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ABSTRACT

Objective: The objective of this study is to differentiate between uterine leiomyomas (ULM) and uterine leiomyosarcomas (ULMS) by conducting molecular differential
analysis and identifying potential prognostic biomarkers for diagnosis.

Methods: The microarray datasets (GSEID: GSE64763 and GSE185543) were retrieved from the Gene Expression Omnibus database. Data preprocessing and differ-
ential gene expressions (DEGs) analysis were performed. The DEGs were further intersected to find the common DEGs in ULM and ULMS and further validation of
selected DEGs were performed. Further, a machine learning classifier was also applied in the selection of biomarkers. Protein-protein interaction network based upon
STRING v 10.5, was constructed. Additionally, Gene Ontology (GO) and KEGG (Kyoto Encyclopedia of Genes and Genomes) pathway enrichment analyses were also
performed to dissect possible functions and pathways.

Results: A total of 50 significant DEGs for ULM while 321 DEGs for ULMS have been identified with their official gene symbol. Between ULM and ULMS, a total of 14
common DEGs were identified of which 8 were up-regulated while 6 were down-regulated. The DEGs of (GSE185543) were also analyzed and the significant genes
were retrieved common in both datasets for further analysis. Using a machine learning approach, 10 feature genes were identified. Using the expression profiles of
these genes, a sequential minimal optimization (SMO) prediction model was built on the training set, and it accurately and reliably classified features expression in
ULM and ULMS in the independent test set. Furthermore, Co- Enrichment analysis was also performed.

Conclusion: The study identified several DEGs, including ZNF365, EPYC, COL11A1, SHOX2, MMP13, TNN, GPM6A, and GATA2, through cross-validation, machine
learning classifier, and Co- Enrichment analysis. These candidate disease genes may provide valuable insight into the underlying mechanisms and could be used as
potential diagnostic biomarkers for ULM and ULMS. However, further validation of these genes is necessary to better understand their roles in the pathogenesis of ULM
and ULMS.

1. Introduction including the extracellular matrices are commonly found in the pelvic
area of those women bearing their reproductive ages.? Uterine leio-

The uterus, derived from paramesonephric organogenesis, is an myosarcomas (ULMS) are rare malignant tumors known for hematoge-

essential supportive organ for prenatal growth and development in Eu-
therians. Histologically, the uterus has an inner mucosal layer (endo-
metrium) and an outer muscular layer (myometrium).' The myometrium
is composed of highly vascularized smooth muscle cells which help in
inducing contraction during childbirth.? Uterine leiomyomas (ULM) or
uterine fibroids are benign lesions of unspecified etiology that mainly
arise from myometrium.® These lesions composed of smooth muscles

nous transmission leading to recurrence at both native and distant areas
of uterine smooth muscles.’

According to the National Institutes of Health (NIH) India, approxi-
mately 25% of Indian women were found to be suffering from ULM.°
Among these cases, nearly 25% exhibited different symptoms, including
excessive bleeding, pelvic pain, pregnancy-related complications, and
menstrual cramps.” The incidence of ULMS cases was found to be around
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25%~36% in women aged 50-60 years.®Various predisposing factors
such as obesity, stress, smoking, age, and race (with a highly prevalent in
African-American women), along with hormonal imbalances like estro-
gen, have been associated with the occurrence of leiomyoma. Addition-
ally, some genetic factors have also been found to be associated with the
diseases.” It was suggested that over-expression of HMGAZ2 gene has been
observed in both ULM and ULMS due to chromosomal aberration,
although this area of research requires further investigation.'® It has been
shown the genetic changes in both the TP53 and MED12 genes of ULMS
and ULM suggests some common link between these two uterine path-
ological conditions.'’ However, due to similar patterns of pathological
appearance, it may be difficult to differentiate between these two gyne-
cological conditions. Furthermore, at the molecular level, due to un-
availability of specific marker genes makes it more difficult to diagnose
the disease. Therefore, there is a pressing need for more investigation to
identify biomarkers associated with both ULM and ULMS cases to aid in
better diagnosis and treatment.

To date, ULM and ULMS have shown resistant to various chemo-
therapeutic agents, and adjuvant therapies have not been very promising
in treating these tumors.'? To gain a better understanding the pathobi-
ology of these lesions, a comparative study was conducted, comparing
them with normal myometrium. However, only a few genes associated
with ULM and ULMS have been identified to be responsible for the
pathogenicity of the diseases. So, to search for more candidate genes and
to disclose their mechanism at the molecular level inclusive in silico
approach using different bioinformatics software was applied. The pur-
pose of the present study is to screen potent biomarkers of ULM and
ULMS diseases. The present study includes the gene expression datasets
(ID: GSE64763 and GSE185543) analysis to identify differential gene
expressions (DEGs). A comparison study was also performed by taking
different datasets (GSE185543; RNA seq dataset) and differential
expression analysis was performed and significant genes retrieved were
used to find the common significant genes from both datasets which
would play a vital role in both ULM and ULMS cases. Machine Learning
Approach (ML) was also applied in the identification of important bio-
markers. The construction of protein-protein interaction (PPI) networks
was performed based on the combined score. Enrichment and functional
analysis of DEGs were also performed. Finally, after applying different in
silico selection criteria DEGs common between ULM and ULMS were
identified as potent biomarkers responsible for ULM and ULMS
pathogenesis.

2. Materials and methods
2.1. Retrieval of microarray gene expression profile

Using NCBI Gene expression Omnibus (GEO) datasets (http
s://www.ncbi.nlm.nih.gov/geo/)12 the raw gene expression profile
(ID: GSE64763)'>'* dataset was retrieved. The sample datasets were
obtained for ULMS, ULM, and normal myometrium (NM) tissue speci-
mens. In this dataset RNA was hybridized to HG-U133A_2 Affymetrix
Human Genome U133A2.0Array at GPL571 platform. The series includes
a total of 79 samples with 25 ULM, 25 ULMS, and 29 NM samples.
Another dataset (GSE185543; RNA seq dataset) was also retrieved as
containing a total of 9 samples (6 for ULMS and 3 for ULM cases). This
dataset was analyzed separately to find hub genes that are common to
both datasets. Different bioinformatics tools were used for the study of
differential gene expressions in ULMS, NM, and ULM samples. Series
matrix and platform files were retrieved in TXT file format.

2.2. Preprocessing dataset and screening DEGs

The preprocessing of retrieved raw datasets involved several steps.
Firstly, the values of gene expression of probes related to specific genes
were averaged. Subsequently, BiGGEsTs software!® was utilized to
identify up-regulated and down-regulated genes. GEO2R (https://www

Gynecology and Obstetrics Clinical Medicine 3 (2023) 154-162

.ncbi.nlm.nih.gov/geo/geo2r/) tool was used for converting the
probe-level symbols into gene-level symbols. It is a web-based tool where
the comparison between two or more datasets was carried out in a GEO
series to identify DEGs. The adjusted p-value across experimental con-
ditions using Benjamini and Hochberg false discovery rate was per-
formed to find the statistically significant genes. The selected DEGs have
<0.05 adjusted p values and threshold log fold change (FC) values > 0.1
for up-regulated and <-0.1 for down-regulated genes.

2.3. Machine learning approach

In the study, 70% of samples were selected randomly as the training
set. The attribute feature selection method was used as a filter on the
training set to select feature genes, which was implemented using Waikato
Environment for Knowledge Analysis (WEKA) software.'® Three
well-known supervised classification methods (Naive Bayes, Sequential
Minimal Optimization, and J48 tree) were utilized to create classification
models using the training set, with default parameter settings in WEKA.!”
J48, sequential minimal optimization (SMO), and Naive Bayes are three
popular classifiers used in differential gene expression analysis, which is a
common task in bioinformatics and computational biology. These classi-
fiers are used to identify genes that are differentially expressed between
different conditions or groups (e.g., healthy vs. diseased, treated vs.
untreated).

2.3.1. J48 (C4.5 decision tree algorithm)

J48 is an implementation of the C4.5 algorithm, which is a popular
decision tree-based classification algorithm. In the context of gene
expression analysis, J48 constructs a decision tree using the expression
levels of genes as features to classify samples into different groups or
conditions. The decision tree is built based on the information gained or
other criteria to split the data into subsets, and the resulting tree is then
used for classification. J48 is known for its simplicity, interpretability,
and ability to handle both categorical and continuous data.

2.3.2. Sequential minimal optimization

Sequential Minimal Optimization (SMO) is a support vector machine
(SVM) algorithm used for classification tasks. SVM is a powerful and
widely used supervised learning method that aims to find an optimal
hyperplane that separates data points of different classes with the largest
margin. In differential gene expression analysis, SMO can be applied to
classify samples based on the expression levels of genes, identifying
which genes are most informative for distinguishing between different
conditions.

2.3.3. Naive Bayes classifier

The Naive Bayes classifier is based on the application of Bayes' the-
orem with the assumption of independence among features (genes in this
context). Despite the “naive” assumption, it has shown to be surprisingly
effective in many text and classification tasks, including gene expression
analysis. In this approach, the probability of a sample belonging to a
certain condition is estimated based on the joint probabilities of the
expression levels of individual genes in that condition. It's a computa-
tionally efficient method and can handle large datasets with many fea-
tures (genes) quite well.

These models were then evaluated for their performance using
tenfold cross-validation. The best-performing classifier, which had the
highest accuracy, was selected from the training set and further evalu-
ated on an independent test set (as a 30% split dataset randomly), which
consisted of 7 samples from patients with ULM and 7 samples from ULMS
patients. Various evaluation metrics, such as precision, recall, F-measure,
Matthews correlation coefficient (MCC), AUC, auPRC, true positive rate,
false positive rate, and Kappa statistic were used to assess the perfor-
mance of the classifier on the test set.

In differential gene expression analysis, researchers often use these
classifiers to build predictive models to determine which genes are most
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important for distinguishing between different groups or conditions.
These methods can provide valuable insights into the molecular mech-
anisms underlying diseases or the effects of specific treatments, helping
researchers to better understand the complex processes involved in gene
regulation and disease development.

2.4. Generation of principal component analysis and heatmap plots

Using the online tool ClustVis,'® a heatmap and Principal component
analysis (PCA) plot were generated for DEGs. This tool can support up to
a maximum of 2 MB of file size thus it was impossible to generate a PCA
plot for the total gene expression dataset.

2.5. PPI network and sub-network construction

To predict functional interactions among proteins, an online tool
STRING version 10.5'° (https://www.string-db.org/) was employed.
This online tool provides combined scores between gene pairs for
protein-protein interactions. For the present study, the DEGs which were
identified were uploaded to this online database and a combined score
>0.4 was set as the parameter for analysis. Then Cytoscape v 3.2.1(http:
//Www.cytoscape.org),zo an in-silico software package was used for
different network and sub-networking creation. Degree and edge
betweenness criteria were employed for constructing networks. Different
nodes within the network, important in protein interactions were
retrieved by ranking each node related to its score. Most scale-free net-
works were only considered, the hub genes with degrees >10 were
screened out. For a simplified outlook of the full network isolated nodes
and unconnected pairs with single edges were removed.

2.6. DEGs functional analysis

All the nodes in the network were enriched for their functions and
pathways. DAVID (Database for Annotation, Visualization, and Integrated
Discovery) software?! (https://david.abcc.nciferf.gov) integrates an
extensive set of functional annotations of large sets of gene records. The
Gene Ontology (GO) functional annotation provides refers to the biological
functions description for gene and protein functions through of biological
functions using standard expression terms for gene and protein functions in
various databases. This project was established by the Gene Ontology
Consortium is founder of this project. GO enrichment analysis involves
molecular function (MF), cellular component (CC), and biological process
(BP) which by using DAVID v 6.8 and STRING v 10.5 tools were per-
formed. Depending upon the hypergeometric distribution, DAVID uses a
whole set of genes based on similar or closely associated functions.

2.7. Statistical analysis

For data organization and storage, Microsoft Excel 2013 was utilized.
DEG was characterized as a gene with an fold change (FC) value range
>1.2 or < 0.8. Visualization by color intensity of average FC of important
gene (p < 0.05) was also carried out, red for up-regulation, and blue for
down-regulation. The statistical analysis was performed by comparing
groups using t-test. Multiple comparisons were performed using One-way-
ANOVA. The significance level was set at p < 0.05. Moreover, to evaluate
enrichment analysis (@« = 0.05) of these DEGs in each classification Fisher's
fine test was applied. Also, by searching the KEGG database, Fisher's fine
testing evaluated the enrichment significance of DEGs in each signaling
pathway, to find the significant signaling pathway (a = 0.05).

3. Results
3.1. Selection of DEGs between ULM and ULMS

Microarray data of ULM, ULMS, and control specimens were
normalized (Supplementary Fig. 1) using GEO2R. The dataset
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(GSE64763; RNA Seq) revealed a total of 50 significant DEGs for ULM
while 321 DEGs for ULMS have been identified with their official gene
symbol. In ULM, out of total DEGs, 29 were up-regulated and 21 were
down-regulated while in ULMS, 154 were up-regulated and 167 were
down-regulated (Fig. 1A and B) (Supplementary File 1). Among total
DEGs, 8 up-regulated DEGs while 6 down-regulated DEGs were found to
be common between ULM and ULMS (Fig. 1C and D). The p-value <0.05
and | log2 FC > 0.1 were used as selection criteria. Based on the average
gene expression value DEGs were selected. Further, 2 DEGs in ULMS and
1 DEGs in ULM were found to be common in Online Mendelian Inheri-
tance in Man (OMIM) and Gene Cards. Moreover, the RNA Seq dataset
(GSE185543) revealed 2970 significant DEGs where 2113 genes were
found upregulated and 855 were found downregulated (Supplementary
Fig. 2 and Supplementary File 2).

3.2. Principal component and hierarchical clustering analysis of DEGs

Principal component analysis for ULM and ULMS reveals a scatter plot
showing a total variance of 50.6% and 44.9% corresponding to the
principal component 1 (x-axis) while 7.3% and 7.4% corresponding to
principal component 2 (y-axis) respectively (Supplementary Figs. 3A and
3B). Heat-map shows a data matrix where coloring gives an overview of
the numeric differences. Two separate heat maps for ULM and ULMS
were constructed for respective differential expressed genes (Supple-
mentary Figs. 4A and 4B).

3.3. Known disease genes and candidate genes to ULM and ULMS

Cross-validation of DEGs related to ULM and ULMS reveals 14 com-
mon DEGs of which 8 were up-regulated while 6 were down-regulated.
However, out of these common DEGs, only 10 DEGs were found to
have combined scores> 0.4 and hence included in the interaction
network (Fig. 2A). Furthermore, we were interested to know the genes
which have already been validated. For this, we compared our DEGs list
with annotated gene list obtained from OMIM and Gene Cards (Fig. 2B)
which leads to the identification of only 3 known disease genes (2 for
ULMS and 1 for ULM; represented as a red and blue triangle in the
network). Direct neighbors of these three known genes were considered
candidate genes related to ULM and ULMS; this yields a total of 4
candidate genes which are shown in Fig. 2C. All the common as well as
known candidate genes related to ULM and ULMS both were found to be
significantly altered when plotted against average gene expression value.
Out of 13 common as well as known candidate genes, 9 genes namely
Kinesin Family Member 5C(KIF5C) with significant p-value 1.95E-10,
Zinc Finger Protein 365(ZNF365) with significant p-value of 4.29E-08,
Epiphycan precursor(EPYC) with significant p-value 3.39E-03,
COLLAGEN, TYPE XI, ALPHA-1(COL11A1) with significant p-value of
5.96E-08, Short Stature Homeobox 2(SHOX2) with significant p-value of
9.59E-11, Matrix metalloproteinase 13(MMP13) with significant p-value
of 1.29E-03, Tenascin N(TNN) with significant p-value of 5.16E-02, Ring
Finger Protein(RNF128) with significant p-value of 1.21E-03, RAD51
Paralog B(RAD51B) with significant p-value of 1.35E-08 were up-
regulated while 3 genes namely GATA Binding Protein 2 (GATA2) with
significant p-value of 7.06E-13, Glycoprotein M6A (GPM6A) with sig-
nificant p-value of 1.35E-08, Estrogen Receptor 1 (ESR1) with significant
p-value of 9.57E-02 and PDGFRA(platelet-derived growth factor receptor
alpha) with significant p-value of 3.85E-01 were down-regulated. How-
ever, from RNA seq dataset analysis the significant genes retrieved were
matched with the above-mentioned significant genes to find some com-
mon genes from both datasets. Few significant genes were found to be
common in both datasets namely COL11A1, and SHOX2 as up-regulated
genes, and GATA2 as down-regulated genes.

3.4. Performance evaluation of ULM and ULMS classifier

Using the Training set, the number of features (14) selected after
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Fig. 1. Venn diagram showing common DEGs in ULM and ULMS. Total DEGs with up-regulated and down-regulated genes. The red rectangle highlights the UP and
down-regulated genes common in both cases. Venny tool v 2.1.0 was used to draw the Venn diagram.
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Fig. 2. Venn diagram showing the common as well as known uterine fibroids. The red rectangle highlights the common genes between ULM and ULMS as well as
related candidate genes. Venny tool v 2.1.0 was used to draw the Venn diagram.
Note: ULM: uterine leiomyoma; ULMS: uterine leiomyosarcoma; NM: normal myometrium.

cross-validation including the expression values of these selected features
were applied to the filter using attribute selection containing (Info gain
attribute eval and ranked as options) which selected 10 features (GPMAG6,
GRAMD3, COL11A1, ZNF365, SHOX2, LMBRD1, EPYC, ABCA8, MMP13,
and TNN) among 14 features which were applied to three supervised ML
algorithms to generate classifiers — treeJ48, NB and SMO, depending
upon the training set. We first executed tenfold cross-validation to clas-
sify ULM and ULMS samples. All classifiers were conducted well with a
precision of 69.4% for tree J48, 77.7% for NB, and 80.55% for SMO
(Table 1). After conducting a thorough assessment of various metrics, it
was found that the SMO classifier outperformed the others. The SMO
classifier was built using the entire training set and was then tested on an
independent set where it achieved 78.57% accuracy, and its rate per-
formance was also evaluated using different criteria, such as precision,
recall, F-measure, MCC, auPRC, true positive rate, false positive rate, and

Kappa statistic. The precision of the SMO classifier was 79%, and its F-
measure was 0.792. The MCC value was 0.57, and the auPRC area was
0.72. The true positive rate was 0.78, while the false positive rate was
0.21, and the Kappa statistic was 0.57. These results confirmed that the
SMO classifier was highly accurate and that the 10-gene feature is an
important biomarker for both ULM and ULMS.

3.5. The protein-protein interaction network

For the protein-protein interaction network, all DEGs with a com-
bined score >0.4 (283 gene pairs out of 371 DEGs) were used which
yielded one main network having 266 nodes and 883 edges (Supple-
mentary Fig. 5) while a separate network of DEGs with combined score
>0.9 was extracted separately. A total of 110 DEGs with a combined
score >0.9 were included in the network (red node for upregulated and
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Table 1
All three classifiers' accuracy and rate performance on the training set.

Gynecology and Obstetrics Clinical Medicine 3 (2023) 154-162

Classifier Precision F-Measure MCC auPRC TP Rate FP Rate Kappa statistics
NB (Naive Bayes) 0.78 0.77 0.559 0.76 0.77 0.22 0.55
J48 0.7 0.69 0.39 0.64 0.69 0.30 0.38
SMO 0.81 0.80 0.62 0.75 0.80 0.19 0.61

NB: Naive Bayes, SMO: sequential minimal optimization, MCC: Matthews correlation coefficient, auPRC: area under the precision-recall curve, TP: true positive, FP:

false positive.
blue node for down-regulated) (Fig. 3).

3.6. Functional enrichment analysis

Gene ontology enrichment analysis for DEGs of ULM and ULMS was
performed and significantly enriched functions, processes, and cellular
components (p-value <0.05) were listed in Supplementary File 3. Major
significant (p-value <0.05) processes enriched for ULM were regulation
of cell death, regulation of apoptosis, cell-cell adhesion, and cell
morphogenesis (Fig. 4A) while extracellular matrix organization,
response to steroid hormone stimulus, regulation of cell proliferation,
blood-vessel morphogenesis, cell motility, and cell cycle phase were
significant processes (p-value <0.05) for ULMS (Fig. 4B).

Co-enrichment analysis of common and known candidate genes
related both to ULM and ULMS led to the identification of several
important processes. A separate biological processes network was created
for those genes. UP-regulated genes like KIF5C, ZNF365, EPYC,
COL11A1, SHOX2, MMP13, TNN, and RNF128, were found to be
involved in the regulation of cell proliferation, cell adhesion, and
response to estrogen stimulus. Major processes regulated by down-
regulated genes (GATA2, GPM6A) were found their involvement in the
regulation of transcription, cell morphogenesis, cell differentiation, cell
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projection, and extracellular matrix organization (Fig. 5).

KEGG pathway enrichment analysis for DEGs of ULM and ULMS
revealed a total of 8 significantly enriched pathways (p-value<0.05).
Small cell lung cancer, cell cycle, vascular smooth muscle contraction,
focal adhesion, cell adhesion molecules (CAMs), and extracellular matrix
(ECM) receptor interaction were pathways identified for ULM while ECM
receptor interaction and focal adhesion are significant pathways associ-
ated with ULMS (Fig. 6).

Moreover, after high throughput sequencing dataset analysis (GSE) it
was found that COL11A1, SHOX2, and GATA2 were found to be signif-
icant genes that were common in both analyzed DEGs retrieved from two
different datasets. Also, these genes were found to be common in ULM
and ULMS cases.

Therefore, based on cross-validation, ML classifier analysis, Co-
enrichment analysis, and RNA sequencing dataset analysis, the
following DEGs: ZNF365, EPYC, COL11Al, SHOX2, MMP13, TNN,
GATAZ2, and GPM6A, were identified as potential candidate disease genes
associated with both ULM and ULMS.

4. Discussion

Uterine Leiomyoma, or uterine fibroid (ULM), is a benign lesion that
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Fig. 3. Protein-protein interaction (PPI) of differentially expressed genes. Red circle and red diamond up-regulated genes, and blue circle and blue diamond down-
regulated genes. The correlation between genes' Thickness of lines (edges) is proportional to the combined score.
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Fig. 4. Gene Ontology analysis for ULM (A) and ULMS(B) related DEGs in PPI network in uterine fibroids. Note: Bar graph showing significant processes, functions,
and cellular components enriched in ULM for up-regulated genes. DAVID v 6.7 was used for annotation.

arises commonly in the muscular areas of the uterine wall.?* Uterine

leiomyosarcoma (ULMS) is a smooth muscle malignancy that arises in the
smooth muscle areas of the uterus.?®

The occurrence of ULMS is relatively rare, with approximately one to
five women among every 1000 women diagnosed with fibroids found to
have ULMS as well. The prevalence of both conditions is on the rise, and
effective treatments for these diseases have not yet been discovered.?* To
address this medical challenge and explore more efficient treatment
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methods, in the present study we have used bioinformatic tools to find
out molecular mechanism of ULM and ULMS pathogenesis. In this pre-
sent in silico analysis, the highly efficient screening of gene expressions
dataset was performed which revealed a total of 371 DEGs (50 ULM and
321 ULMS genes). Based on the GO cluster, the main biological processes
of DEGs involve cell adhesion, cell motility, cell differentiation, and
localization of cells in ULMS while cell adhesion, apoptosis, neuronal
development, and cell morphogenesis in ULM. Major DEGs that formed
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Fig. 6. KEGG pathway analysis for differentially expressed genes in uterine fibroids. Pathway enrichment for DEGs leads to the identification of 6 significant pathways
for ULMS- while 2 significant pathways for ULM-related DEGs. DAVID version 6.7 was used for annotation.

the hub nodes were eight up-regulated genes (KIF5C, ZNF365, EPYC,
COL11A1, SHOX2, MMP13, TNN, and RNF128) and six down-regulated
genes (ABLIM1, GRAMD3, GATA3, ABCA8, GPM6A, LMBRD1).

After the cross-validating the data between the ULM and ULMS, we
identified 14 genes that were common between the two groups. To
determine the most important and significant selected features, the ma-
chine learning attribute selection method was applied to the training data
which led to the 10 final features, wherein 6 are upregulated (COL11A1,
ZNF365, SHOX2, EPYC, MMP13, and TNN) and 4 are downregulated
(GPMA6, GRAMD3, LMBRD1, ABCAS8). The SMO classifier based on the
gene expression values of these genes (as features) present in the training
data set can classify ULM and ULMS samples with a precision of 78.75%
with a precision of 79% in the independent test set.

Some of these genes selected as feature genes, as well as co-
enrichment genes, have been reported to be connected with both ULM
and ULMS cases and their related pathogenesis. ZNF365 gene was found
to be involved in the maintenance of a stable genome, repairing damaged
DNA. Moreover, ZNF365 also promotes recovery of stalled replication
fork to provide genomic stability which was detected in both hereditary
and sporadic cancer types. Variations in the ZNF365 gene may increase
the risk of having breast cancer by affecting the dense tissue proportion
in the breast.?® According to Zhang Y et al.,?® ZNF365 loss can lead to a
delay in mitosis progression and this also results in cell-cycle exit due to
stress in the replication process which leads to an increase in aneuploidy,
centrosome reduplication, and disruption of cytokinesis process. How-
ever, the precise mechanism of ZNF365 in the context of ULM and ULMS
has not yet been identified. Nonetheless, given its speculated close
relationship with to DNA repairing and genome stability, ZNF365
emerges as a potential target for the treatment of ULM and ULMS.

The EPYC genes encodes for proteoglycan that plays a crucial role in
regulating fibrillogenesis. EPYC gene was found to be involved in breast,
uterine, and colorectal cancer. Januchowski R et al.>’ has also reported
the upregulation of found EPYC gene to be upregulated in both two cell
lines (A2780DR1, A2780DR2) that were DOX resistant. However, to date
no studies have been reported about involvement of TNN gene encodes
proteins in cell migration. In tumors, it stimulates the angiogenesis of
endothelial cells. It was also found to be one of the biomarkers for breast
cancer.?®?? According to Peterson LE et al.,>° the TNN gene is involved in
cell-matrix adhesion in lung adenocarcinoma. Liu B et al.>! investigated
that cancer genes like TNN were found to be involved in extracellular
matrix interactions like pathways. Although TNN gene was not identified
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in ULM and ULMS-like cases, its role in cell-matrix adhesion suggests it
may serve as a promising target for both conditions. MMP13 encodes
proteins produced from stromal fibroblasts that are involved in the
degradation of different ECM components and induces angiogenesis by
increasing protein levels of VEGF and VEGFR2.%? Halder SK et al.>® Re-
ported high expression of MMP13 in ULM pathogenesis, but not in ULMS.
In addition, Courtoy GE et al.>* also showed that MMP13 encoded pro-
teins were involved in apoptosis, and cell proliferation in myoma. Given
its role in ULM and potential impact on cell behavior, MMP13 presents
itself as a potential therapeutic target for both ULM and ULMS.

GPMAG gene encodes a protein involved in neuronal differentiation
and development. These encoded proteins help in neuronal stem cell
migration.>® GPMAG6 gene was found to be a novel target gene involved in
proliferation, promoting tumor survival and development in thyroid
carcinomas.>® These features suggest that GPMA6 could be a novel
candidate with potential relevance for both ULM and ULMS. Its role in
neuronal development and tumor development makes it an intriguing
gene to investigate further for its potential impact on these uterine
conditions.

According to Liu X et al.,” the COL11A1 gene was identified as a
marker for uterine fibroid via gene expression analysis, with its encoded
proteins involved in focal adhesion and extracellular matrix receptor
interactions. These characteristics suggest that COL11A1 may serve as a
biomarker for leiomyoma cases. However, its role in ULM has not been
reported. Further investigation is warranted to explore its potential
diagnostic and prognostic relevance in ULMS.

The SHOX2 gene has been implicated in the development and pro-
gression of uterine leiomyoma and leiomyosarcoma. A study by Teixeira
MR et al.>® demonstrated that SHOX2 is overexpressed in uterine leio-
myosarcoma, and this upregulation is associated with poor patient
prognosis. Additionally, a study by Ak A et al.>° found that SHOX2 is
upregulated in uterine leiomyoma and may play a role in its pathogen-
esis. The precise mechanism by which SHOX2 contributes to the devel-
opment and progression of these tumors is still not fully understood, but
these findings suggest that SHOX2 may serve as a potential diagnostic
and therapeutic target in the management of uterine leiomyoma and
leiomyosarcoma. Further research is needed to clarify the precise role of
SHOX2 in these diseases and to identify potential targeted therapies.

In both uterine leiomyomas and leiomyosarcomas, we observed
changes in gene expression related to ECM, cell cycle, and cell-cell con-
tact inhibition mechanisms, which are responsible for uncontrolled cell

'salbojouyoal Jejiwis pue ‘Buluresy |y ‘Buiuiw elep pue 1xa) 01 parejal sasn 1o} Buipnjour ‘ybLAdod Ag pajoslold
1sanb Aq Gz0z 1equiada@ £T uo wodfwg woob//:sdny wolj papeojumoqd "€Z0z Jaquialdas T uo £00°80°€20z Wo0b [/9T0T 0T Se payslignd 1sii :8UIDIP3A [ed1ul]D SoLI8ISqO pue ABoj02auio



S. Upadhyay et al.

multiplication and metastatic behavior in cancers. At the histopatho-
logical level, the loss of cell-cell contact inhibition contributes to unre-
stricted cellular proliferation, leading to tumor formation and promoting
metastasis.***!

Leiomyosarcomas exhibited a significant enrichment of pathways
related to the cell cycle, cell-cell contact inhibition, and DNA replica-
tion.*> Our study's findings align with earlier research, which also re-
ported commonly enriched of EC pathways in both ULMS and ULM.***
This study provides further validation of previous research and sheds
light on the underlying molecular mechanisms involved in the trans-
formation of ULM to ULMS, offering potential insights into identifying
diagnostic markers and therapeutic targets.

In this study, a comprehensive analysis was conducted using micro-
array datasets of NM, ULM, and ULMS tissues, alongside an RNA
sequencing dataset containing ULMS and ULM samples. This integrated
approach allowed for the identification of common genes between the
datasets, providing a more comprehensive understanding of the syner-
gistic effects of differential gene expression on various biological pro-
cesses and pathways at the molecular level.

Yet, the chosen genes are ensured to be significant features for ULM
and ULMS both by the integrated analysis of multi-omics data and the
machine learning technology. To better understand their roles in the
pathogenesis of ULM and ULMS, more research (in vitro and in vivo) is
required.

In summary, the present study utilized a multi-omics analysis to
identify a group of feature genes that are significantly dysregulated and
associated with ULM and ULMS both. Using the expression profiles of
these 10 feature genes, a prediction model based on the SMO classifier
was built on the training set. The model accurately and reliably classified
the gene expression patterns in ULM and ULMS in an independent test
set, demonstrating the robustness and potential clinical utility of these
genes as diagnostic markers. Co-Enrichment analysis was also performed
to provide further insights into the biological processes and pathways
associated with the identified feature genes, shedding light on their po-
tential functional roles in ULM and ULMS development.

ZNF365, EPYC, COL11A1, SHOX2, MMP13, TNN, GATA2, and GPM6A
were identified as candidate disease genes for both ULM and ULMS
through cross-validation, machine learning classification, and Co-
Enrichment analysis. These genes are potentially valuable targets for
future research and therapeutic development in managing ULM and ULMS.

Furthermore, the alterations in gene expression associated with
extracellular matrix (ECM), cell cycle regulation, and cell-cell contact
inhibition mechanisms in both uterine leiomyomas and leiomyosarcomas
provide important insights into the underlying mechanisms contributing
to uncontrolled cell proliferation and the potential for metastatic
behavior frequently observed in cancer.

In conclusion, this study offers valuable insights into the molecular
mechanisms of ULM and ULMS through an integrated analysis of multi-
omics data and machine learning. The identified feature genes hold
promising diagnostic and therapeutic potential for future treatments of
ULM and ULMS. These findings advance our understanding of these
uterine conditions and contribute to the development of personalized
and targeted approaches for improved patient outcomes.
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