceland, subject recruitment adheres
to specific criteria: 1) Subjects with degenerative cartilage
(D), evaluated clinically with Ahlback grades between 2 and
4, awaiting total knee arthroplasty. 2) Healthy subjects (C)
with no prior medical history of knee cartilage diseases or
trauma.

Scans, including CT, MRI and X-rays, are performed at
Landspitali University Hospital in Reykjavik, Iceland. Stan-
dardized protocols and positioning with a splint are used. The
Toshiba Aquillion One CT scanner (320 slice) covers an area
of 16 cm?2, while the Siemens Healthcare Prism MRI scanner
(3T) uses 3D volumetric sequences with 0.6-mm isotropic
voxels.

2.2 Dataset Description

A total of 138 knees of 95 subjects were scanned; about
half of the cohort scanned both their right and left legs in two
consecutive acquisitions. Of the 138 knees, 53 belong to class
D, while 84 belong to class C. Information about subjects’
gender and age - average (avg) and standard deviation(std) -
are reported in Table 1.

The study centered on the examination of knee cartilages,
including the femoral, lateral tibial, medial tibial, and patellar
cartilages. Figure 2 shows a three-dimensional representation

of the four different cartilage segments for a degenerative and
a control subject for both left and right legs. It is important to
note that half of the knees represent the right and left knees
of the same patient. This aspect is taken into consideration
in subsequent analyses.

2.3 Cartilage Segmentation and Registration

The images were processed using Mimics (Materialise’s
Interactive Medical Image Control System), a medical imag-
ing software specialized in generating 3D models from
medical data. By loading a stack of images in the XY plane,
Mimics produced images in the XZ and YZ directions, offer-
ing a comprehensive three-dimensional representation. To
ensure accuracy, both cartilages and bones were subjected
to segmentation, a process for identifying and delineating
these structures within the images. Cartilages were seg-
mented from MRI images due to MRI’s suitability for soft
tissue examination, while bones were segmented from CT
images, following a uniform protocol. The segmentation pro-
cess involved creating masks to isolate specific elements
based on density thresholds. Editing operations, such as crop-
ping, refined the masks, and region-growing isolated parts
by removing unconnected pixels. This meticulous segmenta-
tion aimed to extract meaningful and consistent information
from the images. The resulting masks were then converted
into highly accurate 3D objects with Mimics. In the registra-
tion process, 3D objects from different CT and MRI masks
were combined to reconstruct a realistic 3D model of the
knee compartment. MRI data were aligned with CT data
through image registration, facilitated by acquiring images
at the exact same location. Four landmarks were taken on
the anatomical parts to ensure accurate overlap. The newly
created image integrated the CT data with the segmented
bones and cartilage from the MRI. Manual realignment of
the segmented parts ensured accurate positioning. To elim-
inate overlaps, refinements were performed on the masks,
such as Boolean subtraction operations. The final 3D model

Right Knee

Left Knee

Right Knee Left Knee

Fig. 2 3D representation of knee cartilages. On the left a 3D reconstruction of cartilages in a control knee (right and left); on the right a 3D
reconstruction of degenerative cartilages (right and left knees). The arrows indicate similarity zones between the right and left cartilages of the

same patient
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provided a realistic overview of the knee compartment. The
same methodology has already been used in Ciliberti et al.
(2022) and Aubonnet et al. (2023), affirming the relevance
and reliability of the proposed approach. Hence, we now have
segmented cartilage from both MRI, where it was initially
delineated, and CT. This allows us to conduct a comparative
analysis and perform evaluations of radiomics features on
the two separate imaging modalities.

2.4 Radiomics Features Extraction

Radiomics features were extracted using the PyRadiomics
library (Van Griethuysen et al., 2017) based on cartilage seg-
mentations obtained from both MRI and CT, as previously
described in Section 2.3. The extracted features describe
shape, pixel statistics based on gray value histograms and
texture and can be summarized as follows:

First Order Statistics (19 features)

Shape-based (3D) (16 features)

Shape-based (2D) (10 features)

Gray Level Co-occurrence Matrix (GLCM) (24 features)
Gray Level Run Length Matrix (GLRLM) (16 features)
Gray Level Zone Size Matrix (GLSZM) (16 features)
Neighbouring Gray Tone Difference Matrix (NGTDM)
(5 features)

e Gray Level Dependence Matrix (GLDM) (14 features)

In addition to the original image, the described features are
also calculated for the wavelet images. The wavelet transform
can be used to decompose the original image into different
frequencies or scales. This allows textures and other infor-
mation within specific frequency bands to be examined. This
could potentially improve the ability to distinguish between
different conditions. Then a total of 875 features for each of
the four cartilage considered were extracted.

2.5 Standardization and Features Selection

Once the radiomic features were extracted, a first phase
of feature normalization was carried out. Given the high
number of features extracted compared to the number of
samples considered, an accurate feature selection is a fun-
damental step, improving computational efficiency, model
performance, and avoiding overfitting. In this work, the
correlation matrix, a statistical approach to quantify the lin-
ear correlation between variables, was first evaluated using
the Pearson correlation coefficient (Cohen et al., 2009),
excluding all features with a correlation greater than 90%.
Afterward, a feature importance analysis was performed by
selecting only the most important features for the classifica-
tion.

2.6 Robustness Analysis

Following the statistical approach proposed in Ponsiglione
et al. (2023), a robustness analysis of the radiomics features
was also conducted, to improve the reliability of the analy-
sis. In particular, the variability and robustness of radiomics
features as a function of cartilage segmentation both in MRI
and CT images was investigated, varying the shape of the seg-
mentation through morphological operators and simulating
an erosion or dilation of the area. The Fig. 3 shows a visual
representation of the effects of morphological operations,
specifically dilation and erosion, on segmented cartilages. In
Fig. 3 each panel demonstrates the effect of different levels
of dilation and erosion on what could be interpreted as vari-
ation in segmenting biological structures. Starting from the
top, the first red block shows the effect of dilation, expanding
the boundaries of the ROI from 5 to 1 pixels, showing pro-
gressively lower levels of dilation. The middle row labeled
’Original’ represents the baseline. Following, in the blue
block, there are the effects of erosion from 1 to 5 pixels.
Such manipulations are crucial for exploring the robustness
of radiomics features since changing the shape and size of
ROIs reflects intra- and inter-operator variability in segmen-
tation, which is common in practical clinical applications.

Following these alterations, a full extraction of radiomic
features is performed on both the original and modified ROIs.
Then, a Shapiro-Wilk test (o = 0.05) was performed to eval-
uate the normality of the distribution of radiomic features,
and a t-test or Mann-Whitney statistical test was performed
(depending on the normality result) to compare the distribu-
tions of radiomic features between original ROI and dilated
ROI and between original ROI and eroded ROI. Based on the
p-value obtained, a robustness score in the range between 0
and 1 was obtained, as detailed in Ponsiglione et al. (2023).
Robustness score values closer to 1 indicate greater robust-
ness of the feature classes examined.

Boxplots and trend lines were represented to see how the
robustness score varies as the amplitude of the erosion or
dilation varies.

An innovative method was then developed to integrate
robustness into the calculation of feature importance for ML
models. This method prioritizes features not only based on
model significance but also on their stability amid data vari-
ations, such as those introduced by noise or changes to ROI
segmentation.

Typically, feature importance in ML is determined by each
feature’s contribution to the model’s predictive accuracy,
but this traditional approach often overlooks the stability or
robustness of features to fluctuations in the input data, espe-
cially when the sample of data is not very large. In this new
methodology, robustness is quantified using the negative log-
arithm of the average p-value of the robustness score, which
inversely correlates a feature’s weight with its robustness: a

@ Springer
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lower p-value, suggesting a lower likelihood that the feature’s
robustness is random, results in a higher weight, and the neg-
ative logarithm transformation scales the p-values to a more
understandable range, where smaller p-values (indicating
stronger evidence against the null hypothesis and affirming
the robustness of the feature) produce larger weights. By
multiplying the original feature importance by this robust-
ness weight, importance scores are recalibrated to favor
features that are both predictive and robust. Features with
lower robustness (higher p-value) suffer a penalty, decreas-
ing their modified importance score. The reweighted system
may reveal that some features previously perceived as cru-
cial are less important when robustness is taken into account,
while others gain importance due to their enhanced robust-
ness, suggesting a more reliable set of predictors.

Statistical tests were carried out in Python using the SciPy
library (Virtanen et al., 2020).

2.7 Machine Learning Analysis

Based on the most significant features calculated, a first ML
analysis was conducted for the classification of D and C sub-
jects, considering all features extracted from all cartilages.
The following algorithms have been used: Random Forest,
Linear Support Vector Machine (SVM), Logistic Regression,
Gradient Boosting, Linear Perceptron. In this context, par-
ticularly when dealing with limited data samples, research
to identify optimal models and their corresponding hyperpa-
rameters is of paramount importance. A prevalent method to
achieve this is through the use of grid search, meticulously

Table 2 Hyperparameter set for each machine learning model

coupled with cross-validation (CV) techniques. In our work
we used a "nested grid search" coupled with a K-fold CV. This
approach involves an initial layer of external stratified cross-
validation which is crucial as it maintains class balance when
partitioning the dataset, thus providing a more representative
cross-sectional framework for evaluation. During each itera-
tion of this external cross-validation, an internal grid search
is conducted, accompanied by its cross-validation process,
since the nested structure serves a dual purpose: it not only
tunes the hyperparameters but also offers a more objective
estimate of the model’s performance on unseen data. The
algorithms tested and the hyperparameters tuned are shown
in Table 2. To ensure comprehensive evaluation, both the
mean and standard deviation were considered in all cases,
this approach produces a more generalized and reliable per-
formance metric, effectively mitigating the risks associated
with overfitting, particularly on the validation set.

By constantly rotating the validation set in each external
iteration, the method ensures a robust and unbiased evalu-
ation, ultimately leading to more reliable and generalizable
model performance.

All the ML analyses were performed with the Scikit-Learn
library in Python (Kramer & Kramer, 2016).

Figure 4 shows the steps of the workflow from feature
extraction to the final classification.

2.8 Evaluation Metrics

The following metrics were used to evaluate the perfor-
mances of trained models:

MODEL HYPERPARAMETERS

n_estimators max_depth
Random 10, 50, None, 5, 10,
Forest 100, 200, 20, 30, 50, 100

400, 500

C
SVM 0.01, 0.1, 1,
Linear 10, 100, 1000

C
Logistic 0.0001, 0.001 ,0.01, 0.1,
Regression 1, 10, 100, 1000, 10000

n_estimators max_depth
Gradient 50, 100, 3,5,
Boosting 200 7,10

alpha max_iter
Linear 0.0001, 0.001 , 1000, 5000,
Perceptron 0.01, 0.1, 10000

1,10

min_samples_split min_samples_leaf

2,5, 1,2,4

10, 15

Gamma

1,0.1,0.01,

0.001, 0.0001

Penalty Solver

11,12 newton-cg, Ibfgs,
liblinear, sag, saga

learning_rate subsample

0.001,0.01, 0.7, 0.8,

0.1,0.2 0.9, 1.0

Penalty tol etal

None, 12, le-3, 1.0, 0.1,

11, elasticnet le-4, 0.01
le-5
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e Accuracy: This is the percentage of correct predictions
out of the total number of predictions. It is calculated
as the number of correct predictions divided by the total
number of predictions:

CorrPred

Accuracy = TotPred

e Precision: Represents the proportion of positive identi-
fications that are actually correct. It is calculated as the
number of true positives divided by the sum of true pos-
itives and false positives:

.. True positives (TP)
Precision =

True positives (TP) + False positives (FP)

e Recall (Sensitivity): Represents the proportion of positive
identifications that are actually correct. It is calculated as
the number of true positives divided by the sum of true
positives and false positives:

True positives (TP)
True positives (TP) + False negatives (FN)

Recall =

e Fl-Score: This is the harmonic mean of precision and
recall, this score takes into account both precision and
recall to provide a single measure of model performance.
It is especially useful when you want a balance between
precision and recall and when dealing with unbalanced
datasets:

Precision x Recall

F1 score = 2 x —
Precision + Recall

@ Springer
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Table 3 Compared Performances among models in MRI radiomics data with 1272 features

Model Accuracy(%) Specificity (%)

Precision (%) Recall (%) F1-score (%)

Random Forest 84.97 (£9.30) 84.97 (£9.30)

88.11 (£7.45) 86.98 (£7.60) 86.48 (£8.08)

SVM Linear 90.25 (£7.03) 90.25 (£7.03) 92.34 (£5.04) 90.50 (46.82) 90.36 (+6.89)
Logistic Regression 87.30 (£6.03) 87.30 (£6.03) 89.26 (£4.82) 86.80 (£5.56) 86.76 (£5.55)
Gradient Boosting 82.56 (£11.78) 82.56 (£11.78) 86.33 (£9.00) 84.84 (£9.84) 83.98 (£10.81)
3 Results similar distribution between the patellar, femoral, and tibial

3.1 Binary Classification Control-Degenerative

3.1.1 Binary classification using the least correlated
radiomic features

The correlation matrix was calculated as the first feature
selection method to eliminate all highly correlated features,
especially with a linear correlation greater than 90%. It is
shown in Fig. 5 and allowed us to reduce the dataset from
3500 initial features, relating to all four cartilages, to 1272
features in MRI imaging and 958 features in CT imaging.
Using a 10-fold nested CV, as explained in Section 2.7, the
evaluation metrics of four different ML algorithms are shown
in Table 3 for MRI imaging and in Table 4 for CT imaging.
As can be seen, the best performances in the classification
between D and C patients can be obtained with the SVM
Linear algorithm for the radiomic features extracted from the
MRI, obtaining an average accuracy of 90.25%, and with the
logistic regression for the radiomic features extracted from
the CT, obtaining an average accuracy of 91.33%.

3.1.2 Binary Classification Using the least correlated
Radiomic Features after Feature Importance

The set of features considered for model training was further
reduced by also carrying out a feature importance analysis
following the correlation matrix. In Fig. 6a it is possible to
observe that the first most important features for MRI, using
SVM algorithm, mainly refer to the patellar cartilage and
are mainly belonging to the shape and GLSZM classes. For
the CT images, using the Logistic Regression algorithm, a
pattern of features is not so evident, in fact, there is an almost

cartilage, and mainly shape, GLSZM and GLCM features
appear, as can be seen in Fig. 6b. In Fig. 7 the distribution of
the 50 most important features is shown based on the classes
of radiomic features per cartilage area considered, both for
CT and MRI images.

The analysis reveals that among the most important fea-
tures are those related to texture matrices, particularly those
derived from the wavelet transform, and those related to
shape. This underlines the relevance of specific texture pat-
terns and morphological aspects in the analysed cartilage for
the clinical conditions of interest.

The predominance of texture features derived from the
wavelet transform may reflect their ability to describe the
complexity of cartilage tissue at different scales of analysis,
which is essential for identifying subtle but clinically rele-
vant patterns. Furthermore, the importance of shape-related
features highlights how the shape and geometric structure
of cartilage may play a critical role in the assessment of
joint health. By training the models with the first 50 most
important features we obtain the results shown in Tables 5
and 6. The performances, as expected, improved, reaching
very high results for all the evaluation metrics considered,
with an average of around 99% for all in the MRI and 96%
in the CT.

3.1.3 Robustness Analysis Results

To make the analysis even more reliable and robust, the
robustness of the radiomic features was evaluated with
respect to shape variations in the segmentation, as described
in Section 2.6. Therefore, after introducing a controlled noise
by dilating and eroding the edges of the segmentation and
extracting the radiomic features for each dilated, eroded and

Table 4 Compared Performances among models in CT radiomics data with 958 features

Model

Accuracy (%)

Specificity (%)

Precision (%)

Recall (%)

Fl-score (%)

Random Forest
SVM Linear

Logistic Regression

Gradient Boosting

80.64 (£7.58)
85.51 (£8.49)
91.33 (£7.35)
82.64 (£7.24)

80.64 (£7.58)
85.51 (£8.49)
91.33 (£7.35)
82.64 (£7.24)

84.77 (£5.90)
87.78 (£6.47)
92.10 (£6.06)
85.42 (£5.63)

82.65 (+6.88)
87.21 (£7.19)
91.77 (£6.35)
84.19 (£6.23)

81.97 (£7.30)
86.75 (£7.93)
91.65 (£6.56)
83.70 (6.86)
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Fig 6 Barplots Of the 50 most Top 50 Features for SVM Linear
important features for the best
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Distribution of the top 50 features for Logistic Regression
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Fig.7 Distribution of the top 50 most predictive radiomic features by cartilage area for a) Logistic regression on CT features and b) SVM on MRI

features

original ROI, a robustness score was produced based on the
p-value resulting from the Mann-Whitney test. In particular,
boxplots were produced for variations of pixels from 1 to
5 which facilitate robustness comparisons between classes
of features described in Section 2.3. In particular, in Figs. 8
and 9 it is possible to observe the boxplots of robustness score
for the segmentations with edge dilation from 1 to 5 pixels,
respectively for MRI and CT. In Figs. 10 and 11, however,
the boxplots of robustness score for the segmentations with
edge erosion from 1 to 5 pixels are shown. For both erosion
and dilation, considering that a robustness score closer to 1
indicates greater robustness of the feature classes, it is possi-
ble to observe that the robustness decreases as the degree of
increase of the morphological operation increases. This is an
expected result because greater alterations of the ROI deter-
mine a higher variability in the extracted radiomic features.
However, it is interesting to note how erosion is more affected
by this phenomenon. Observing Figs. 10 and 11, for an alter-
ation of 5 pixels, the robustness score drops much more than
the analog in Figs. 8 and 9. Trend lines, shown in Fig. 12,
have also been graphed to show the trend of the robustness
score as the degree of variation in pixels in erosion/dilation
varies. In these plots, a more robust feature class would show
a flatter trend line, indicating that its robustness score is less
affected by changes in ROI.

As can be seen from the boxplots and trend plots, the first-
order features and the GLCM features remain more robust
for all dilation amplitudes, with greater robustness for small
variations. In the case of erosion, however, we can observe
greater robustness in the case of first-order, NGDTM and
GLCM features. By combining the robustness analysis in
the feature importance analysis as described in Section 2.6,
we obtain new weighted feature importance scores of which
the best 50 are shown in the barplots in Fig. 13.

By retraining the ML algorithms with these new more
important and robust features, we obtain the metrics summa-
rized in the Tables 7 and 8. As expected, the tables show lower
results than previous performances, in which the importance
of features was evaluated solely on the basis of meticulously
executed segmentation data. However, moving away from an
ideal situation and considering the great variability of results
during the segmentation process, having more generalizable
and more robust features becomes crucial, despite lower but
still optimal results.

4 Discussion

The present work shows a classification of knees with
cartilage degradation compared to a control group, using

Table 5 Compared Performances among models in MRI radiomics data with 50 features

Model Accuracy (%) Specificity (%) Precision (%) Recall (%) Fl-score (%)

Random Forest 88.36 (+5.79) 85.37 (£6.85) 89.16 (£5.71) 88.36 (£5.79) 87.90 (£6.10)
SVM Linear 95.61 (+4.28) 94.68 (£5.09) 95.80 (+4.20) 95.61 (+4.28) 95.54 (+4.35)
Logistic Regression 99.26 (+1.48) 99.00 (+2.00) 99.30 (4-1.40) 99.26 (+1.48) 99.25 (+1.50)
Gradient Boosting 86.14 (£5.91) 84.07 (£6.25) 86.28 (£5.97) 86.14 (£5.91) 85.89 (£6.03)
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Table 6 Compared Performances among models in CT radiomics data with 50 features

Model Accuracy (%) Specificity (%)

Precision (%) Recall (%) F1-score (%)

Random Forest 83.22 (£7.27) 81.96 (£7.97)

SVM Linear 96.24 (+3.38) 95.36 (+4.27)
Logistic Regression 95.50 (43.68) 94.69 (+4.40)
Gradient Boosting 85.56 (£3.06) 85.63 (£4.79)

84.38 (£6.09) 83.22 (£7.27) 83.03 (£7.33)

96.44 (£3.22) 96.24 (+£3.38) 96.19 (£3.42)
95.65 (£3.57) 95.50 (£3.68) 95.46 (£3.71)
88.02 (£3.15) 85.56 (£3.06) 85.39 (£3.30)

radiomics features and ML algorithms with a multimodal
approach. In the first instance, a classic ML approach was
followed, paying attention to an accurate subdivision of the
dataset for training and an accurate selection of features.
Analyzing medical imaging data, we find a striking pattern:
about half of patients have images for both their right and
left knees. Despite the natural differences between these two
joints, there is remarkable symmetry in their anatomy and
bone structures, leading to parallel formations in the car-
tilage. This symmetry becomes even more pronounced in
patients suffering from degenerative conditions, where sim-
ilar patterns of cartilage degradation are observable in both
knees. While this is not a universal trend across all sam-
ples, it has critical implications for the ML application in
medical imaging. The main challenge is avoiding overfitting,
which occurs when a model, after being trained on a specific
dataset, becomes over-adapted to its peculiarities, thus los-
ing its predictive power on new and invisible data. In this
work, a great effort was made to make the model as reliable
and generalizable as possible. There is a risk that the model
inadvertently learns to recognize knee-specific images, par-
ticularly if images of both knees from the same patient are
included in separate training and testing subsets. To miti-
gate this problem, a refined approach to data preparation is
essential, so knees from the same patient were grouped in the
same fold of the dataset. This method ensures that the model’s
learning process remains uncontaminated by patient-specific
traits, without bias. The correlation between the features was
then evaluated and a feature importance analysis was sub-
sequently carried out to select the non-redundant and most
predictive features for the ML models.

The predominance of texture features derived from the
wavelet transform may reflect their ability to describe the
complexity of cartilage tissue at different scales of analysis,
which is essential for identifying subtle but clinically rele-
vant patterns. Furthermore, the importance of shape-related
features highlights how the shape and geometric structure
of cartilage may play a critical role in the assessment of
joint health. Features related to wavelet texture matrices
capture information regarding the variation of pixel inten-
sity levels across different scales and orientations. This can
be clinically interpreted as a measure of the heterogeneity
of cartilage composition and internal structure, potentially
reflecting microscopic changes due to pathological processes

@ Springer

such as osteoarthritis. The presence of particular texture pat-
terns may indicate changes in cartilage composition that
precede visible morphological changes. Whereas, shape fea-
tures are representative of cartilage geometry and size. These
may reflect structural changes in cartilage, such as thicken-
ing, deformation or volume reduction, which are hallmarks
of degenerative disease or injury. It is known that OA carti-
lages present changes in composition due to increased water
content and reduction in collagen and proteoglycan network
(Cooke et al., 2018; Danalache et al., 2019; Saarakkala et al.,
2010; Wuetal., 2019). This would explain both the structural
changes and the texture differences in our cohort. Cartilage
thickness tends to decrease in OA subjects (Aubonnet et al.,
2023; Kubakaddi et al., 2013). In clinical terms, the impor-
tance of these features supports the idea that radiomics may
serve as a powerful non-invasive tool for early detection of
joint disease and monitoring disease progression. In particu-
lar, greater variability in texture features might be associated
with early stages of cartilage damage, while significant alter-
ations in shape features might indicate a more advanced
condition. However, to further improve the generalizability of
the models, a robustness analysis was introduced, following
the statistical approach proposed by Ponsiglione et al. (2023)
and developing an innovative method to take into account the
robustness of features in the features selection process.

The objective of the robustness analysis is to enhance
the reliability of radiomic features by assessing their stabil-
ity against segmentation variations in MRI and CT images.
Indeed, segmentation is affected by observer variability:
individual observers (either within the same observer over
time - intra-observer, or between different observers - inter-
observer) may interpret and delineate structures in medical
images in different ways. Assessing robustness against such
variability is critical to ensuring the reliability of radiomet-
ric features in clinical applications. This was achieved by
evaluating how changes in segmentation, induced by mor-
phological operations such as dilation and erosion, affect the
stability of radiomic features. Robustness scores were calcu-
lated using statistical tests and integrated into the feature
importance calculation for machine learning models. The
findings reveal that first-order and GLCM features are the
most robust, whereas shape features are highly sensitive to
segmentation changes. Ideally, robustness is indicated by a
p-value greater than 0.5 across all morphological changes
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Fig. 12 Robustness score boxplots and trendlines for erosion of different pixel sizes on CT features

(from 1 to 5 pixels). Figures 8 and 10 illustrate this trend for
GLCM and first-order features under both erosion and dila-
tion on MRI. Figures 9 and 11 show the same positive trend
for first-order, NGTDM and GLDM features on CT. Other
features exhibit a different trend, with p-values decreasing to
0 as the dilation/erosion pixels increase.

More specifically, all feature classes show a downward
trend, indicating a decrease in robustness scores as the degree
of morphological operation increases. This is expected since
more extensive morphological alterations can lead to greater
changes in the features extracted from the altered ROIs. Ini-
tial robustness scores to 1-pixel change provide information
on the intrinsic stability of each feature class to slight mor-
phological changes.

Based on the trend plots and the previous discussed box-
plots, the first-order and GLCM feature classes appear to be
the most robust in the analysis of dilation and erosion. This
would indicate that these classes maintain their feature values
more consistently despite morphological changes applied to
the images. First-order features, which describe the distri-
bution of individual pixel values without considering spatial
relationships (such as energy, entropy, or average pixel inten-
sity), may be inherently less sensitive to minor changes in
ROI delineations because they capture the global statistics of
the ROI rather than local models. This may explain why they
appear to remain more stable across different levels of mor-
phological operations. GLCM features, on the other hand, are

based on the frequency of pixel values occurring at a certain
distance and orientation within the image, which describes
the texture, this suggests that the structural information they
encapsulate is preserved even when the ROI is modified.
This could mean that the texture patterns are sufficiently dis-
tinct and not easily disrupted by ROI dilation. In particular,
a strong difference can be observed between the robustness
scores of dilation and erosion; in fact, features remain more
robust for dilation. In general, this is easily explained by
the fact that, compared to dilation, in erosion, information
is removed by reducing the region of interest. In particular,
with very high erosion (3 to 5 pixels), as shown in Fig. 3,
the features change significantly, affecting the results of the
analysis. These features are likely to provide reliable and
consistent information for the diagnosis of conditions such
as osteoarthritis in CT and MRI scans, despite variations in
image segmentation. From the boxplots in Figs. 8, 10, 9, and
11, it appears that first-order features are generally the most
robust against segmentation variations. This robustness sug-
gests that pixel intensity values within the ROI are reliable
despite small changes in segmentation, while texture features
are more sensitive to changes in segmentation. Interestingly,
some texture features, such as GLCM and NGDTM, hold up
better than others, such as GLRLM and GLSZM, when these
small changes occur. In contrast, shape features are much
more sensitive to segmentation, meaning that inaccurate seg-
mentation could significantly affect the results. As expansion
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Fig. 13 Barplots of the 50 most important robust features for the best models
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Table 7 Compared Performances among models in MRI radiomics data with 50 most important robust features

Model Accuracy (%) Specificity (%) Precision (%) Recall (%) Fl-score (%)
Random Forest 78.96 (£6.8) 75.58 (£5.9) 79.63 (+£6.4) 78.96 (£5.3) 78.53 (£6.1)
SVM Linear 85.55 (£5.3) 84.42 (+4.1) 83.74 (£6.1) 85.55 (+£4.0) 85.49 (+4.2)
Logistic Regression 88.68 (+£1.48) 88.10 (£2.00) 88.74 (+5.3) 88.68 (+4.5) 87.66 (+3.3)
Gradient Boosting 72.61 (£4.9) 70.86 (£5.1) 72.72 (£6.1) 72.61 (£5.8) 72.39 (£6.2)

and erosion increase from 1 to 5 pixels, the variance of robust-
ness of almost all features increases. This indicates higher
sensitivity and potentially lower reliability under conditions
of more significant variation in ROIs.

Given the proposed multimodal approach, particular con-
siderations can also be made on the differences between the
classification on MRI and CT images. For a purely visual
evaluation by a clinician, diagnoses based on CT only con-
sider space between joints and bony structures, but it does not
allow clear visualization of the cartilaginous structure. From
our study, however, it emerges that with radiomic techniques
the classification of degenerated knees is not only possible
but also very efficient from CT, almost comparable to the
results obtained with radiomic features extracted from MRI.
This gives space to new perspectives.

Comparison of our results with the existing literature is
challenging for several reasons. As previously underlined,
existing studies on using radiomics to predict knee degen-
eration are limited. Among them, most of the studies either
focused on different ROIs compared to ours or only consid-
ered MRI data. Xie et al. (2021) proposed a methodology
that used combined radiomics models for the cartilage and
subchondral bone regions across various knee compartments
(lateral femur, lateral tibia, medial femur, and medial tibia) on
T2 mapping images. Their approach demonstrated excellent
performance in distinguishing post-traumatic OA patients
from healthy controls. However, this study focused exclu-
sively on patients predisposed to post-traumatic OA after
anterior cruciate ligament reconstruction, whereas our cohort
does not specifically include or differentiate subjects based
on post-traumatic OA status. In Xue et al. (2022) the authors
aimed to develop an MRI-based radiomics predictive model
for identifying knee OA by analyzing the tibial and femoral
subchondral bone. Radiomic features were extracted from

different regions of the lateral and medial compartments of
the femur condyle and tibial plateau. The model reached an
area under the curve (AUC) score of 0.961. In Hirvasniemi
et al. (2021) the authors assessed tibiofemoral OA extract-
ing MRI-based radiomic features (in particular, shape and
texture features) from proximal tibia ROI, reaching an AUC
score of 0.80. Cui et al. (2023) extracted radiomic features
from knee cartilage portion manually segmented on MRIL
The considered ROI were the medial and lateral compart-
ments of the tibiofemoral joints and the patellofemoral joints.
The accuracy of ML model on the training set reached 94%
of accuracy.

In contrast to these studies, our innovative approach incor-
porates segmented knee cartilage on both CT and MRI,
achieving high results, particularly on MRI features. The pre-
cise segmentation process on MRI and subsequent accurate
registration on CT resulted in a unique multimodal dataset.
This approach facilitates new comparisons and represents a
significant advance in the field. It is the first study available
to extract radiomic features of cartilage from CT and the first
to compare the two imaging modalities for predicting knee
OA after a precise segmentation process. This paves the way
for future research in the field of radiomics, exploring the
combined use of features extracted from CT and MRI.

4.1 Limitations

Some limitations should be acknowledged. Firstly, the imbal-
ance between the classes C and D within the dataset may
have influenced the performance of the machine learning
algorithms. Class imbalance can lead to biased model train-
ing, where the classifier tends to favor the majority class (in
this case, the healthy class), potentially resulting in reduced
sensitivity to detect the minority class (patients with knee

Table 8 Compared Performances among models in CT radiomics data with 50 most important robust features

Model Accuracy (%) Specificity (%) Precision (%) Recall (%) Fl-score (%)
Random Forest 74.95 (£6.5) 73.76 (£6.8) 76.05 (£7.2) 74.95 (£6.2) 74.80 (£7.4)
SVM Linear 88.02 (+3.38) 88.28 (+4.27) 88.21 (+3.9) 88.02 (+4.3) 87.98 (+4.2)
Logistic Regression 87.34 (£5.6) 87.59 (£5.3) 87.48 (+4.6) 87.33 (£4.3) 86.30 (£4.1)
Gradient Boosting 74.14 (£5.7) 74.21 (£6.9) 76.42 (£5.3) 75.14 (£6.2) 78.99 (£7.1)

@ Springer



Information Systems Frontiers

osteoarthritis). Strategies such as oversampling the minority
class or adjusting class weights during model training could
be explored to address this issue in future studies.

Secondly, the quality of the medical imaging data, partic-
ularly MRI and CT scans, is crucial for accurate radiomics
analysis. Variations in image resolution, noise levels, and
artifacts can impact the extraction and reliability of radiomic
features. Ensuring standardized imaging protocols and rig-
orous quality control measures during image acquisition can
help mitigate these challenges.

Furthermore, the study’s limited sample size and the
number of subjects pose potential limitations. With fewer
subjects, there is a risk of overfitting the machine learning
models to the specific characteristics of the dataset, which
may limit the generalizability of the findings to broader
patient populations. Increasing the sample size and subjects’
diversity could enhance future investigations’ robustness and
external validity.

Lastly, the segmentation and registration processes are
performed manually, which is time-consuming. Although
manual segmentation offers advantages, particularly given
the non-homogeneous shapes and varying morphology of
osteoarthritic cartilage across patients, developing an auto-
mated process that equals the accuracy of manual seg-
mentation is essential, albeit challenging. Optimizing and
accelerating these initial steps are crucial for providing
quicker and more accessible results for patients undergoing
knee scans. Such advancements will enhance the efficiency
of early diagnosis and improve patient outcomes.

5 Conclusion

This study presents a novel approach by integrating CT
and MRI data and applying radiomics, a relatively unex-
plored technique in the literature on cartilage evaluation. The
demonstration of consistent results between the two imag-
ing modalities underscores the efficacy and potential of this
new methodology in the evaluation of cartilage degenera-
tion, contributing to the early diagnosis of the disease. In
addition, the robustness analysis applied in our study pro-
vides further validation of the reliability and consistency
of our results. The generalization of the results gives room
for new perspectives in diagnosis. This work represents a
significant step forward in the use of radiomics for carti-
lage assessment, demonstrating that it is a promising tool
in clinical practice, in line with the goal of the European
SINPAIN project (https://www.osteoarthritis-sinpain.eu/),
which aims to develop new therapies for the treatment of knee
OA.
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