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Musculoaponeurotic layer structural alterations of the anterior
abdominal wall in ventral hernias: insights from CT texture analysis
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RUDN University, Moscow, Russian Federation
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Abstract. Relevance. Postoperative ventral hernias (POVH) remain a significant surgical challenge, characterized by remodeling
of the musculoaponeurotic layer of the anterior abdominal wall and loss of functional integrity. Computed tomography (CT) texture
analysis enables an objective assessment of tissue microarchitecture, facilitates the identification of structural changes, and optimizes
preoperative planning and surgical decision-making. Aim. To evaluate structural changes in the musculoaponeurotic layer of the
anterior abdominal wall in healthy individuals and patients with W2 and W3 POVH using texture analysis, identify intergroup
differences, and determine the topographic-anatomical characteristics of affected tissues. Materials and Methods. This study included
90 patients (30 without hernias, 30 with W2-POVH, 30 with W3-POVH) examined between 2020 and 2024. All patients underwent
multislice computed tomography (MSCT), and axial slices were segmented using Roboflow. The resulting masks were analyzed
for texture characteristics, including brightness (mean_gray), contrast (contrast), correlation (correlation), kurtosis (kurtosis_gray),
skewness (skewness_gray), standard deviation (std_gray), LBP, wavelet analysis, and gabor filtering. Statistical analysis included
ANOVA, the Kruskal-Wallis test, and Tukey’s post-hoc analysis. Results and Discussion. Texture analysis revealed significant
differences in Wavelet and Gabor response (p < 0.0001). Group 2 exhibited marked structural alterations, while Groups 1 and 3
demonstrated similar tissue characteristics (p > 0.05), suggesting adaptive remodeling in patients with severe hernia defects. Further,
Group 2 showed significant changes in contrast (p < 0.0001), correlation (p < 0.0001), and kurtosis (p = 0.001), while brightness
(mean_gray) and homogeneity (homogeneity) did not differ significantly (p > 0.05). Conclusion. The most pronounced structural
disorganization was observed in W2-POVH patients, indicating morphofunctional instability. In contrast, W3-POVH patients
exhibited adaptive changes, suggesting compensatory remodeling. These findings confirm the progressive nature of morphological
changes in POVH and highlight the importance of texture analysis for personalized surgical planning.

Keywords: textural analysis, postoperative ventral hernia, musculo-aponeurotic layer, structural changes, adaptive changes,
fibrosis, surgical tactics
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Introduction

Postoperative ventral hernia (POVH) is
a common complication following abdominal
surgeries, with an incidence rate ranging from 9%
to 20% within the first year postoperatively [1].
According to studies, this rate increases to 22.4%
within three years after laparotomy [2]. The primary
pathogenic factors contributing to the development
and progression (recurrence) of POVH include
degenerative changes in the postoperative scar area
and the musculoaponeurotic layer of the anterior
abdominal wall, particularly in patients with high-risk
factors for hernia formation [3, 4].

From a biomechanical perspective, the linea
alba endures the highest mechanical loads in patients
with postoperative ventral hernias [3]. Consequently,
deformation of the linea alba results in unbalanced
lateral forces due to intra-abdominal pressure and
involuntary contractions of the oblique and transverse
muscles, leading to their retraction and shortening. This
muscle shortening may cause irreversible contractures
or reversible spasticity, further contributing to the lateral
displacement of the rectus abdominis muscles, hernia
formation, and its progression.

SURGERY

Prolonged herniation, especially in large and giant
hernias, leads to remodeling of the abdominal wall
muscles. Chronic exposure to pathological protrusion
results in muscle atrophy, excessive fibrosis, and
microcirculatory disturbances [5]. These changes are
associated with a loss of muscle elasticity and strength,
complicating surgical treatment and increasing the risk
of recurrence. However, depending on the defect size
and the extent of tissue involvement, the morphological
and functional changes in the anterior abdominal wall
may vary significantly. Preoperative assessment of the
musculoaponeurotic layer remains a complex task, as
conventional imaging techniques do not always allow
for quantitative evaluation of structural alterations.

Modern approaches to medical image analysis
include texture analysis, which enables the detection
of subtle changes in tissue structure by assessing its
heterogeneity, density, and spatial organization.

Computed tomography (CT) is an X-ray-based
imaging modality that registers the attenuation of X-ray
radiation as it passes through biological tissues. CT
images are generated due to variations in the linear
attenuation coefficient (p), which is determined by
the tissue’s composition and density. The primary
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quantitative parameter used in CT imaging is the
Hounsfield Unit (HU, Hounsfield Units), calculated
using the following equation [6]:

HU = 1000 % _H T Hwater
Hwater — Hair
where [4,.ter — 1S the attenuation coefficient of water,

a U,ir —is the attenuation coefficient of air, l— represents
the attenuation coefficient of the tissue.

Each tissue type has a specific range of Hounsfield
Units (HU): air (= —-1000 HU), fat (% —100 HU), soft
tissues (0-80 HU), and bones (700-3000 HU). Thus, the
grayscale intensity in CT imaging is directly correlated
with the radiological density of tissues and their atomic
composition.

Traditional visual analysis of CT slices is limited by
subjective interpretation in disease diagnostics, whereas
quantitative methods, such as texture analysis, enable
a detailed assessment of tissue heterogeneity.

Traditional diagnostic approaches, including visual
assessment, morphometry, and manual classification,
remain fundamental tools in medical imaging. Visual
interpretation of images, based on subjective evaluation
of grayscale gradients and anatomical structures, is
widely used in clinical practice. However, this approach
is characterized by a high degree of subjectivity,
influenced by the individual perception of the physician,
which can lead to variability in diagnostic outcomes.
Additionally, the sensitivity of visual analysis is limited,
making it challenging to detect subtle structural changes,
while the absence of quantitative parameters prevents
standardization in diagnostics.

Morphometry, as a method of quantitative
assessment of anatomical structures, involves measuring
their size, shape, and volume. In medical practice,
morphometric parameters such as tissue thickness,
pathological volume, and degree of deformation are
used for disease diagnosis and prognosis. However,
this method is limited by its inability to account for
histological tissue heterogeneity, making it insufficient
for a comprehensive characterization of structural
changes. Furthermore, morphometric analysis requires
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significant time investment and manual data processing,
reducing its efficiency in routine clinical applications.

The application of texture analysis in CT
imaging allows for a quantitative assessment of tissue
heterogeneity, revealing structural patterns that are not
detectable through conventional diagnostic methods.
Unlike visual analysis and morphometry, texture analysis
relies on numerical parameters, eliminating subjective
bias and improving reproducibility. This method exhibits
high sensitivity to microscopic structural alterations
and enables multiparametric analysis, including the
evaluation of contrast, homogeneity, correlation, and
other characteristics. Automating data processing
significantly accelerates diagnosis and facilitates large-
scale data analysis, which is particularly critical for
personalized treatment planning. Thus, the integration of
texture analysis into clinical practice enhances medical
imaging capabilities by providing a standardized,
reproducible, and precise method for diagnosing
structural tissue changes.

Texture analysis is based on mathematical modeling
of the spatial distribution of pixel intensities and
enables the computation of parameters such as contrast,
correlation, homogeneity, entropy, and other statistical
features [7, 8].

One of the most widely used methods is the Gray-
Level Co-occurrence Matrix (GLCM), which models
the probability of pairs of pixels with specific grayscale
values occurring at a fixed spatial distance from each
other [9]. The key parameters of GLCM include: contrast,
which characterizes the degree of difference between
neighboring pixels and is calculated using the formula:

2

—1N-1
Contrast =
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-

Correlation, which measures the linear dependence
between grayscale levels and is calculated using the

formula:
N—-1N-1

Correlation P(i _ 'ui)(] _ Mj)
O'iO'j
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where (i} are the mean grayscale values, and g; and
ojare the standard deviations of grayscale levels in
the image. Homogeneity, which evaluates the degree
of texture smoothness and is calculated using the
formula:
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This parameter measures how uniform the
distribution of grayscale intensities is, assigning
higher values to images with low contrast and smooth
transitions between pixel intensities.

The Local Binary Patterns (LBP) method analyzes
the microtexture of an image by encoding differences
between the central pixel and its neighboring pixels into
a binary code. First introduced by Ojala et al., LBP is
a powerful tool for microtexture analysis [10]. It is based
on comparing the intensity of the central pixel with its
surrounding pixels and generating a binary code that
reflects local variations in brightness.Formally, LBP is
defined as follows:

P-1
LBP = Z s(p—1,)x2P,5(x) = {
p—0

1,x=>0
0,x<0

where I, — the intensity of the central pixel, Ip —
represents the intensities of the neighboring pixels,
P — number of neighbors, $(x) is a step function that
assigns binary values based on the difference in intensity.

The LBP method enables texture classification based
on local gradient variations, making it a valuable tool
for analyzing medical images, including oncological
diagnostics, the assessment of structural tissue changes,
and the identification of pathological features in
histological specimens.

Wavelet analysis is a multi-scale image processing
technique that decomposes texture into components
with different spatial-frequency characteristics [11, 12].
Unlike the traditional Fast Fourier Transform (FFT),
which analyzes an image in a fixed frequency domain,
Wavelet transformation provides simultaneous
localization in both space and frequency, allowing for

SURGERY

a more detailed characterization of structural patterns.
Mathematically, the Wavelet decomposition of a signal
is defined as the convolution of the original image f(x,
y) with a basis function yi(x, y):

W(x,y,s) =
= | | f&",y) * (sx' = x,sy" — y)dx'dy’

where s — denotes the scale parameter, which controls
the level of decomposition, 1 (X, ¥) — represents the
scaled and translated wavelet function

The application of Wavelet Energy allows for the
assessment of texture energy distribution across different
frequency ranges, making this method particularly
useful for analyzing soft tissue structures, identifying
anomalies, and predicting pathological changes [13, 14].

Gabor filters are directional filters that enable the
analysis of periodic structures and spatial-frequency
characteristics of an image [15]. They model the spatial-
frequency sensitivity of visual cortex receptors and are
widely used in texture analysis for extracting distinctive
image features. The two-dimensional Gabor function
is defined by the following equation:

G(x,y,1,0,y,0,v) =

2 2
x'“+y2y!

=exp (— T) cos (Znﬁ‘, + w)

where x’=xcos0+ysin@, y’=-xsinf+ycos0,
A (wavelength) controls the spatial frequency of the
filter, @ (orientation) defines the direction of the filter,
o (scale) determines the standard deviation of the
Gaussian envelope, y (aspect ratio) adjusts the ellipticity
of the Gaussian function, ¢ (phase offset) shifts the
cosine function.

In addition to the Gray-Level Co-occurrence
Matrix (GLCM), texture analysis of medical images
utilizes statistical parameters that characterize the
distribution of pixel intensities. One of the key metrics
is the mean gray level (mean_gray), which represents
the average intensity of pixels and reflects the density of
the examined tissue. Another essential parameter is the
standard deviation of the gray level (std_gray), which
quantifies the variability of intensity values, allowing
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for an objective assessment of structural heterogeneity
in the image.

To analyze the shape of the intensity distribution,
the skewness (skewness_gray) metric is used, which
indicates the asymmetry of the distribution relative to the
mean intensity. Negative skewness suggests the presence
of predominantly darker regions, whereas positive
skewness indicates the dominance of brighter areas.
Another critical metric is kurtosis (kurtosis_gray), which
reflects the “sharpness™ of the intensity distribution
and is particularly useful for detecting outliers and
anomalous pixel values, making it especially important
for evaluating heterogeneous structures.

The application of these statistical characteristics
in CT texture analysis enables a detailed assessment
of tissue microarchitecture, identification of deviations
from normal structure, and classification of pathological
changes. Texture analysis not only reveals the
morphological features of tissues but also provides
a quantitative assessment of their alterations, making it
a promising tool in the diagnosis of various pathologies.

The use of Wavelet analysis, Gabor filtering, and
Local Binary Patterns (LBP) for evaluating the textural
characteristics of the musculoaponeurotic layer of the
anterior abdominal wall offers greater precision in
differentiating tissue conditions in patients with ventral
hernias [16, 17].

Modern quantitative CT image analysis techniques
continue to evolve, providing new opportunities for
objective assessment of anatomical structures and
pathological alterations. Beyond classical texture
analysis — comprising methods such as GLCM, LBP,
Wavelet analysis, and Gabor filtering — deep neural
networks, machine learning, and radiomics have gained
significant attention. These advanced techniques allow
for a more detailed analysis of medical images by
automatically extracting features and incorporating
them into predictive models.

Deep learning is a powerful tool for medical
image processing, enabling automatic segmentation,
classification, and pathology detection. The foundation
of these methods lies in convolutional neural networks
(CNNs), which can extract relevant features without the
need for manual selection of textural characteristics [18].
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The architecture of Convolutional Neural Networks
(CNNs) consists of several key components:

e Convolutional layers, which apply filters to
input images and extract texture-based features.

e Pooling layers, which reduce the dimensionality of
the feature space and enhance robustness to spatial shifts.

e Fully connected layers, which are used for
classification or regression based on the extracted
features.

One of the most effective architectures for medical
imaging is U-Net [19]. This neural network model
is specifically designed for image segmentation and
is widely applied in radiology. Unlike traditional
segmentation algorithms, U-Net employs an encoder-
decoder strategy, allowing it to capture both local and
global image features simultaneously.

Deep neural networks are also utilized in automated
pathology detection, including the recognition of tumors,
fibrosis, and degenerative tissue changes [20]. However,
the primary limitations of this approach include high
computational complexity, the need for large annotated
datasets, and limited model interpretability.

In addition to neural network-based approaches,
classical machine learning algorithms play a significant
role in CT image analysis. Techniques such as gradient
boosting (XGBoost, LightGBM), random forests
(Random Forest), and support vector machines
(SVM) [21] enable the development of predictive
models based on quantitative image features, including
textural, morphometric, and intensity-based parameters.

A key advantage of machine learning algorithms
is their ability to combine diverse datasets and
efficiently operate on relatively small sample sizes.
For instance, the random forest method constructs
ensembles of decision trees, reducing overfitting risk
and enhancing model stability. Meanwhile, gradient
boosting demonstrates high accuracy in classification
and regression tasks by sequentially training weak
models and integrating them into a unified system.

Radiomics is a methodology for multiparametric
image analysis, involving the extraction and quantitative
assessment of textural, morphometric, and spatial
features. This approach enables the identification of
hidden patterns that are inaccessible through traditional

XUNPYPT A



Protasov AV, Kanakhina LB, Mazurova OI. RUDN Journal of Medicine. 2026;30(1)

visual analysis or even through individual machine
learning techniques [22].

The radiomics pipeline consists of several key
stages:

e Image segmentation, identifying the region of
interest (ROI).

e Feature extraction, including textural
characteristics, shape descriptors, and intensity metrics.

e Data filtering, removing non-informative
parameters.

Model development, creating predictive models
using machine learning techniques.

One of the primary advantages of radiomics is its
potential for personalized diagnostics and prognostic
analysis. In oncology, this method is widely applied
for tumor aggressiveness assessment, therapy response
prediction, and patient risk stratification [23]. By
analyzing the textural characteristics of tumor formations,
it is possible to identify radiomic signatures that correlate
with molecular tumor features and clinical outcomes.

Deep learning, machine learning, and radiomics
represent promising approaches for quantitative CT image
analysis, expanding the capabilities of traditional visual
assessment and textural feature extraction. Deep learning
enables the automatic extraction of meaningful features,
machine learning facilitates predictive modeling based
on textural parameters, and radiomics integrates a broad
spectrum of quantitative image characteristics.

Despite their high accuracy, the clinical implementation
of these methods requires standardization, validation, and
the development of reproducible data processing protocols.
Further research on the integration of Al-driven approaches
will contribute to enhancing diagnostic accuracy and
improving the personalization of medical decision-making.

Aim

The objective of this study was to assess structural
changes in the musculoaponeurotic layer of the anterior
abdominal wall in healthy patients and those with ventral
hernias of W2 and W3 categories using texture analysis
of CT images. The study aims to identify quantitative
and qualitative differences between groups based on
key textural parameters and to evaluate the nature of
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structural tissue changes depending on the stage of the
pathological process.

Materials and methods

This study was conducted at the Federal State
Budgetary Healthcare Institution Clinical Hospital No.
85 of the Federal Medical and Biological Agency of
Russia and the Private Healthcare Institution “Clinical
Hospital RZD-Medicine” named after N.A. Semashko.
The dataset included 90 patients who underwent
examination or treatment between January 2020 and
September 2024. All patients provided informed
voluntary consent to participate in the study according
to the Helsinki Declaration of the World Medical
Association (WMA Declaration of Helsinki — Ethical
Principles for Medical Research Involving Human
Subjects, 2013) and personal data processing. The study
was approved by the Ethics Committee of the Medical
Institute of the RUDN University, Moscow, Russia
(protocol No. 28 dated May 16, 2024).

For analysis, three independent groups were
formed: group 1 (N=30): patients without postoperative
ventral hernias (POVH) who were examined or treated
for unrelated chronic pathology. Group 2 (N=30):
patients diagnosed with W2 POVH. Group 3 (N=30):
patients with large or giant ventral hernias (W3), who
were candidates for preoperative botulinum therapy
before surgical intervention.

All patients underwent computed tomography (CT)
of the thoracic cavity, abdominal cavity, and pelvic
organs (three anatomical regions) (Figure 1).

In the axial CT series, segmentation of the anterior
abdominal wall muscles was performed, including
the external oblique muscle (m. obliquus externus
abdominis), internal oblique muscle (m. obliquus
internus abdominis), and transverse abdominal muscle
(m. transversus abdominis) on both the right and left
sides. The segmentation of anatomical structures was
carried out using the Roboflow platform (https://
app.roboflow.com) through automated segmentation
methods with manual correction when necessary. The
U-Net convolutional neural network was used as the
baseline algorithm for segmentation (Figure 2).
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Group 1

Group 2

Group 3

Fig. 1. Example of a CT series in the axial projection for segmentation

Fig. 2. An example of a CT scan and the corresponding mask of the musculo—aponeurotic layer
of the anterior abdominal wall on the right

To enhance the accuracy of annotation, manual
correction of segmentation masks was performed
following automated segmentation, allowing for
the minimization of errors associated with tissue
heterogeneity and intensity gradient variability.

For the correct analysis of CT image texture
characteristics, preprocessing was applied, including
pixel intensity normalization, artifact suppression,
and contrast optimization. Normalization was
performed using intensity standardization, following
the formula:
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where: I — is the normalized intensity, I — the original
pixel intensity, 4 — the mean intensity of the image,
& — the standard deviation of intensity values.

This procedure minimized variability in scanning
conditions and standardized gray-level intensity
across all images. To eliminate artifacts caused by
noise, metallic objects, and tissue density variations,
a Gaussian filter and bilateral filtering were applied.
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Contrast enhancement was performed using histogram
equalization, which redistributes gray-level intensities
based on their cumulative distribution. The integration
of a comprehensive preprocessing approach, including
normalization, artifact suppression, and automated
segmentation, ensured standardization of CT images
and improved the reproducibility of subsequent texture
analysis.

For data processing and analysis, statistical
methods, machine learning techniques, and
visualization tools were employed. Descriptive
statistics included the computation of mean values,
standard deviations, and parameter distribution analysis
within each group.

Texture analysis was conducted across the three
patient groups, evaluating parameters such as mean gray
level (mean_gray), contrast, homogeneity, correlation,
kurtosis (kurtosis_gray), skewness (skewness_gray),
standard deviation of gray levels (std_gray), Local
Binary Patterns (LBP), Ibp_mean, and lbp_var. The

130

1201

=
=
o

right_mean_gray
[
~ @ [Ya} (=]
=} S ) =]

o
[=}
T

i

Group 1 Group 2 Group 3

a

analysis utilized LBP, wavelet transform, and Gabor
filtering.

To assess group differences, analysis of variance
(ANOVA) and the nonparametric Kruskal-Wallis
test were applied, enabling the identification of
statistically significant differences. In cases where
significant differences were detected, post-hoc
Tukey’s test was performed for multiple group
comparisons.

All computations and visualizations were conducted
using Python 3.11 libraries, including NumPy, SciPy,
scikit-learn, Matplotlib, and Seaborn.

Results and discussion

The gray density (brightness) analysis of the
segmentation masks revealed that Group 1 exhibited
the brightest masks (right_mean_gray = 116.41,
left_mean_gray = 117.82), which may indicate lower
tissue density (Figure 3).
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Fig. 3. The density of gray in masks between groups (a and b). Kruskal-Wallis test with post-hoc Tukey's test,
*p < 0.05 considered significant

Group 3 exhibited the darkest masks (right_
mean_gray = 106.46, left_mean_gray = 107.82),
suggesting a potential increase in tissue density or the
presence of fibrotic changes. Group 2 demonstrated
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intermediate values (right_mean_gray = 115.14, left_
mean_gray = 114.89), reflecting a transitional nature of
structural alterations in the musculoaponeurotic layer
of the anterior abdominal wall (Figure 4).
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Fig. 4. Graph of gray level distribution (gray density in masks)
by groups

Descriptive statistics revealed differences between
groups in several key characteristics, as confirmed by
analysis of variance (ANOVA) and the Kruskal-Wallis
test. Statistically significant differences (p < 0.05)
were observed for contrast and correlation on both
the right and left sides, specifically: right_contrast
(p < 0.0001), right_correlation (p < 0.0001), right_
homogeneity (p < 0.001), left_contrast (p < 0.0001),
and left_correlation (p < 0.0001). At the same time,
features such as right_energy, right_lbp_mean, left_
energy, and left_Ilbp_mean did not exhibit significant
differences between groups, suggesting the similarity
of these parameters across different clinical categories.
Texture analysis demonstrated that the Wavelet Energy
metric differed significantly between groups (ANOVA:
p <0.0001, Kruskal-Wallis test: p < 0.0001) (Figure 5).
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Fig. 5. Wavelet Energy indicator between groups. ANOVA:
*p < 0.0007, Kruskal-Wallis test: * p < 0.0001
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Post-hoc Tukey’s test confirmed significant
differences between Groups 1 and 2 (p < 0.0001) as
well as between Groups 2 and 3 (p < 0.0001). However,
no statistically significant differences were observed
between Groups 1 and 3 (p = 0.3279), indicating that
the muscle structure in Group W3 (Group 3) is more
similar to normal tissue (Group 1) than to Group 2 (W2).
The Gabor filtering method also identified significant
differences between the groups (ANOVA: p < 0.0001,
Kruskal-Wallis test: p < 0.0001) (Figure 6).
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Fig. 6. Gabor filtering indicator between groups. Statistical
analysis: ANOVA and Kruskal-Wallis test; *p < 0.0001
considered significant

Statistically significant differences were observed
between Groups 1 and 2 (p < 0.0001), whereas
differences between Groups 1 and 3 did not reach
statistical significance (p = 0.0801). These findings
suggest a trend toward normalization of muscle structure
in Group 3.

Comparison of the right and left sides within each
group revealed significant differences in Group 3 for the
contrast parameter (p = 0.00015), which may indicate
asymmetrical tissue changes. In Group 1, a significant
difference was observed for correlation (p = 0.033),
reflecting structural muscle characteristics. In Group 2,
no statistically significant differences between sides
were detected (p > 0.05), indicating symmetrical tissue
properties in this group.

The results confirm that different stages of ventral
hernias are associated with distinct types of changes in
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the musculoaponeurotic layer of the anterior abdominal
wall. Our findings are consistent with the results reported
by Parshikov V. V. et al. [24], who demonstrated that the
anatomical structure of the musculoaponeurotic layer
undergoes significant alterations in ventral hernias,
including changes in tissue density, fibrosis, and muscle
remodeling.

Furthermore, it is well established that the use of
botulinum toxin in preoperative preparation is based
on the phenomenon of muscle contracture, which is
particularly pronounced in W3 hernias [25]. The results
of our study also support this finding, showing increased
tissue density and reduced elasticity in W3 patients,
which necessitates preoperative muscle relaxation for
successful surgical treatment.

Thus, the observed structural changes complement
existing scientific data on the mechanisms of ventral
hernia formation and may contribute to the optimization
of treatment strategies. Texture analysis of CT images
provides an objective, quantitative assessment of
pathological changes, making it a valuable tool for
diagnostics and surgical decision-making. However,
further research is required to evaluate the prognostic
significance of the identified textural characteristics
and their impact on surgical outcomes.

Conclusion

According to the obtained data, Group 1 (healthy
patients) exhibits the most homogeneous muscle
tissue structure, with the least changes in contrast
and correlation, confirming their functional integrity
and absence of pathological alterations. Group 2
(W2) demonstrates the most pronounced structural
muscle changes, characterized by decreased contrast,
altered pixel correlation values, and modified texture
parameters, as identified through Wavelet analysis
and Gabor filtering. The darkest segmentation masks
were observed in Group 3, suggesting hypertrophic or
compensatory changes in W3 patients, whereas tissues
in W2 patients appear to be in a state of dysfunction
and instability.

In terms of textural characteristics, Group 3 (W3)
is closer to healthy patients (Group 1) than to Group 2,

SURGERY

suggesting the presence of compensatory mechanisms
in muscle tissue under conditions of long-standing
hernias. This hypothesis is supported by the stable and
homogeneously increased muscle density, along with
similarity in the distribution of textural parameters
between Group 3 and the control group.
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CTPYKTYpHble U3MEHEeHUA MbILLEeYHO-aNnoHEeBPOTUYECKOIro CJ0
nepeaHen 6pIOLLHON CTEHKU NPU BEHTPaJIbHbIX IFPbIXKax:
AaHHble TeKCTypHoro aHanu3sa KT

A.B.IIporacoB , JI.b. KanaxuHa g’ O.11. Ma3ypoBa

Poccuiickuil yHuBepcHTeT ApyKObI HAPOJOB, 2. Mockea, Pocculickas @edepayus
< glb.1994@mail.ru

AnHoTammsa. AkmyanbHocmb. [TocneonepaluoHHble BeHTpasibHble rpebku (IIOBIY) mpescTaBsitoT coboii cepbe3Hyro
XUPYPryuuecKyro npobsiemMy, XapaKTepHu3yHoLeiicsi peMOZeTMPOBaHHeM MBILIEUHO-AIIOHEeBPOTHUYECKOT0 CJI0sI IepeiHell OPIOIIHON
CTeHKH ¥ TIoTepe ero (GpyHKLIHMOHAIbHOM LjesiocTHOCTH. [IpriMeHeHe TeKCcTypHOro aHasm3a B KT mo3BomuT 00beKTHBHO OLeHUTh
MMKPOapXUTEKTOHUKY TKaHeH, BBISIBUTb CTPYKTYPHbIe M3MeHeHHs M ONTUMU3HPOBATh MPe/0NepaljiOHHOe TUIaHWPOBaHKE U TAKTUKY
XUPYPryaueckoro jeueHust. Leb — OLeHUTh CTPYKTYPHBIe M3MeHeHHs MbILIeUHO-allOHEeBPOTHUECKOTO CJI0sI IepeiHelt OpIoIHON
CTEHKU Y 3[,0POBbIX NaleHTOoB U nanueHToB ¢ W2 1 W3 —TIOBI' ¢ moMoLIbi0 TeKCTYPHOTO aHa/In3a, BbIIBUTb MeXTPYIIOBbIe
pasiuumrsi ¥ 0COOEHHOCTH Tororpado-aHaTOMUUECKOM OpraHy3aluy TKaHeld. MaTepHasibl M MEeTOZbI. B peTpocreKTHBHOe
uccnefoanure BkoueHbl 90 marenToB (30 6e3 rpeik, 30 ¢ W2-TTOBT, 30 ¢ W3-TTOBI'), o6cnenoBannbix B 2020-2024 rr.
Bcewm marjuenTtam BeimonmHeHo MCKT 6promiHoi onocTy. laee akcrabHbIe cpe3bl ObITH CerMeHTHPOBaHbl Ha OHJIAMH-
ninardopme Roboflow. [TonyyeHHble MacKy aHaIM3MPOBAIMCh TI0 TEKCTYPHBIM XapaKTepPUCTHKAM: SIPKOCTb, KOHTPAaCTHOCTb,
KOppesisitiysi, KypTo3, aCMMMETpHs], CTaHZapTHOe oTK/oHeHue, LBP, BeiineT- u I'abop-aHanus. [Iis1 craTucTHYeCKoM 06paboTku
ucrionb3oBanbl ANOVA, kpurepuii Kpyckana—Yonnuca u post-hoc aHanu3 Teloku. Pe3yabmambi u 06cyscoeHue. TeKCTypHbINA
aHaJIM3 MbILLIEYHO—allOHEBPOTHUECKOTO CJI0si ITepeHell OPIOIITHON CTeHKH BBISIBU/ 3HAUMMbIE Pa3Iduusi MeXKAY TPYTIaMu
o Betienet- u l'abop-ananu3y (p < 0,0001). [TarmeHTsI TPYTITIbLI 2 CYILeCTBEHHO OTIMYaIUCh OT TPy 1 U 3, Tor/ja Kak rpyTibl
1 ¥ 3 1eMOHCTPUPOBAIU CXOXKUE XapaKTepPUCTUKU TKaHel (p > 0,05), uTo MOXKeT CBU/IeTe/IbCTBOBATh 00 a/janTalliOHHbIX
M3MEeHEeHUsIX y MalHueHTOB ¢ HanboJsiee BbIPA’)KeHHBIMH IPBDKEBBIMH JleeKTaMu. Y Tal[ieHTOB TPYIIkl 2 HaO/IoaTCs
BhIp@KeHHbBIe U3MEeHeHUsT CTPYKTYPBI MBIIIIL, UTO TTOATBEP>KAAeTC sl 3HAUMMBIMH Pa3/IMUUsIMU 110 KoHTpacTHocTH (p < 0,0001),
koppessituu (p < 0,0001) n xKypro3ucy (p = 0,001). Ilpu 5ToM cpefjHsIst IPKOCTb 1 OIHOPOJHOCTD He MOKa3aay CTaTUCTUYeCKH
3HAUMMBIX pa3Muuuil Mexxy rpymmamu (p > 0,05), uTo yKa3bIBaeT Ha CXOXKeCTh 00IL[ero pacrpe/ie/ieHrsi THTeHCUBHOCTeH CHTHasa.
BriBozbl. Hanboree BeipaskeHHBIe TTPU3HAKK CTPYKTYPHOM Jle30praHr3ariii MbIIeYHO-allOHEBPOTHUECKOTO CJI0sI BhISIBIIEHBI
y naipieHToB ¢ W2-TIOBT, uto yKa3biBaeT Ha MOPGOGYHKLHOHANIBHYI0 HecTabunsHOCTh. B rpyrme W3-IIOBI npeobnazarot
ajlanTallviOHHbIe MPOoIiecchl. BhIsiBlIeHHbIE 3aKOHOMEPHOCTH TIO/ITBEPIK/AAI0T 3TalTHOCTh MOP(O/IOrHUe CKUX U3MeHeHUH TIpr
ITOBI" 1 nofYepKUBAKOT 3HAUMMOCTb TEKCTYPHOI'O aHa/lIn3a /iJisi IepCOHa/IM3MPOBAaHHOIO XUPYPruieCcKoro jaHupOBaHUsl.

KroueBble c/10Ba: TEKCTYPHBINA aHa/IN3, OC/Ie0TeparjioHHast BeHTpasbHasi TPbDKa, MbIILIEYHO-allOHeBPOTHYE CKHUI CJIOH,
CTPYKTYDHbBIe WU3MeHeHWs1, aflanTalliOHHbIe U3MeHeHUs1, Grubpo3, Xupypryuueckas TakTHKa.

90 XUNPYPT A



Protasov AV, Kanakhina LB, Mazurova OI. RUDN Journal of Medicine. 2026;30(1)

Hudopmanus o puHancupoBanuu: paboTa BbINo/HeHa 6e3 GUHAHCOBOM MOAJEPKKH.
Nudopmanus o KOHQIUKTe HHTEPeCoB. ABTODHI 3asIB/ISIFOT 00 OTCYTCTBUM KOH(IMKTOB HHTEPECOB.

Bknap aBropos: A.B.TIporacos, JI.b. Kanaxuna, O./. Ma3ypoBa — KoHLeNLUs ¥ Au3aiiH ucciegosanus; O.M. Ma3ypoga,
A.B.TIporacoB — c6op u 06paboTka matepuasos; JI.b. KaHaxuHa, A.B. [IpoTacoB — aHa/mu3 Mo/lyYeHHbIX JaHHbBIX, O./1. Ma3ypoga,
A .B.TIporacoB — HamnucaHue TeKCTa U peJaKTUpOBaHUe TeKCTa

BiarogapHoCcTH — HENPUMEHKMO.

HNudopmannoHHoe coryiace Ha myOaIuKanuio. [TalMeHThl MpejoCTaBUIn A0OPOBOIbHOE HH(POPMUPOBAHHOE COT/IacHe
Ha 06pabOTKy MepcoHa/IbHbIX JaHHBIX U MyO/IHKALHIO.
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