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Abstract: Cisplatin, a widely used chemotherapeutic agent, is highly effective in treating
various cancers, including ovarian and lung cancers, but it often causes ovarian tissue
damage and impairs reproductive health. Exosomes derived from mesenchymal stem cells
are believed to possess reparative effects on such damage, as suggested by previous studies.
This study aims to evaluate the reparative effects of cisplatin and exosome treatments
on ovarian tissue damage through the analysis of histopathological images and machine
learning (ML)-based classification techniques. Five experimental groups were examined:
Control, cisplatin-treated (Cis), exosome-treated (Exo), exosome-before-cisplatin (ExoCis),
and cisplatin-before-exosome (CisExo). A set of 177 Local Binary Pattern (LBP) features
were extracted from histopathological images, followed by feature selection using Lasso
regression. Classification was performed using ML algorithms, including decision tree
(DT), k-nearest neighbors (KNN), support vector machine (SVM), and Artificial Neural
Network (ANN). The CisExo group exhibited the most homogeneous texture, suggesting
effective tissue recovery, whereas the ExoCis group demonstrated greater heterogeneity,
possibly indicating incomplete recovery. KNN and ANN classifiers achieved the highest
accuracy, particularly in comparisons between the Control and CisExo groups, reaching
an accuracy of 87%. The highest classification accuracy was observed for the Control vs.
Cis groups (approximately 91%), reflecting distinct features, whereas the Control vs. Exo
groups demonstrated lower accuracy (around 68%) due to feature similarity. Exosome
treatments, particularly when administered post-cisplatin, significantly improve ovarian
tissue recovery. This study highlights the potential of ML-based classification as a robust
tool for evaluating therapeutic outcomes. Additionally, it underscores the promise of
exosome therapy in mitigating chemotherapy-induced ovarian damage and preserving
reproductive health. Further research is warranted to validate these findings and optimize
treatment protocols.

Keywords: cisplatin; exosome; local binary pattern; k-nearest neighbors; support vector
machine; artificial neural network; decision tree
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1. Introduction

Cancer is one of the leading causes of death worldwide, characterized by the un-
controlled division and proliferation of cells due to genetic and environmental factors,
ultimately leading to tumor formation [1,2]. Over 100 types of cancer affect the human
body, and different treatment methods are applied for each type of cancer, one of which is
cytotoxic (chemotherapy) treatment. Although this method is effective for treating many
types of cancer, it causes numerous side effects in the body. These side effects primarily
affect rapidly dividing cells such as blood cells, gastrointestinal system cells, hair follicles,
and reproductive organs. While cytotoxic chemotherapy used in cancer treatment achieves
successful results in prolonging survival, it significantly reduces post-treatment quality of
life, particularly due to its devastating effects on female reproductive health. Therefore,
developing new approaches to mitigate the side effects of cisplatin is critically important.

When cytotoxic chemotherapy is applied to premenopausal women, it can lead to
follicular destruction, ovarian fibrosis, premature ovarian failure, reduced estrogen and
progesterone levels, and an increased risk of infertility [3,4]. The likelihood of infertility
is associated with factors such as the patient’s age, drug dosage, treatment duration, and
combinations of cytotoxic chemotherapy agents [3,5]. These drugs are also known to
be both teratogenic (causing abnormalities in exposed fetuses) and mutagenic (inducing
mutations in genetic material), thereby possessing a high potential for adverse effects [5-7].

Cytotoxic chemotherapy, with cisplatin (Cis, cis-diamminedichloroplatinum-II) being
one of the most commonly used agents, is effectively utilized in various types of cancers,
including head and neck, testicular, ovarian, bladder, and small-cell lung cancers [8,9].
Although the exact mechanism of cisplatin’s toxic effects on the ovaries remains unclear, it
is suggested that increased production of reactive oxygen species and decreased antiox-
idant levels contribute to its toxicity [10,11]. The effects of chemotherapy on the female
reproductive system include oocyte damage and apoptosis around follicles, which may
lead to premature ovarian failure [12]. Cisplatin can cause double-strand DNA damage,
triggering apoptosis in granulosa cells and oocytes, thereby negatively impacting the fol-
licular reserve in women. This highlights the critical need for innovative strategies to
protect reproductive reserves during chemotherapy [13]. Numerous studies suggest that
antioxidant therapy has the potential to prevent cisplatin-induced ovarian toxicity and
the infertility resulting from this toxicity. Notably, mesenchymal stem cells (MSCs) have
garnered significant attention in recent years due to their therapeutic capabilities and roles
in damage repair. Multipotent stem cells derived from human umbilical cords (huMSCs)
offer several advantages, including high self-renewal capacity, low immunogenicity, ease
of accessibility, and wide availability [14]. Additionally, it has been demonstrated that
huMSCs enhance ovarian reserve function [15]. Exosomes secreted by MSCs play a critical
role in tissue regeneration and repair processes, as supported by numerous studies [16].
These exosomes exhibit functions such as reducing inflammation, modulating immune
responses, and supporting tissue repair. Moreover, exosomes are reported to carry miRNAs
that may influence cancer suppression or progression without posing a tumor formation
risk [16-18]. Given these advantages, exosomes are considered a suitable option for clinical
applications due to their low immunogenicity, lack of tumorigenic potential, and minimal
ethical risks, making them a favorable alternative in therapeutic settings [15].

A review of the literature reveals that the effects of cisplatin on ovarian morphology
have been examined in many studies. Renard et al. investigated the effects of simul-
taneous exposure to cisplatin and the electromagnetic environment of clinical magnetic
resonance imaging (MRI) on the in vitro chemotherapy sensitivity of ovarian cancer cell
lines [19]. In their study, cells treated with cisplatin were exposed to three MRI acquisition
sequences produced by a 3T clinical device—T2-weighted 2D turbo spin echo, 3D TSE,
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and gradient recalled echo (GRE)—to examine the effects of radiofrequency (RF) fields
and time-varying magnetic fields using methods previously employed by Schweizer and
colleagues [20]. The analysis concluded that simultaneous exposure to cisplatin and MRI
did not significantly affect the in vitro activity (cisplatin effect) on ovarian cancer cell lines.
Kun Hsing Yu et al. [21] analyzed histopathology slides, RNA-Seq, and proteomic data
from 587 patients with primary serous ovarian adenocarcinoma who participated in The
Cancer Genome Atlas (TCGA) and Genomic Data Commons studies [22]. They developed
a systematic algorithm to integrate histopathology and functional omics findings and pre-
dict patient responses to platinum-based chemotherapy. To reduce the risk of overfitting,
the architectures AlexNet [23], GoogLeNet [24], and VGGNet [25] pretrained with weights
from the ImageNet dataset were used to create classification models with histopathological
images containing tumor cells. Kun Hsing Yu and colleagues achieved approximately
95% accuracy in identifying cancerous regions and classified tumor grades with about
80% accuracy. Ruilin Lei et al. [26] aimed to develop a deep learning model to predict the
platinum sensitivity of epithelial ovarian cancer patients based on contrast-enhanced MRI.
Their team collected images from 93 patients who underwent contrast-enhanced MRI and
received cisplatin/carboplatin chemotherapy at Sun Yat-sen Memorial Hospital. In total,
62 images were used as the training group and 31 images were set aside for validation.
Two different deep learning models were utilized: the first, a primary tumor model, used
tumor images obtained from volume of interest (VOI) segmentation of the entire image;
the second used the entire abdominal images fed into the architecture of a pretrained 3D
ResNet network. After extracting features from the relevant VOIs, Principal Component
Analysis (PCA) was applied to reduce data dimensions. A support vector machine was
then used on the PCA-generated data to classify the likelihood of cisplatin sensitivity,
demonstrating that the full abdominal model performed better than the primary tumor
model [26]. Studies have shown that convolutional neural networks (CNNs) can accurately
identify cancerous regions in ovarian tissues with high AUC values and effectively classify
tumor grades [27]. Wenqing et al. [28] conducted a study to analyze the feature extraction
performance of deep structured algorithms in diagnosing lung nodules on computer tomog-
raphy (CT) images and compared it to computer-aided diagnostic (CADx) systems. From
1018 cases of diagnostic and lung cancer screening thoracic CT scans containing marked
and annotated lesions, they generated three images for each segmented grayscale ROI frag-
ment: the original ROI containing areas surrounding nodules, the nodule-only image, and
a degraded image. These were combined into a Red-Green—Blue (RGB) channel resulting in
134,668 samples. They extracted features by designing CNN, deep belief network (DBN),
and stacked denoising auto-encoder (SDAE) algorithms and created a new three-channel
image generation method for nodule diagnosis. They also compared AlexNet-based trans-
fer learning in this experiment by training the last 1-3 layers. Wenging et al. [28] concluded
that compared to traditional CADx systems, deep learning algorithms did not exhibit biases
observed in misclassified data. They analyzed that the deep learning-based computerized
lung nodule diagnostic scheme could distinguish malignant from benign lung nodules
with a relatively higher AUC of 0.899 =+ 0.018.

The classification and identification of ovarian masses remain challenging due to the
complexity of image backgrounds [29]. This study utilized the Gray-Level Co-Occurrence
Matrix (GLCM) and Tamura texture features to classify ovarian abnormalities. Various
texture features such as coarseness, contrast, directionality, and roughness were extracted,
and a classifier resembling Light Glioblastoma (GBM) was employed for analysis. The clas-
sification results showed that combining GLCM and Tamura texture features, even without
segmentation, achieved an accuracy rate of 72%. Chi-Ling Huang et al. [30] demonstrated
the importance of determining cisplatin (CP) resistance, particularly for ovarian adenocar-
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cinoma cells. GLCM features were extracted from images to characterize textures. Ovarian
carcinoma cell lines of serous type (OVCAR-4 and A2780) and clear cell type (IGROV1) with
CP resistance were used to demonstrate GLCM texture feature extraction from images. The
signal-to-noise ratio was employed to evaluate the chemoresistance grade of cell images
derived from GLCM texture feature extraction. The differences between wild-type and
CP-resistant cells were statistically significant in all cases (p < 0.001). GLCM-based in vitro
and ex vivo feature extraction reliably identified CP-resistant ovarian adenocarcinoma cells.

This study investigates the histopathological damage caused by cisplatin, a com-
monly used chemotherapeutic agent, on the female reproductive system—particularly
ovarian tissues. It also evaluates the potential restorative effects of exosome application
on this damage. Although cisplatin is successfully employed in the treatment of vari-
ous cancer types due to its chemotherapeutic efficacy, it can cause significant side effects
to female reproductive health. In this context, understanding the potential reparative
effects of exosome application on cisplatin-induced damage holds critical importance
for the development of treatment approaches. The effects of cisplatin and exosome ap-
plications on ovarian tissues were evaluated using advanced analytical methods. Local
Binary Pattern (LBP) features were initially extracted from ovarian histopathological im-
ages. These features were then analyzed across four distinct classes: Cisplatin—Control
(Cis—Control), Cisplatin+Exosome-Control (Cis+Exo-Control), Exosome+Cisplatin-Control
(Exo-Cis—Control), and Exosome—Control (Exo—Control). These classes were designed
to investigate the effects of cisplatin and exosome applications on ovarian tissues, and
classification was performed using machine learning algorithms.

The literature contains limited comprehensive studies aiming to mitigate the side
effects of cisplatin on ovarian tissues through exosome applications. This study addresses
this gap by integrating image processing and machine learning methods to present a novel
approach. It provides a comprehensive analysis of both the damage caused by cisplatin
alone and the potential reparative effects of exosomes on this damage.

The highlights of the study:

e Damage to ovarian tissues: A detailed analysis of the histopathological effects of
cisplatin was conducted.

e  Restorative effect of exosomes: The potential therapeutic effects of exosome applica-
tions were examined.

e Integration of machine learning and image processing: A novel approach was pre-
sented to classify the effects of different applications using these methods.

e  Comprehensive analysis: Cisplatin and exosome applications were analyzed both
individually and in combination, providing new insights for treatment strategy.

e  Accuracy: The images are manually classified by experts based on several pathological
criteria. To reduce potential errors by pathologists and expedite the result acquisition
process, more precise outcomes are achieved through automated classification methods.

2. Materials and Methods

This study evaluated the histopathological effects of cisplatin and exosome treatments
on ovarian tissues using advanced image processing and machine learning methods. First,
histopathological images of ovarian tissues were obtained, with follicles selected and sub-
jected to a patching process. Ground-truth data were established for the selected follicles,
followed by image segmentation. After segmentation, Local Binary Pattern (LBP)-based
texture features were extracted from the RGB channels. These features were grouped into
four classes to analyze the effects of cisplatin and exosome treatments. The extracted fea-
tures were classified using machine learning algorithms such as Artificial Neural Networks
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(ANNSs), k-nearest neighbors (KNN), Support Vector Machines (SVMs), and decision tree
(DT). The flow chart of the proposed study is shown in Figure 1.
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Figure 1. The flow chart of the proposed study.

2.1. Description of Histopathology Dataset
2.1.1. Animals and Experimental Protocol

The experimental protocol adhered to institutional guidelines for animal experiments
and was approved by the Ethics Committee of Erciyes University Animal Production and
Research Center. The study involved 50 healthy adult female Wistar albino rats (aged
2-3 months, weighing 200250 g) obtained from the Experimental and Clinical Research
Center of Erciyes University. The animals were housed in plastic cages under controlled
conditions (21 £ 3 °C, 12 h light/12 h dark cycle) in a well-ventilated room. Food and
water were provided ad libitum. The animals were randomly divided into five groups
of 10 rats each. The Control group received no treatment. Cisplatin-group rats received
two single doses of intraperitoneal cisplatin (5 mg/kg, ip) once a week; Exosome-group rats
were administered 100 pL of saline containing 10 x 106 mesenchymal stem cell-derived
exosomes intravenously (iv) via the tail vein; Exosome + Cisplatin-group rats were pre-
treated with exosomes (10 x 106 iv) 30 min prior to cisplatin injection (5 mg/kg/week, ip);
Cisplatin + Exosome-group rats received cisplatin injection (5 mg/kg/week, ip) followed
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by mesenchymal stem cell-derived exosomes (10 x 106 iv) 30 min later. In the remainder
of the study, Exo + Cis will be referred to as ExoCis, and Cis + Exo will be referred to
as CisExo. All experimental procedures were performed at the same time each day. The
second round of administration was performed one week after the first, using identical
injections and procedures for ip and/or iv administration. Exosomes were isolated from
mesenchymal stem cells and prepared based on the Good Manufacturing Practices (GMP)
standards in the laboratories of Erciyes University.

2.1.2. Histological Examination and Immunohistochemistry

Five days after the second administration, the rats were sacrificed under high-dose
xylazine (Alfazyne; Alfasan International BV, Woerden, The Netherlands) and ketamine
(Ketalar; Eczacibasi Pharmaceutical Industry and Trade Inc., Liileburgaz, Turkey) anesthe-
sia; ovarian tissues were dissected and fixed in 10% neutral formaldehyde for two weeks.
The tissues were then washed in 70% alcohol, dehydrated in a graded ethanol series up to
100%, cleared in xylene, and processed through molten paraffin (melting point = 60 °C) before
being embedded in paraffin blocks. Sections of 5 um thickness were obtained using a rotary
microtome. The primary antibody used was goat polyclonal anti-AMH antibody (sc-6886;
Santa Cruz Biotechnology Inc., Dallas, TX, USA), diluted 1:50. The sections were incubated
for 15 min with a biotinylated secondary antibody. After washing with PBS, the sections
were treated with 3,3’-diaminobenzidine tetrachloride (DAB) as a chromogen for 3-5 min
at room temperature. After rinsing with deionized water, the nuclei were counterstained
with hematoxylin and mounted using Entellan. The sections were examined under a light
microscope (Olympus BX51, Tokyo, Japan).

2.2. Image Acquisition

Histopathological images obtained from the Experimental and Clinical Research
Center of Erciyes University were analyzed using a k-nearest neighbor (k-NN) model. The
model was employed to define regions of interest (ROIs), focusing specifically on follicles
containing oocytes. Ground-truth images manually annotated by experts were used to
guide the k-NN model in segmenting the images. The model identified four reference
points to delineate the boundaries of specific regions within the images, ensuring accurate
segmentation of follicular regions containing oocytes. Regions identified by the model
were cropped from the original images to create new ones for detailed analysis. The images
were acquired with an initial resolution of 432 dpi. Following preprocessing, the resolution
was preserved to retain the quality of the critical features for analysis.

In the newly generated images, we have 36 samples from the Cisplatin (Cis) class,
23 samples from the Exosome (Exo) class, 8 samples from the Cisplatin+Exo (CisExo) class,
10 samples from the Exosome+Cisplatin (ExoCis) class, and 14 samples from the Control
class. The distribution of images across these groups was imbalanced. For the classification
model to produce accurate and reliable results, each class (group) must be adequately
represented. To address this imbalance and prevent biased learning—where the model
might prioritize majority classes while underrepresenting minority classes—the ADASYN
(Adaptive Synthetic Sampling) method was employed [31].

ADASYN is specifically designed to address this issue by improving classification
performance when minority classes are underrepresented. It increases the number of
minority-class samples by generating new synthetic examples that are similar but not
identical to the existing data. The process involves the following:

o  Weighting of samples.
- The neighbors of each minority class sample are identified.

e  More synthetic data are generated for minority-class samples in less-represented regions.
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e  Synthetic data generation.

e  For each minority-class sample, synthetic data points are created through linear inter-
polation between the sample and its k-nearest neighbors.

e  Adaptive approach.

- Depending on the density of minority class samples, different numbers of syn-
thetic data points are generated. Less-dense areas receive more synthetic data.

This method generates synthetic samples to strengthen the representation of minor-
ity classes, such as CisExo (8) and ExoCis (10), ensuring balanced learning across all
groups. As a result, the classification model is expected to produce more balanced and
accurate results.

2.3. Training Process of the Obtained Images

The newly obtained images were used to train a k-NN (k-nearest neighbors) classi-
fier [32]. During the training process, specific points around the follicular region (brown,
white, and purple areas) were labeled to develop a model based on these annotations. The
images were scanned to gather the necessary data for training. The k-NN algorithm was
used to train the model, with the parameter k set to 3 based on experimental evaluation.
This value was chosen as it provided the best balance between model accuracy and com-
putational efficiency during preliminary testing (k = 3) [33]. Manual labeling of specific
regions was essential for developing the machine learning model. Once the classes were
defined, the model automatically applied them to all images.

2.4. Feature Extraction
Local Binary Pattern—LBP

The LBP operator is a method used to describe the texture of an image by evaluating the
relationships between a pixel and its neighbors [34]. The process involves the following steps:

e  Window selection: For each pixel, a specific neighborhood (usually a 3 x 3 window) is
selected around it.

e  Comparison: The intensity of the central pixel is compared to the intensities of the
neighboring pixels. If a neighboring pixel has an intensity greater than or equal to the
central pixel, it is marked as 1; if it is smaller, it is marked as 0.

e Binary encoding: The obtained 0s and 1s are arranged in a specific order to form
a binary number.

e  Pattern assignment: The binary number is assigned as the value of the central pixel,
thus generating the LBP codes.

e  Histogram creation: After extracting the LBP codes for all pixels, a histogram of these
codes is created to obtain texture features.

In general, LBPpR can be defined with three different circular neighborhoods where
P represents the number of neighbors and R represents the sampling radius. The LBP
operators we used are shown in Figure 2 [34,35].

LBPpR(xc) = Pi:lu(xp —x)2? 1)
p=0

uy)={1L,y >0 0,y <0}
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Figure 2. Used circular LBPpR operators.

Here, Xc represents the generated center pixel, Xp represents the neighbors of Xc, R
is the distance from the center pixel to the neighbors, and P is the number of neighbors
involved in the processing.

In this analysis, 3 x 3 windows were chosen as they effectively capture local tex-
ture information while being computationally efficient. This window size allows each
central pixel to be compared with its eight neighboring pixels (LBPg 1), making it possi-
ble to capture the fine details of the local texture. In this study, for all images, a total of
177 teatures were obtained from the RGB (Red, Green, Blue) channels, with 59 LBP features
extracted from each channel. When selecting the most important features from these,
Lasso (Least Absolute Shrinkage and Selection Operator) regression [36] was used. Lasso
regression is a popular regression method used to identify important features and eliminate
unnecessary ones in high-dimensional datasets. In cases where there are many features, it
improves the model’s performance and reduces overfitting by shrinking some regression
coefficients to zero, ensuring that only the most important features remain in the model.
Figure 3 shows how LBP operates on a sample image.

Original Image Binary pattern o
extraction Binary Pattem /’_ _-\

75 | 80 0 1 1 Binary value to decimal value
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1x39 dimension
Figure 3. LBP operates on a sample image.

Mathematical interpretation of Lasso regression: Lasso regression is a method used
to select important features from a dataset and eliminate unnecessary ones. This method
prevents overfitting by shrinking some regression coefficients to zero, thus retaining only
the most important features. The Lasso regression problem is explained by the formula
given in Equation (2).

p 2 P
(yi — ) Bjxij ) +A)_[B)] 2)
=1 =1

n
i=1 =
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y;: target variable;
x;j: input features;
Bj: regression coefficients;

A: the lambda parameter.

In this study, the lambda parameter was experimentally set to 0.0005 for the Cis, Exo,
ExoCis, CisExo, and Control groups. As the lambda value increases, more coefficients
converge to zero, and thus fewer features remain in the model.

2.5. Classification Methods
2.5.1. Support Vector Machines

Support Vector Machines (SVMs) are widely used machine learning methods in data-
driven research fields. They aim to find the optimal hyperplane that separates different
classes in classification problems [37-40]. SVM maximizes the margin between support
vectors of different classes, ensuring optimal class separation. In non-linear datasets, SVMs
cannot create a linear hyperplane. Therefore, kernel functions are used to transform the
data into a higher dimensional space where linear separation can be performed [41].

2.5.2. K-Nearest Neighbors (KNN)

K-nearest neighbors (k-NN) is a non-parametric classification method that assigns
a class to the data based on the similarity to other data points in the training set, by
calculating the distance to the k-nearest data points [42—44]. The k-parameter in this
method determines how many neighbors the data will be compared to. The classification
accuracy can be improved by experimentally determining the optimal value of k.

2.5.3. Artificial Neural Networks (ANNSs)

Artificial Neural Networks (ANNSs) are computational systems made up of simple
processing units (artificial neurons) that mimic the functions of the human brain [42,45,46].
ANN:Ss consist of inputs, weights, summation functions, activation functions, and outputs.
The goal of a neural network is to minimize the error between the outputs and the actual
values by adjusting the weights optimally. To achieve this, the weights are continuously
updated until the error falls below a threshold.

2.5.4. Decision Tree

Decision trees are logical models used to predict the value of a dependent variable
based on the values of independent variables [47-49]. A decision tree starts at the root and
branches out into leaves. Each feature (attribute) in the data represents the nodes of the tree,
while the leaves represent the class labels. The paths between nodes create the classification
rules [50]. Decision trees are frequently preferred due to their easy-to-interpret structure

Hyperparameter Optimization

In this study, Bayesian Optimization was applied for hyperparameter optimization of
the machine learning methods used. Bayesian Optimization is an effective approach for
increasing model accuracy and minimizing the trial-and-error process during hyperparam-
eter selection.

2.6. Performance Metrics

To evaluate the prediction performance of classification models, metrics such as the
confusion matrix, precision, recall, F1 score, and accuracy are used. The confusion matrix
is one of the intuitive metrics used to determine the accuracy of a model [51]. It is a table
produced by comparing the predicted values with the actual data expressing whether
the model produces correct results using four metrics. These four metrics consist of True
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Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN) values. The
confusion matrix is shown in Figure 4.

Actua

¥\

True Positive False Positive

3 /! (TP) (FP)

f \ False Negative| True Negative
(FN) (TN)

Figure 4. Confusion matrix.

The values obtained from the confusion matrix are as follows:
e  Accuracy indicates the proportion of correct predictions for the obtained data, as
shown in Equation (3) [52]:
TP+ TN
TP+FP+TN+FN

Accuracy = ®)

e  Sensitivity (also known as recall) is a metric that shows how many of the cases that
should have been predicted as positive were actually predicted as positive [52]. It is
calculated as shown in Equation (4):

TP

TP+ FN @

Sensitivity =
e  Precision indicates how many of the values predicted as positive are actually posi-
tive [52]. It is calculated as shown in Equation (5):

TP

TP+ FP ®)

Precision =

e Fl score is the most standard way to represent the balance between precision and
sensitivity in a single performance measure. The F1 score is obtained by calculating

the harmonic mean of these metrics instead of their arithmetic mean, as shown in

Equation (6) [52]:
2 * Precision * Sensitivity
Precision + Sensitivity

F1 score = (6)
e  Specificity is a measure of how well the classifier predicts the True Negative values.
The formula is shown in Equation (7) [52]:

TN

_— 7
TN+ FP @

Specifity =

3. Results

The proposed study aims to analyze the effects of cisplatin (a chemotherapy drug) [53]
and exosomes derived from mesenchymal stem cells, which have a reparative effect [54],
on the female ovaries of cancer patients. In this study, we have five groups: Cis (cisplatin-
treated groups), Exo (exosome-treated groups), ExoCis (groups treated with exosome
followed by cisplatin), CisExo (groups treated with cisplatin followed by exosome) and
Control (healthy groups).

According to the information obtained from pathology experts [55], it is known that
the exosome treatment group for cancer patients has a reparative effect [54] and its results
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are close to the Control group. A noticeable difference is observed between the Control
group and the cisplatin-treated cancer patients. Based on this information provided by
experts, to present more definitive results regarding the comparisons between groups, the
results were analyzed by classifying them using machine learning methods such as ANN,
SVM, KNN, and DT.

The classification was performed by creating groups between the Control group and
the Cisplatin and Exosome groups, as shown in Figure 5.

CONTROL

EXO EXO+Cis Cis+EXO cis

comon,-laxo{ ‘comon,-nxo:fcls ‘ lcom‘non,-cismxo‘ | CONTROL - Cis

Figure 5. Classification groups.

During the study, 59 LBP features were extracted from each of the RGB (Red, Green,
Blue) channels for the images in each group, resulting in a total of 177 features per image.
Despite the complexity and limited distinctiveness of other features, LBP was chosen
for this study due to its ability to represent tissue differences quickly, efficiently, and
with high accuracy [56]. The distribution of the mean LBP features for each group is
illustrated in Figure 6 using a violin plot. Lower LBP values indicate a more homogeneous
tissue structure, whereas higher values reflect increased heterogeneity. In the graph, the
CisExo group exhibits a narrow distribution, indicating that its features are concentrated
within a specific range and show low variance. This suggests that the CisExo group has
a more homogeneous texture. In contrast, the ExoCis group displays a broader distribution
compared to the other groups, with higher intensity at the extremes, indicating greater
variability in feature values. This broad distribution suggests that the ExoCis group may
possess a more heterogeneous texture. The Control group, on the other hand, exhibits
a moderately wide distribution, with most features concentrated around a central value and
less spread toward the extremes. This indicates that the Control group has a moderately
homogeneous structure. In conclusion, the LBP features reveal that the CisExo group has
the most homogeneous structure, while the ExoCis group shows the highest heterogeneity
and variability. The observation that the ExoCis group is more heterogeneous than the
CisExo group but closer to the Control group suggests fewer pronounced pathological
changes. These findings indicate that the ExoCis group may have undergone a better
recovery process compared to the CisExo group.

The extracted LBP features were analyzed using statistical methods. However, due to
the large number of features (177 in total), the results were not included in the manuscript
but were provided as a Supplementary File. A normality test was performed for all features;
however, as none of the features followed a normal distribution, the Kruskal-Wallis test
was applied to all of them. For features that showed significant differences among groups,
a post hoc analysis (Dunn test) was performed to identify which groups (Cis, Exo, CisExo,
ExoCis, and Control) differed significantly. As a result, 51 features were found to exhibit
significant differences, and post hoc analysis revealed significant differences specifically
between the CisExo-Cis and CisExo-Exo groups. Please refer to the Supplementary File for
detailed statistical test results (p-values). The statistical test analyses were performed using
the R statistical software (R-4.4.2 version).

Unique features for each feature set were selected from the extracted features. Sub-
sequently, the classification results of these features between the Control and Cisplatin
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groups were evaluated. As shown in Table 1, the DT classification achieved an accuracy of
73% =£ 0.06 and an F-score of 75% =+ 0.03 for the Control and Cisplatin groups. In contrast,
the KNN, ANN, and SVM methods achieved accuracy values close to 91.33%.
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Figure 6. A violin graph displaying the mean of 177 features.

Table 1. Performance metrics for classification between Control and Cisplatin groups.

Accuracy CorrecRate  Sensitivity  Specificity Precision NPV F-Score
DT 073+0.06 075+£002 074+005 076+004 077£003 073+0.03 0.75+0.03
KNN 092+£0.02 092+002 0904002 095+0.03 095+£003 090=+001 0.92+0.02
SVM 090+0.02 087+001 081+002 093+004 093+£0.04 082+£001 0.86=+0.01
ANN 092+0.05 086+£0.05 0.81+0.04 0.92 +£0.1 0924+0.09 082+0.04 0.86=+0.05
The classification results between the Control and Exo groups are presented in Table 2.
The SVM classification achieved an accuracy of 59% = 0.07 and an F-score of 57% = 0.08.
Meanwhile, the DT, KNN, and ANN methods achieved approximately 68.33% accuracy,
with F-scores of 75% =+ 0.03, 65% =+ 0.04, and 60% =+ 0.02, respectively.
Table 2. Performance metrics for classification between Control and Exo groups.
Accuracy CorrecRate  Sensitivity  Specificity Precision NPV F-Score
DT 0.67+0.04 073£003 078+0.03 067+£005 072+£003 074+0.04 0.75+0.03
KNN 070+ 0.04 067£001 060+£0.09 075+£0.09 073£004 064+0.03 0.65+0.04
SVM 059+£0.07 057+008 055+0.07 060+011 060+£0.09 055+008 0.57+0.08
ANN 068+0.05 065+003 051+004 079+0.08 074+006 0.60+001 0.60=+0.02

The results of the Control and CisExo groups are analyzed in Table 3. After analyzing
the KNN classification results, an F-score of 89% = 0.04 and an accuracy of 90% = 0.03 were
achieved. In the SVM results, an accuracy of 86% = 0.07 and an F-score of 88% =+ 0.06 were
obtained. For the DT classification, an accuracy of 76% =+ 0.12 and an F-score of 77% = 0.08
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were recorded, while in ANN, an accuracy of 88% =+ 0.05 and an F-score of 89% =+ 0.05

were achieved.

Table 3. Performance metrics for classification between Control and CisExo groups.

Accuracy CorrecRate  Sensitivity  Specificity Precision NPV F-Score
DT 076 £012 075+£008 078+0.11 073+0.06 076006 075+011 0.77£0.08
KNN 090+0.03 089+£004 08+003 093+£005 093£005 084+0.04 0.89+£0.04
SVM 0.86 +£0.07 087+£006 090+0.06 084+008 087006 088+0.06 0.88+0.06
ANN 0.88+0.05 087+£006 091+0.07 083+011 0.86=+£007 090+0.08 0.89 £ 0.05
The results for the Control and ExoCis groups are shown in Table 4. According to the
evaluation results, the accuracy for SVM, ANN, and KNN classification is approximately
74.66%, while the DT classification yields an accuracy of 61% =+ 0.02.
Table 4. Performance metrics for classification between Control and ExoCis groups.
Accuracy CorrecRate  Sensitivity  Specificity Precision NPV F-Score
DT 061+0.02 070£005 062+000 079+£010 074£009 069+0.03 0.67+£0.04
KNN 075+0.04 070£006 082+0.07 060+£013 0.66+=007 078+0.06 0.73£0.04
SVM 0.75+0.05 075+£006 0894004 061+014 0.69+£009 086+0.04 0.78+£0.04
ANN 0.74+0.06 068+£002 071+0.08 066+0.09 0.66+004 071+0.03 0.68+£0.03
The distribution of accuracy values obtained for the Control-Cis, Control-CisExo,
Control-Exo, and Control-ExoCis groups using four different classification algorithms (DT,
KNN, SVM, ANN) across five trials is illustrated in Figure 7.
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Figure 7. Accuracy results of five different groups’ classification performance.

The performance of each classification algorithm varies among the different groups.
For instance, in the Control-Cis group, the KNN and DT algorithms exhibited higher
accuracy rates compared to other models. However, SVM and ANN models demonstrated
a wider range of accuracy values, occasionally yielding lower accuracy scores. This suggests
that these models may be more affected by variances within this group.
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In the Control-CisExo group, the DT model achieved the highest accuracy. Similarly,
the KNN and ANN models also produced high accuracy rates, while the SVM model’s
accuracy was generally lower. This indicates that the SVM model performed less effectively
for this group.

In the Control-Exo group, there was a noticeable difference between the DT and ANN
models. The DT model generally performed better, whereas the KNN model yielded lower
accuracy compared to other models. This group highlights the DT model as the standout
performer, providing higher accuracy rates overall.

For the Control-ExoCis group, the ANN and SVM models achieved higher accuracy
rates, while the accuracy values for the KNN model were spread across a wider range. The
DT model demonstrated lower accuracy in the Control-ExoCis group.

4. Discussion

This study aimed to identify the damage caused by cisplatin, a chemotherapeutic agent
administered to cancer patients, on female ovarian tissue and to analyze the restorative
effects of exosomes derived from mesenchymal stem cells. The classification results for Cis,
Exo, Control, CisExo, and ExoCis groups were evaluated.

Images from the female reproductive system, particularly follicular images containing
oocytes, obtained from the pathology laboratory were included in the analysis. To define
the region’s boundaries in the images, a model based on artificial intelligence was used
to select four reference points. Oocyte-containing follicles were cropped from the images
within the specified coordinates, generating new images for detailed analysis.

A total of 177 features were extracted per image, including 59 LBP features from each
RGB channel. A k-NN classifier was used [32]. Specific points around the follicle (brown,
white, and purple regions) were labeled. This trained model was then applied to all images
to generate enhanced, trained versions of the images.

To identify the most significant features, Lasso regression was applied with an ex-
perimentally determined lambda value [36]. The selected unique features for each group
were classified using ANN, KNN, SVM, and DT models. The selected distinctive features
enhanced classification precision.

Due to the restorative effects of the Exosome group, experts hypothesized its similarity
to the Control group. Upon examining the accuracy values of classification models for
the Control-Exo group in Table 2, DT achieved 67% = 0.04, KNN achieved 70% = 0.04,
SVM achieved 59% =+ 0.07, and ANN achieved 68% = 0.05. The classification performance
of the models was lower for the Control-Exo group compared to the Control-Cisplatin
group, likely due to the similarity of features selected for the Control and Exo groups.
Furthermore, the violin plot shown in Figure 6 confirms that the Control group and the
Exo group are similar in terms of features.

For the Control-Cisplatin group, a high classification performance was anticipated
due to the selection of distinctive features. As shown in Table 1, the results for KNN,
SVM, and ANN were 92% = 0.02, 90% = 0.02, and 92% = 0.05 accuracy, respectively. The
significant differences in the features between the Control and Cisplatin groups enabled
the classification models to distinguish these groups with approximately 91.33% accuracy.

The classification results for the Control and Exo-Cis groups (Table 4) revealed an
accuracy of 61% =+ 0.02 for the DT model, while KNN, ANN, and SVM achieved approxi-
mately 74.66% accuracy. Despite expectations that the Control-ExoCis group would yield
results similar to the Control-Cis group, it was observed that administering exosomes
before cisplatin had a modest restorative effect, reducing the impact of cisplatin compared
to the Control-Cis group.
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Analysis of the Control and Cis-Exo groups (Table 3) revealed that the exosome ad-
ministered after cisplatin was expected to have a restorative effect, leading to similarities
between the Control group and Cis-Exo group’s distinctive features. Contrary to expecta-
tions, DT achieved 76% =+ 0.12 accuracy, whereas the other models yielded approximately
87% accuracy. These findings suggest that exosomes administered after cisplatin did not
effectively restore the damage caused by cisplatin.

In the classification of Control and Cis groups, the KNN algorithm outperformed
others with an accuracy of 92% and an F-score of 92%. Similarly, ANN and SVM algorithms
demonstrated strong performances, achieving over 90% accuracy. For the Exo and Control
groups, ANN provided balanced results with an accuracy of 68% and an F-score of 60%.
Particularly in the CisExo group, the high accuracy and F-score values obtained by ANN
and KNN algorithms indicated that the features of this group were more effectively learned.

According to the boxplot results in Figure 1, DT and ANN models displayed narrower
accuracy ranges and lower standard deviations, reflecting more consistent and stable
performance. These models achieved similar accuracy levels across different groups,
demonstrating less variability. On the other hand, KNN and SVM models exhibited broader
accuracy ranges and higher standard deviations, indicating more variable performance.
SVM, in particular, showed low accuracy in some groups, resulting in more pronounced
fluctuations and higher standard deviation. Overall DT and ANN provided more consistent
results, while KNN and SVM showed greater variability.

The analyses suggest that exosome administration may be an effective method to
mitigate the side effects of cisplatin on ovarian tissue in female cancer patients. Additionally,
this study highlights the potential of exosome-based therapeutic approaches to reduce
chemotherapy side effects. The high homogeneity and classification success observed in the
CisExo group support the notion that exosome application can alleviate cisplatin-induced
damage. This finding is significant for developing strategies to minimize cisplatin’s side
effects and preserve reproductive health post-cancer treatment.

The analysis of LBP features was conducted using statistical methods, resulting in a
total of 177 features. Since none of the features followed a normal distribution according to
the normality test, the Kruskal-Wallis test [57,58] was applied. For features that showed
significant differences, a post hoc Dunn test [57] was performed, identifying 51 features with
significant differences. Notably, significant differences were observed between the CisExo-
Cis and CisExo-Exo groups. When visualized based on p-values [57] for the significant
features, feature 114 demonstrated better performance compared to the others.

To further evaluate classification performance and provide a comparative perspective,
we also applied a deep learning-based approach using AlexNet. Below, we summarize its
methodology and findings.

A five-fold cross-validation strategy was applied, with training and test datasets
randomly split for each fold. Transfer learning was employed by fine-tuning AlexNet’s
pre-trained network, where the final layers were modified to match the dataset. The
training process used the Adam optimizer with a learning rate of 0.0001, a mini-batch
size of 16, and 12 epochs. Classification performance was evaluated using precision,
recall, specificity, accuracy, and F1-score metrics. The results revealed that the highest
classification accuracy was achieved in the Control vs. Cisplatin group, consistent with the
distinct textural alterations caused by cisplatin. The lowest accuracy was observed in the
Control vs. Exosome group, supporting the finding that exosome-treated tissues closely
resemble the Control group in texture. Furthermore, the Exosome + Cis group showed
lower classification accuracy compared to Cis + Exosome, reinforcing the significance
of treatment sequence on tissue recovery. While AlexNet-based deep learning provided
robust classification performance, its inability to elucidate specific histopathological feature
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changes limits its interpretability. Therefore, LBP-based feature extraction and machine
learning approaches remain more suitable for understanding the mechanistic effects of
cisplatin and exosome treatments on ovarian tissue structure.

For the first time in the literature, this study analyzed the effects of cisplatin and
exosomes on female ovarian tissues using histopathological images with LBP-based fea-
ture extraction and machine learning classification methods. The multiclass framework,
including different combinations of cisplatin and exosome treatments, provided a detailed
examination of pre- and post-treatment conditions. This study introduces a novel approach
for clinical and biomedical research. By comparing the performance of various machine
learning algorithms, the effects of cisplatin and exosomes were analyzed more precisely.

5. Conclusions

In conclusion, previous studies highlight that exosomes possess advantages such
as high biocompatibility and long-term circulation, making them an ideal candidate for
therapeutic effects [59,60]. In light of this information, this study demonstrates for the
first time that exosome pre- and post-treatment applications reduce cisplatin-induced
ovarian damage in rats, through feature extraction using the LBP method and classification
of the obtained results using machine learning techniques (Tables 1-4). The findings
derived from LBP-based feature extraction reveal significant differences between the groups
and indicate that the reparative effect of exosomes is reflected both at the tissue and
classification metric levels. According to our study’s findings, exosome treatment in
cancer patients has been supported by classification results showing that it can improve
ovarian follicle and oocyte quality by exhibiting anti-inflammatory and anti-apoptotic
effects. The characteristics of the Exosome group, which showed similar results to the
Control groups, and some features that could not be classified, leading to lower values
compared to other groups, are shown in Table 2. The data from this study also quantitatively
demonstrate the therapeutic potential of exosomes. Additionally, in line with predictions by
expert pathologists, the increase in AMH levels, and the decrease in cytokine production,
exosome treatment prior to cisplatin administration resulted in more morphologically
normal follicles and less apoptosis compared to the Cis + Exo treatment group [61].

The results obtained point to the potential of the novel methods we used for the first time
in this field to provide an innovative contribution to pathological findings in the literature.
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