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ABSTRACT

Background: Age-related changes in muscle and bone can adversely
affect musculoskeletal health. Current techniques often fail to capture
subtle age-related changes in bone micro-architecture and muscle tis-
sue. Magnetic resonance imaging (MRI) is a robust tool for analyz-
ing age-related bone deterioration, while radiomics effectively captures
subtle changes in muscle tissue by extracting intricate features.

Purpose: This study investigates the relationship between radiomic
features from calf muscles and tibial cortical bone free water T} with
age.

Materials and Methods: A cross-sectional MRI study was conducted
with 34 healthy volunteers aged 30 to 62 years. Calf muscles were
manually segmented under expert radiologist supervision, and 108
radiomics features were extracted from anterior, posterior, and lat-
eral muscle groups using LIFEx software. Cortical bone free water
T, a surrogate measure of cortical porosity and age-related deteri-
oration, was quantified. The Spearman coeflicient test was used to
analyze correlations between cortical bone, radiomic features, and
age.

Results: Significant correlations were observed between radiomic fea-
tures of leg muscles and both age and cortical bone free water T val-
ues. Age-related variations were particularly evident in texture-based

features, including the histogram, Neighborhood Gray-Level Differ-
ent Matrix, Gray Level Run Length Matrix, Gray Level Co-occurrence
Matrix, and Intensity (» > 0.4, p < 0.01).

Conclusion: This study demonstrates the utility of MR-based ra-
diomics for capturing age-related changes in cortical bone and sur-
rounding muscle groups in the lower extremities among healthy adults.
The findings underscore the potential of radiomics to monitor early
musculoskeletal changes associated with aging, with implications for
risk stratification and preventative care.

RESUME

Contexte: Les modifications liées 2 'age des muscles et des os peuvent
altérer la santé musculosquelettique. Les techniques actuelles ne parvi-
ennent souvent pas a détecter les changements subtils liés 4 'age dans
la micro-architecture osseuse et les tissus musculaires. L’'imagerie par
résonance magnétique (IRM) constitue un outil robuste pour I'analyse
de la détérioration osseuse liée 4 I'age, tandis que la radiomique per-
met de capturer des variations fines du tissu musculaire en extrayant
des caractéristiques complexes.

Objectif: Cette étude vise a évaluer la relation entre les caractéris-
tiques radiomiques des muscles du mollet et le T1 de I'eau libre de 'os
cortical tibial en fonction de I'age.
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Matériels et méthodes: Une étude IRM transversale a été réalisée chez
34 volontaires sains 4gés de 30 2 62 ans. Les muscles du mollet ont été
segmentés manuellement sous la supervision d’un radiologue expert,
et 108 caractéristiques radiomiques ont été extraites des groupes mus-
culaires antérieur, postérieur et latéral 2 'aide du logiciel LIFEx. Le T'1
de I'eau libre de l'os cortical, considéré comme un marqueur indirect
de la porosité corticale et de la détérioration liée 2 I'age, a été quantifié.
Le coefficient de corrélation de Spearman a été utilisé pour analyser les
relations entre I'os cortical, les caractéristiques radiomiques et I'Age.

Résultats: Des corrélations significatives ont été observées entre les
caractéristiques radiomiques des muscles de la jambe, I'age et les
valeurs de T1 de I'eau libre de 'os cortical. Les variations liées 4 I'4ge
éraient particulierement marquées pour les caractéristiques de texture,
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notamment ['histogramme, la matrice de différences de niveaux de
gris de voisinage, la matrice de longueur de parcours des niveaux de
gris, la matrice de cooccurrence des niveaux de gris et les parameétres
d’intensité (r > 0.4; p < 0,01).

Conclusion: Cette étude démontre I'intérét de la radiomique basée
sur 'TRM pour la détection des changements liés a I'age de I'os corti-
cal et des groupes musculaires adjacents des membres inférieurs chez
des adultes en bonne santé. Ces résultats soulignent le potentiel de la
radiomique pour le suivi précoce des modifications musculosquelet-
tiques associées au vieillissement, avec des implications pour la strati-
fication du risque et la prévention.

Mots-clés: imagerie musculosquelettique, radiomique, IRM quanti-
tative, vieillissement, os cortical, eau libre.

Introduction

The aging demographic confronts substantial health challenges,
notably osteoporosis and sarcopenia, characterized by the pro-
gressive decline of bone and muscle mass, respectively [1-5].
Recent research highlights the influence of common chemical
and mechanical communication mechanisms on aging-related
bone and muscle decline [6].

Skeletal muscle undergoes notable structural and functional
decline with aging, becoming smaller, weaker, and slower over
time [7-9]. On average, adults experience a 3—5 % reduction
in muscle mass per decade after the age of 30, culminating in
a 10-24 % loss by ages 65-70, and up to 30-50 % by age 80
and beyond [2,10-12]. Parallel to muscular changes, aging is
associated with increased cortical bone porosity and decreased
cortical thickness, leading to compromised bone strength and
greater susceptibility to fractures [13,14].

The lower extremity is a crucial anatomical region for as-
sessing bone porosity and muscle characteristics. It features
bones with thick cortical bone and substantial muscle mass,
such as the soleus and gastrocnemius, which are particularly
susceptible to various pathological conditions and aging-related
changes [1,3]. Given the interplay between muscle and bone
tissue, examining the characteristics of bones and adjacent mus-
cle groups in the lower leg presents new insights into the in-
tricate relationship between muscle and bone throughout the
aging process. However, existing studies have largely examined
bone and muscle independently, limiting our understanding of
their integrated aging trajectories.

Regarding investigation of bone health, most studies have
focused on bone mass. Specifically, bone health assessments
have traditionally relied on measurements of bone mineral den-
sity (BMD), measured by dual-energy x-ray absorptiometry
(DEXA). However, a significant proportion of non-vertebral
fractures in adults over 55 occur in individuals who do not meet
the diagnostic criteria for osteoporosis based on BMD alone
[15]. This highlights the importance of considering additional

factors beyond BMD in determining bone quality and strength.
Cortical microarchitecture, particularly porosity, plays a crucial
role in overall bone health, but has not been thoroughly inves-
tigated due to the lack of a clinically available technique for its
evaluation [16].

Since magnetic resonance imaging (MRI) is sensitive to pro-
tons existing in the microenvironment of the tissues, it is a good
candidate for studying bone beyond its mass [17]. The porous
media in cortical bone are filled with fluids, primarily water.
Therefore, cortical bone free water, measurable by MRI, has
been suggested as a surrogate measure of porosity [18]. Akbari
et al. proposed a clinically compatible MR-based technique to
measure cortical bone free water longitudinal relaxation time
(T1) and demonstrated its potential for predicting the age-
related deterioration of bone [1]. It was also shown that cortical
bone mechanical competence can be accessed through corti-
cal bone free water relaxometry [19]. Based on this evidence,
in this study, we selected MRI over X-Ray-based modalities to
leverage its ability to provide more comprehensive information
about bone microstructure.

In contrast, assessments of muscle aging have primarily fo-
cused on the impact of aging on type II muscle fibers [20], with
relatively limited investigation into changes in type I muscle
fibers. While conventional muscle MRI provides valuable in-
formation on muscle size, volume, fat infiltration, and edema
[21,22], many age-related changes at the muscular structure
level remain imperceptible, even to experienced radiologists to
detect from the acquired MR images. Radiomics offers a solu-
tion to this challenge by enabling the extraction of intricate and
high-dimensional, quantitative features from medical images
that are imperceptible by well-trained eyes [23]. These features
reflect tissue heterogeneity and sub-visual characteristics. Ra-
diomics uses advanced mathematical modeling to extract quan-
titative measures from the invisible tissue infrastructural com-
ponents of the image so to mitigate the subjective nature of
image interpretation [24,25].
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Despite the increasing recognition of muscle-bone interac-
tions, few studies have examined the relationship between mus-
cle radiomic features and bone microarchitecture in the context
of aging. To address this gap, we conducted a cross-sectional
study in healthy volunteers aged 30 to 62 years, integrating
quantitative MRI measurements of tibial cortical bone free wa-
ter with radiomic features extracted from adjacent calf muscle
groups. This approach aims to advance our understanding of
musculoskeletal aging by simultaneously characterizing muscle
and bone changes within the same anatomical region.

Materials and methods
Participants

A total of 34 healthy volunteers (15 males and 19 females),
aged between 30 and 62 years, were recruited for this study
and underwent MRI examinations conducted between 2008

Table 1

and 2019. This age range was selected to capture early and
mid-life musculoskeletal aging, during which microstructural
changes in muscle and cortical bone begin to develop but often
remain clinically silent. Individuals older than 62 years were
not included to minimize confounding effects related to age-
associated comorbidities, advanced sarcopenia, osteoporosis, or
degenerative conditions that may obscure subtle age-dependent
imaging biomarkers. Individuals with medical histories indi-
cating musculoskeletal disorders, prior surgeries, or treatments
known to affect bone or muscle health, such as glucocorticoid
therapy or antiepileptic medication, were excluded from partic-
ipation [26]. The local Ethics Committee approved the study
protocol, and all participants provided informed consent. De-
tailed demographic characteristics of the study cohort are pre-
sented in Table 1.

Fig. 1 provides a schematic overview of the radiomics work-
flow employed in this study. The diagram outlines the sequen-
tial steps beginning with MRI image acquisition, followed by

Demographic characteristics of study participants. Age, weight, height, and body mass index (BMI) are presented as mean = standard deviation (SD).

Participants Age (yr)

Weight (Kg)

Height (cm) BMI (Kg/mz)

Healthy Volunteers 44.20 +7.96

75.08 + 12.45

1.68 £0.09 26.27 £2.71

Image Acquisition
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Fig. 1. Overview of the radiomics workflow used in this study. The pipeline includes MRI image acquisition, preprocessing, manual segmentation of calf muscle
groups, feature extraction using LIFEx software, and subsequent statistical analysis to investigate correlations between muscle radiomic features, cortical bone free

water T1, and age.
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preprocessing, manual segmentation of bone and muscle re-
gions, and the extraction of quantitative features using LIFEx
software [27]. The workflow proceeds through statistical anal-
ysis and correlation assessment to identify age-related radiomic
and cortical bone changes. Each component of the pipeline is
elaborated upon in the subsequent sections of the manuscript.

Image acquisition

MR imaging was conducted using a 1.5T MR scanner
(Siemens, Magnetom Avanto) equipped with an eight-channel
knee coil for signal reception. The imaging site on the lower
extremity was precisely chosen to correspond to 38 % of the
tibial length, measured proximally from the medial malleo-
lus, a location known to correspond with maximal cortical
thickness. Two distinct series of images were acquired using
identical imaging parameters, differing only in repetition
time (TR): 20 s for the first series, and 60 s for the sec-
ond. These TR values were selected based on prior studies
demonstrating improved tissue contrast and sensitivity to
age-related variations in cortical bone and muscle. The shorter
TR (20 ms) enables rapid acquisition, while the longer TR
(60 ms) enhances sensitivity to subtle cortical bone relax-
ation differences. Together, this dual-TR protocol improves
sensitivity to cortical bone free-water-related T1 differences
while maintaining clinically feasible scan times and has been
validated for assessing age-related bone changes [1-5]. Both
series utilized a 3D gradient-echo fast low angle shot (FLASH)
sequence with a short time of echo (STE). Imaging parameters
were as follows: TR;/TR,/TE =20/60/1.29 ms, field-of-view
(FOV) =267 x 267 mm’, spatial resolution=0.8 x 0.8
mm?, slice thickness = 5 mm, flip angle =20°, readout band-
width =781 Hz/Pix, number of slices=10. The total scan
duration was approximately 20 min . This imaging protocol
has been previously validated and described in detail in the
literature [10].

Cortical bone segmentation

Cortical bone segmentation was performed on T; images,
focusing on the central five slices for each of the 34 participants.
Manual delineation of cortical bone pixels was conducted using
polygonal regions of interest (ROIs) drawn in Image] software
(version 1.52v; National Institutes of Health, USA), under the
supervision of an experienced bone imaging researcher, as illus-
trated in Fig. 2. To reduce segmentation variability and mitigate
misclassification of cortical bone pixels as marrow or connective
tissue, the segmentation procedure was repeated three times.
The resulting delineations were used to calculate the mean sig-
nal intensity across all identified cortical bone regions and re-
ported as the singular mean signal intensity, representing the
entire cortical bone tissue within each slice.

Free water T; quantification

Free water T values were computed through a multi-step
process. Initially, the mean signal intensity of the segmented

Fig. 2. Manual segmentation of tibial cortical bone on short echo time mag-
netic resonance (STE-MR) images using Image] (v1.52v) software.

cortical bone from the long repetition time (TR;) image was
divided by that from the short repetition time (TR;) image.
Subsequently, the cortical bone free water T value for each slice
was calculated by solving Eq. (1) [1].

_ See1

1 —exp (—TTIf‘) 1 —exp (—%)

- Sar 1 —f,exp (—%) 1—1fz exp(—&>

1

This procedure was repeated across all segmented slices for
each participant to derive slice-specific T values. Finally, the T4
values obtained from all slices were averaged to determine the
subject-specific cortical bone free water longitudinal relaxation
time.

In Eq. (1), f, represents a function of the ratio v/ 7,*, where
7 represents the pulse duration and 7, is the transverse relax-
ation time of cortical bone. This function serves as a correction
factor that accounts for relaxation losses occurring during the
radiofrequency (RF) excitation period. A 7;* value of 2.81 ms
for cortical bone free water was adopted, consistent with the
previous study [10].

Muscles segmentation

ROIs were manually delineated using the Local Image Fea-
ture Extraction (LIFEx) software, version 7.2.0 [27]. In consul-
tations with an experienced anatomist, a standardized approach
to manual segmentation was implemented. The ROIs encom-
passed three anatomical compartments of the calf, as depicted
in Fig. 3:

I. Anterior compartment: Comprised of the tibialis anterior,
extensor hallucis longus, extensor digitorum longus, and
fibularis tertius muscles (shown in yellow).

II. Posterior compartment: Included the gastrocnemius,
soleus, plantaris, popliteus, flexor digitorum longus,
flexor hallucis longus, and tibialis posterior muscles
(shown in purple).
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Fig. 3. Magnetic resonance imaging (MRI) scan of the distal tibia at 38 % of
the tibial length, illustrating the posterior, lateral, and anterior compartments
of the calf muscle, along with the water phantom for reference. The regions are
color-coded in purple, blue, yellow, and red, respectively.

III. Lateral compartment: Consisted of the fibularis longus
and brevis muscles (shown in blue).

Fig. 3 also displays the water phantom (red) used as a refer-
ence in the imaging setup.

This rigorous methodology ensured precise representation
and analysis of the distinct muscle compartments within the
calf. For each participant, five central slices were selected from
a set of ten. To ensure uniformity in analysis, the ROI for each
subject comprised the largest area covering leg muscles while
excluding subcutaneous fat. This selection criterion effectively
eliminated peripheral regions, thereby minimizing texture vari-
ability arising from partial volume effects or voxel contamina-
tion from adjacent tissues. The ROI size varied between 540
and 33,400 voxels, reflecting differences in compartmental vol-
ume. The averaging process was then systematically applied to
these five slices, yielding a unified and precise representation
of calf muscle segmentation. To enhance reliability, the manual
segmentation procedure was performed in triplicate, and the
resulting segmentations were averaged for final analysis. This
approach was used to reduce intra-observer variability and to
improve both accuracy and reproducibility in the quantifica-
tion of muscle characteristics.

Radiomic features extraction

Following the segmentation step, texture analysis was per-
formed on the T;-weighted images using the LIFEx software
(version 7.2.0) [27]. Prior to the feature extraction, three pre-
processing steps were applied through the Global (ROI) menu
of LIFEx: spatial resampling along the two Cartesian axes (spac-

ing X= 1 mm, spacing Y= 1 mm), intensity discretization with
a bin size of 128, and relative intensity rescaling within speci-
fied minimum and maximum bounds. Radiomic features were
subsequently extracted from the three delineated calf muscle
compartments, including:

1. First-order features:

» Morphological features (z = 15): These features char-

acterize the geometry and shape of the ROI, includ-
ing metrics such as volume, surface area, compactness,
sphericity, and elongation [28,29]. These features offer
valuable insights into the structural characteristics of tis-
sue and are helpful in detecting abnormalities within the
images.

Intensity histogram features (z = 30): These intensity-

based statistical features, including mean, standard de-
viation, skewness, kurtosis, entropy, percentiles, and en-
ergy, are derived from the histogram of pixel intensities
within the ROI. They provide comprehensive informa-
tion about the overall intensity distribution, facilitat-
ing characterization of tissue properties and detection
of subtle changes in the images.

Intensity-based statistics features (7 = 23): These fea-

tures are derived directly from the raw intensity values
of the voxels within the ROI, rather than from the his-
togram. They include metrics such as mean, standard
deviation, coefficient of variation, range, interquartile
range, robust mean intensity, and median intensity.
These features are computed using advanced mathemat-
ical formulations and provide detailed quantitative in-
formation about the distribution and variability of sig-
nal intensity within the tissue.

2. Second-order features:

o Gray-Level Co-Occurrence Matrix (GLCM) features
(n=24): These features are derived from a co-

occurrence matrix that quantifies the spatial rela-
tionships between neighboring voxels based on the
frequency of specific gray-level pairings within the
ROI. From this matrix, a range of texture descriptors,
such as contrast, energy, homogeneity, entropy, and
correlation, are computed. GLCM features effectively
capture complex textural patterns and are particularly
valuable for analyzing tissue heterogeneity in MR
images [25,30,31].

Gray Level Run Length Matrix (GLRLM) features

(n = 11): These features are derived from a run-length
matrix that captures the length and distribution of

homogeneous runs, defined as consecutive voxels with
the same gray-level intensity, within the ROI. From
this matrix, 11 texture metrics are calculated, such as
short run emphasis, run length non-uniformity, run
entropy, and low gray-level run emphasis. GLRLM
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features provide valuable information about tissue
heterogeneity and the spatial organization of intensity
variations within the selected ROI [25,30,31].

Neighboring Gray Tone Difference Matrix NGLDM)
features (n = 5): NGTDM features are calculated by
comparing the gray-level intensity of a central voxel
with the average intensity of its neighboring voxels

within a predefined window. This process yields a
matrix from which five key texture features are ex-
tracted: coarseness, contrast, busyness, complexity,
and strength. These features are particularly useful
for characterizing local texture properties, offering
sensitive measures of microstructural variation and
heterogeneity within the tissue [25,30,31].

A total of 108 quantitative radiomic features were extracted
from each segmented compartment. The complete list of ex-
tracted features is provided in Supplementary Table S1

In this study, the term “radiomic features” refers to the full
set of quantitative features extracted from medical images, while
“texture features” specifically denote the texture-based radiomic

descriptors derived from the GLCM, GLRLM, and NGTDM.

Radiomic features reproducibility

A water phantom was positioned adjacent to the patient’s
leg (Fig. 3, as seen in red color) to evaluate the reproducibil-
ity of the radiomics features, focusing on the segmented area
of the phantom. Features were extracted from this region in
two separate instances. By maintaining consistent positioning
of the phantom across all participants, the extracted radiomics
features were employed to evaluate reproducibility within the
scope of the study objectives.

Statistical analyses

Data analysis was conducted using the Statistical Package for
the Social Sciences (SPSS) software (version 26) and R software
(R Development Team, 2018). The Spearman rank correlation
coefficient was used to evaluate the correlation between cortical
bone free water T and the radiomics features of calf muscles,
as well as their correlation with age. The Spearman correlation
was chosen because the data did not meet the assumptions of
normality, as confirmed by the Shapiro-Wilk test. Since Spear-
man’s correlation is a non-parametric method, it is appropriate
for identifying monotonic relationships between variables with-
out requiring normally distributed data. To control for multiple
comparisons, the Benjamini-Hochberg procedure was applied,
with statistical significance set at p < 0.05.

Additionally, to assess the repeatability and robustness of ra-
diomic features, intra-class correlation coefficients (ICC) and
coeflicient of variation percentage (CV %) were calculated. ICC
values were interpreted according to commonly used criteria,
where values below 0.50 indicate poor reproducibility, 0.50—
0.75 moderate reproducibility, 0.75-0.90 good reproducibility,
and values greater than 0.90 excellent reproducibility.

Results

At baseline, significant associations were observed between
age and muscle texture parameters across the three calf com-
partments. Among the 108 radiomic features extracted from
the anterior, posterior, and lateral compartments, 21, 14, and
30 features, respectively, demonstrated statistically significant
correlations with age (Spearman’s » > 0.4, p < 0.05).

Fig. 4 illustrates texture features exhibiting moderate to
strong correlations (r > 0.5) with age. In the posterior com-
partment, consisting of the soleus and the gastrocnemius mus-
cles, several intensity-based and texture features showed signif-
icant positive correlations with age: Intensity-based Interquar-
tile Range (» = 0.504, p < 0.001; Fig. 4a), Intensity-based Ro-
bust Mean Absolute Deviation (r=0.502, p < 0.001; Fig. 4b),
GLCM Inverse Variance (r = 0.503, p < 0.001; Fig. 4c),
and GLRLM Short Runs Emphasis (» = 0.567, p < 0.001;
Fig. 4e). Conversely, the GLCM Correlation feature exhib-
ited a significant negative correlation with age (» = —0.653,
p < 0.001; Fig. 4d). Within the lateral muscle group, com-
prising the fibularis longus and brevis muscles, the GLRLM
Long Runs Emphasis (» = —0.532, p < 0.001; Fig. 4f) and
GLRLM Long Run Low Gray Level Emphasis (» = —0.586,
p < 0.000; Fig. 4¢) were significantly negatively correlated with
age.

An analysis of the relationship between muscle and bone re-
vealed modest but statistically significant correlations (Spear-
man’s » &~ 0.4, p < 0.05) between cortical bone free water T
values and radiomic features extracted from the anterior, poste-
rior, and lateral muscle compartments, comprising 24, 12, and
25 features, respectively.

Texture features with moderate to strong correlations
(r > 0.5), are shown in Fig. 5. In the posterior muscles, the
GLCM Correlation feature showed a strong negative correla-
tion with cortical bone free water Ty (r = —0.685, p < 0.001;
Fig. 5a), consistent with its significant correlation with age.
Within the lateral muscle group, the GLRLM Long Run Low
Gray Level Emphasis (»r = —0.542, p < 0.001; Fig. 5b) and
the GLRLM Long Runs Emphasis (r = —0.509, p < 0.001;
Fig. 5¢) were also significantly correlated with cortical bone free
water T7.

The ICC analysis demonstrated good to excellent re-
producibility across feature groups, with GLCM features
exhibiting an ICC of 83 % (good), GLRLM features 72 %
(moderate), and NGTDM features 89 %. In contrast,
intensity-based features showed a lower ICC of 24 % (poor).
Importantly, among the intensity-based features, four exhib-
ited significant correlations with both age and cortical bone
free water T1; their respective coeflicients of variation (CV %)
are presented in Table 2. The CV % values indicate excellent
repeatability, with the Interquartile Range feature showing no
variability (0 %), and the 90th Percentile and Mean Absolute
Deviation features exhibiting low variability at 1.92 %. The
Robust Mean Absolute Deviation displayed slightly higher vari-
ability at 3.14 %, yet remains within an accepTable range for

reproducibility.
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Fig. 4. Correlation of significant texture-based features in the leg muscle with Age. (a) INTENSITY-BASED_ Interquartile Range, (b) INTENSITY-BASED _Robust
Mean Absolute Deviation, (c) Gray level co-occurrence matrix (GLCM)_ Inverse Variance, (d) GLCM-correlation, (e¢) Gray Level Run Length Matrix (GLRLM)
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Discussion

Radiomics has demonstrated significant potential in various
medical domains, including oncology and neurology, due to
its ability to extract high-dimensional data from medical im-
ages and reveal previously unrecognized patterns [32-36]. In
musculoskeletal imaging, the integration of radiomic features
holds promise for advancing the early detection and monitor-

ing of age-related changes in muscle and bone tissue. This scudy
highlights the value of radiomics as a non-invasive, quantita-
tive tool that can provide deeper insights into musculoskeletal
health, offering a powerful complement to traditional imaging
techniques.

In this study, we examined the correlation between muscle
radiomic texture features extracted from T;-weighted MR im-
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Table 2
Coefficient of variation (CV %) for significant intensity-based radiomic fea-
tures, reflecting the variability of feature values across participants.

Intensity_based features CV (%)
Intensity-based_90th Percentile 1.92
Intensity-based_Interquartile Range 0
Intensity-based_Mean Absolute Deviation 1.92
Intensity-based Robust Mean Absolute Deviation 3.14

ages, cortical bone free water T4, and age in healthy adults aged
30-62 years. Radiomic features demonstrated distinct age- and
T1-dependent patterns, indicating high sensitivity to subtle,
age-related tissue alterations that are often undetecTable with
conventional imaging. Importantly, significant associations be-
tween muscle texture characteristics and cortical bone free wa-
ter T1 highlight the coupled ageing processes of muscle and
bone. These effects were consistently observed across the ante-
rior, posterior, and lateral compartments of the lower leg mus-
cle. Given the well-established biomechanical and biochemical
interplay between bone and muscle, alterations in bone struc-
ture and composition may reciprocally influence muscle tis-
sue, and vice versa [37,38]. In the present study, radiomic fea-
tures extracted from leg muscles exhibited significant correla-

tions with both chronological age and cortical bone free wa-
ter T, thereby supporting our primary objective of identifying
radiomics-based biomarkers for characterizing age-related mus-
culoskeletal changes.

The posterior muscle group, particularly the gastrocnemius
muscle, showed significant changes in radiomic features, con-
sistent with its known susceptibility to age-related myopathies
[39]. Notably, the GLCM Correlation feature demonstrated a
strong negative correlation with Ty (r= —0.658, p < 0.0001),
reflecting decreased gray-level correlation within muscle images
as T and age increase. This feature quantifies the probability
of pixel pairs with specific gray levels and the linear relationship
between their intensities [25,39]. Age-related muscle changes,
including atrophy, fiber remodeling, and increased fatty infil-
tration [1-3,5], are effectively captured by radiomic metrics
such as GLCM Correlation, which reflect spatial gray-level
gradients.

Considering the clinical complexity of measuring cortical
bone free water Ty via the STE protocol, variations in this ra-
diomic feature may offer a practical surrogate marker for as-
sessing bone-related alterations. The observed compartment-
specific radiomic alterations may be partially explained by the
functional roles of the involved muscle groups. The poste-
rior compartment, dominated by the soleus and gastrocnemius
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muscles, plays a critical role in postural control and locomotion.
The soleus muscle, which is predominantly composed of slow-
twitch (Type I) fibers, is continuously active during standing
and walking, whereas the gastrocnemius contains a higher pro-
portion of fast-twitch fibers and contributes to dynamic move-
ments. Age-related changes in neuromuscular activation, fiber
composition, and metabolic demand may therefore differen-
tially affect these muscles, leading to the distinct texture pat-
terns observed in radiomic analysis [5,40,41].

As outlined by Galloway [42], the GLRLM features offer
insights into the spatial distribution of consecutive pixels with
identical gray-level intensities, calculated across one or more di-
rections in two- or three-dimensional space. In our study, the
largest ROI corresponded to this compartment. Anatomically,
the soleus muscle, which dominates this ROI, is composed
predominantly of slow-twitch (Type I) muscle fibers, with an
average proportion of 80 % (range: 64-100 %), whereas the
gastrocnemius muscle comprises a lower proportion of slow-
twitch fibers (mean: 57 %, range: 34-82 %) [42]. Notably,
the gastrocnemius is a biarticular muscle composed of both
Type I and Type II fibers, rendering it more susceptible to de-
generation due to aging, neurogenic, and myogenic disorders
[43]. Therefore, the identification of radiomic features within
this compartment that are significantly correlated with age is
particularly valuable, as they may reflect underlying muscle
composition and microstructural vulnerability to age-related
decline.

In the lateral muscle group, two GLRLM features, Long
Runs Emphasis (r = —0.509, p < 0.001) and GLRLM Long
Run Low Gray Level Emphasis (r= —0.542, p < 0.001), exhib-
ited significant inverse correlations with cortical bone free water
T;. GLRLM Long Runs Emphasis quantifies the distribution
of long run lengths in an ROI, where higher values indicate
coarser textures characterized by extended sequences of identi-
cal gray levels. Conversely, GLRLM Long Run Low Gray Level
Emphasis captures the joint distribution of long run lengths
and lower gray-level intensities, offering additional insight into
the texture and uniformity of muscle tissue [25,39,42]. These
features are indicative of the spatial arrangement of consecu-
tive pixels with identical gray levels and provide insights into
the muscle’s structural changes. Overall, 9.25 % (10/108) and
8.33 % (8/108) of the extracted features exhibited direct or in-
direct correlations with age and T}, respectively. Notably, the
GLRLM feature group was the only class to show age-related
changes in the lateral compartment, suggesting reduced textu-
ral uniformity and increased heterogeneity with aging.

In the anterior muscle compartment, an intensity-based ra-
diomic feature demonstrated the most significant alterations
concerning increasing cortical bone free water Ty (» = 0.501,
p = 0.001), reflecting alterations in low gray-level intensities.
Additionally, the NGTDM Complexity feature exhibited no-
Table associations with both age and T, (r = 0.439, p = 0.009
for age; r = 0.444, p = 0.008 for T'), indicating increased gray
level heterogeneity and image non-uniformity. These texture
changes likely correspond to age-related intramuscular fat infil-
tration, consistent with prior studies [25,39,44]. Collectively,

these findings suggest that such radiomic features may serve as
potential biomarkers of muscle microstructural alterations ac-
companying cortical bone microarchitectural decline, as indi-
cated by free water T, during the aging process [1].

Among the 108 radiomic features extracted from the ante-
rior compartment, the most prominent associations were ob-
served within the Intensity-based and NGTDM categories. As
the aging progresses, an increase in the NGTDM Complexity
was noted, reflecting greater variability in gray-level intensities
and heightened image heterogeneity. This feature quantifies the
cumulative differences between a pixel’s gray level and the mean
gray level of its surrounding neighborhood pixels within a pre-
defined spatial distance [45]. Moreover, several radiomic fea-
tures from the NGTDM and Intensity-based classes that cor-
related significantly with age also exhibited correlations with
cortical bone free water Ty. Of particular note, the Intensity-
histogram feature “Minimum Histogram Gradient Gray Level”
showed a strong correlation with T; (= 0.501, p = 0.03), fur-
ther underscoring the interrelated changes in muscle and bone
microstructure with aging.

Age-related variations in MR image intensity were associated
with changes in muscle fiber composition, with two features
showing age-related trends. The Intensity-based Interquartile
Range (r=0.504, p < 0.001), reflecting the 25th and 75th per-
centiles of the image intensity distribution, indicates increased
heterogeneity in tissue signal [31,39]. Similarly, the Intensity-
based Robust Mean Absolute (» = 0.502, p < 0.001) measures
the average deviation of intensity values from the mean, offering
a robust estimate of dispersion [31,39]. Both features showed
elevated values in muscle tissue with aging, suggesting progres-
sive disruption of tissue uniformity and increased intramuscular
structural variability.

Our findings are consistent with those reported by Nodera
et al., [46] who demonstrated that texture analysis enables the
characterization of anatomical regions based on their texture
profiles, thereby providing insights into the underlying mi-
crostructural composition of medical images, including skele-
tal muscle. Their study highlighted the importance of incorpo-
rating age-related changes to improve the diagnostic utility of
texture-based metrics. By analyzing the medial gastrocnemius
muscle in a cohort of healthy individuals aged from their 20 s
to late 80 s, they evaluated 283 radiomic features across six cate-
gories. They reported that features from the histogram, GLCM,
and absolute gradient classes exhibited significant correlations
with age in 17-40 % of the parameters. In contrast, none of the
run-length matrix features showed significant age-related asso-
ciations [46]. In our study, however, we observed significant
alterations in GLRLM features, particularly in both the gas-
trocnemius and soleus muscles. Texture changes in the soleus
muscle may contribute to age-related radiomic alterations in
the posterior compartment.

Previous quantitative MRI studies have demonstrated that
aging is associated with increased intramuscular fat infiltra-
tion and prolonged T2 relaxation times, particularly in the calf
muscles. These changes reflect alterations in muscle compo-
sition and microstructure that precede overt muscle atrophy.
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The radiomic features identified in the present study, partic-
ularly those reflecting increased signal heterogeneity and al-
tered spatial texture patterns, are consistent with these reported
MRI-based biomarkers of muscle aging. Radiomics may there-
fore provide an indirect, yet sensitive, means of capturing age-
related muscle degeneration using standard T1-weighted imag-
ing, without the need for additional quantitative sequences
(4,37,47].

These radiomic features may support earlier identification
of sarcopenia and fracture risk by capturing subtle muscle and
bone microstructural changes that are often missed by conven-
tional assessments such as DEXA. Texture-based muscle MRI
metrics may be sensitive to early fat infiltration and muscle atro-
phy, while associations with cortical bone free-water T'1 may re-
flect early changes related to bone porosity and fracture risk. By
incorporating these radiomic features into routine clinical prac-
tice, healthcare providers could potentially identify individuals
at higher risk for musculoskeletal disorders earlier, facilitating
more timely interventions and preventive measures. Moreover,
these metrics could be used to monitor the effectiveness of in-
terventions designed to slow the progression of sarcopenia or
improve bone health, offering a more nuanced and individual-
ized approach to patient care.

Moreover, beyond their statistical associations, the observed
radiomic features may hold important translational value for
clinical musculoskeletal imaging. Several texture-based metrics
identified in this study reflect increased signal heterogeneity and
disrupted spatial organization within muscle tissue, changes
that are known to precede overt muscle atrophy and functional
decline. As such, these radiomic signatures may serve as early
imaging biomarkers of subclinical sarcopenia, potentially en-
abling risk stratification before measurable reductions in mus-
cle mass or strength occur. Furthermore, given the established
link between muscle deterioration, impaired mechanical load-
ing, and bone fragility, muscle-derived radiomic features may
provide indirect insight into fracture risk, particularly in indi-
viduals who do not meet osteoporosis thresholds based on bone
mineral density alone. When integrated into quantitative MRI
workflows, radiomic analysis could complement cortical bone
free water T1 measurements by offering a non-invasive and
spatially resolved assessment of muscle-bone interactions. This
integration could enhance musculoskeletal imaging by provid-
ing additional biomarkers that complement traditional imaging
techniques. Radiomic features can be automatically extracted
during MRI acquisition, making it feasible to incorporate them
into routine clinical practice with minimal additional effort.
The combination of these radiomic signatures with standard
MRI measures could improve early detection, risk stratifica-
tion, and personalized patient management, supporting early
preventive interventions aimed at preserving musculoskeletal
health.

Musculoskeletal changes associated with aging were de-
tecTable in individuals under 60 years of age. In this context,
the selected age range of the study population warrants further
clarification. The restriction of the study cohort to adults aged
30-62 years represents a deliberate focus on preclinical muscu-

loskeletal aging rather than advanced degeneration. While older
individuals may exhibit more pronounced structural changes,
such alterations are frequently influenced by disease-related
processes and functional decline. By targeting a younger-to-
middle-aged population, this study demonstrates that radiomic
muscle features and cortical bone free water T1 are sensi-
tive to age-related changes well before overt clinical mani-
festations, underscoring their potential role as early imaging
biomarkers.

The relationship observed between muscle radiomic features
and cortical bone free water T1 may be explained by both
mechanical and biochemical mechanisms governing muscle-
bone interactions. Skeletal muscle exerts mechanical loading on
bone, which is essential for maintaining bone microarchitecture
and strength. Age-related declines in muscle quality and func-
tion may therefore contribute to increased cortical porosity and
elevated free water content in bone. In addition to mechanical
factors, muscle and bone communicate through biochemical
signaling pathways involving myokines and osteokines, which
regulate tissue remodeling, metabolism, and inflammatory re-
sponses [5,7]. Dysregulation of these signaling mechanisms
with aging may simultaneously influence muscle microstruc-
ture and bone composition, providing a biological basis for
the coupled radiomic and T1 changes observed in this study
[4].

Several considerations should be taken into account when
interpreting the results of this study. The sample size and de-
mographic distribution reflect the scope of the current investi-
gation and may limit the generalizability of the findings. In ad-
dition, the single-center, cross-sectional design does not permit
causal inference and may be influenced by institution-specific
factors. These aspects underscore the importance of future
studies incorporating larger, more diverse, and multi-center
cohorts to further validate and extend the present findings.
Physical activity is a well-recognized factor influencing both
muscle and bone health and was not quantitatively assessed
in the present study. To mitigate the potential confounding
effects of extreme physical activity, participant selection was
limited to healthy volunteers without a history of professional
or high-intensity athletic training. While this criterion was
intended to reduce variability related to exercise extremes,
future studies incorporating objective measures of physical
activity will be important to more fully characterize its contri-
bution and further refine the interpretation of imaging-derived
biomarkers. Moreover, although individuals with known mus-
culoskeletal disorders were excluded to characterize age-related
changes in a healthy population, the observed associations
may differ in clinical populations such as those with osteo-
porosis or sarcopenia, where more pronounced structural and
compositional alterations are expected. Manual segmentation,
although carefully performed by a single trained operator un-
der expert supervision, is inherently subject to observer-related
variability. To mitigate intra-observer variability, the segmen-
tation procedure was repeated three times, and the resulting
segmentations were averaged for final analysis. However, inter-
observer variability was not formally assessed, which may limit
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the generalizability of the segmentation reproducibility [40].
Future studies may benefit from the use of semi-automated or
fully automated segmentation approaches to further improve
reproducibility and efficiency. Moreover, the integration of
complementary imaging modalities, such as Dixon-based fat-
fraction MRI, and the adoption of longitudinal study designs
combining imaging, functional, and biochemical measures,
would help to further elucidate the relationships between
radiomic features, muscle integrity, and bone health.

Conclusion

This study provides novel insights into the potential of ra-
diomic analysis to characterize musculoskeletal aging. Our re-
sults demonstrate that radiomic features extracted from Tj-
weighted MR images can sensitively detect age-related changes
in muscle tissue, offering a significant improvement over con-
ventional imaging techniques, which often fail to capture such
subtle alterations. Notably, several muscle-based radiomic fea-
tures showed strong correlations with cortical bone free water
T}, emphasizing the close interplay between bone and muscle
during the aging process. These findings support the feasibility
of using radiomic features as imaging biomarkers for assessing
musculoskeletal health. Future studies are warranted to validate
these features in larger and more diverse populations and to in-
vestigate their applicability in identifying degenerative muscle
changes, particularly in the context of age-related conditions
such as sarcopenia.
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