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A prognostic machine learning model for the prediction of
pancreatic adenocarcinoma prognosis based on genomic
expression of four cell-cycle associated hub genes
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Background: We aimed to identify cell-cycle genes and investigate their expression in pancreatic
adenocarcinoma (PAAD) and build a machine learning (ML) model to predict overall survival (OS) in
patients with PAAD.

Methods: We used cBioportal database, an open-source cancer genomic database, to download the data.
Survival-associated genes were identified using the GEPIA2 database. These genes were then analyzed
for protein-protein interaction (PPI) enrichment. The identified hub genes were then validated for
overexpression in 346 PAAD patients. Kaplan-Meier plots were further performed to show the correlation
between gene expression and OS. An ML ensemble was built for each hub gene and evaluated for accuracy
and precision using mean accuracy estimate with 95% confidence interval (CI), and 10-fold cross-validation.
Results: Four cell cycle-associated genes including: TPX2, KIF204, CCNB2, and NCAPH were identified
after PPI analysis and differential expression. All genes were significantly overexpressed in PAAD, and the
survival analysis showed that higher expression for all genes were associated with poorer prognosis in PAAD.
The ML models predicted patients’ prognosis with accuracy ranging between mean estimate of 68-85%.
Conclusions: After recognizing different hub genes using cBioportal database, analysis and validation were
administered to demonstrate that four hub genes were associated with cell cycle regulation in PAAD. The
ML model accurately predicted PAAD prognosis based on the expression of these genes. Thus, they can be
identified as prognostic signatures in PAAD, and aid in the development of cell cycle inhibitors targeting

those genes.

Keywords: Pancreatic adenocarcinoma (PAAD); cell cycle inhibitors; machine learning (ML); genetic biomarkers;

bioinformatic analysis

Received: 19 August 2022; Accepted: 11 January 2023; Published online: 20 April 2023.
doi: 10.21037/apc-22-6
View this article at: https://dx.doi.org/10.21037/apc-22-6

A ORCID: 0000-0001-8216-0400.

© Annals of Pancreatic Cancer. All rights reserved. Ann Pancreat Cancer 2023;6:4 | https://dx.doi.org/10.21037/apc-22-6


https://crossmark.crossref.org/dialog/?doi=10.21037/apc-22-3 

Page 2 of 10

Introduction

Pancreatic adenocarcinoma (PAAD) is one the most
aggressive tumors ranking the seventh and third cause of
cancer-related deaths worldwide and in the United States
respectively. It arises from the epithelium of the pancreatic
duct, accounting for more than 90% of pancreatic cancer
diagnoses. Patients with PAAD present with a poor
prognosis and 5-year survival rates are less than 5% (1).
The diagnosis of PAAD remains a devastating process,
as patients are often diagnosed at late stages with late
presenting symptoms which contribute to high-lethality and
aggressiveness of the tumor. The presentation of symptoms
depends on the tumor’s location, but pain, weight loss, and
jaundice are the most common symptoms (2).

The cornerstone of advanced PAAD treatment is
cytotoxic chemotherapy, mainly gemcitabine monotherapy
as a first-line therapy, or doublet and triplet combinations
with other agents (3,4). However, this modality results in
poor overall survival (OS) of less than 1 year (5,6). PAAD
is characterized by an immunosuppressive environment,
causing high resistance to treatment and fatality rate (7).
Thus, studies are now directed to investigate the efficacy
of drugs targeting genomic alterations in PAAD.
Immunotherapy efficacy has shown controversial results
in patients with PAAD, as the use of anti-programmed cell
death protein-1 (anti-PD-1)/anti-programmed death-ligand
1 (anti-PD-L1) and anti-cytotoxic T lymphocyte-associated
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Key findings:
* Four genes of cell cycle (TPX2, KIF204, CCNB2, and NCAPH)
were found to affect the prognosis of pancreatic adenocarcinoma

(PAAD) patients poorly when overexpressed.

What is known and what is new?

* Higher levels of expression of certain hub genes can affect
prognosis of pancreatic cancer and other types of cancer either by
increasing or decreasing their survival rates. For example, MMP7
and ITGA2 were identified as hub genes that affect pancreatic
cancer prognosis and diagnosis.

* Upon using machine learning technique characterized by high
accuracy, we discovered that four hub genes regulating normal cell-
cycle were over-expressed in pancreatic adenocarcinoma patients

and associated with poor prognosis and overall survival.

What is the implication, and what should change now?

¢ Identification of these hub genes can greatly improve prognosis
and survival of pancreatic adenocarcinoma patients by targeting
them for the development of anti-mitotic therapy.
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protein 4 (anti-CTLA4) did not reveal any activity of
immune checkpoint inhibitors in advanced PAAD but
showed efficiency in PD-1 blockade in PAAD patients with
mismatch repair deficiency (8).

Cell cycle control is one of the most substantial processes
to maintain normal tissue growth, and abnormal regulation
of this process may promote cancer proliferation or inhibit
apoptosis. Many genes have shown a regulatory function
in cell cycle phases, however, overexpression of some genes
was associated with increased proliferation and evasion of
apoptosis (9). In PAAD, deregulation of cell cycle kinases
has shown to be associated with its tumorigenicity, thus,
genes associated with kinase pathway and show upregulation
in PAAD can be used as a therapeutic target for the
development of cell cycle kinase inhibitors (10).

As the early diagnosis of PAAD presents a core hardship
that affects patients’ prognosis, the introduction of machine
learning (ML)-based models has been proposed to facilitate
PAAD diagnosis and increase patients’ prognosis. ML
algorithms can be used to classify cancer patients into high
and low-risk groups, which allows the study of the clinical
significance across groups (11). These models work by
encompassing several variables including gene expression
profiles, histological parameters, and clinical variables in
a complementary manner to act as training parameters to
predict patients’ prognosis (12). The most common types
of ML models used in cancer detection are artificial neural
networks and decision trees (13,14), these models allow
researchers to combine data from multiple sources and use
them for prognosis prediction or tumor detection (15).
To rate the accuracy of these models, several validation
methods can be used, including the training-validation
method, which splits the dataset into a training set to
identify the molecular signature and a test set to rate the
amount of misclassifications (16).

The implementation of ML models on gene expression
profiles by the use of DNA microarrays can help predict
patients’ clinical outcomes such as prognosis or tumor
staging. Web-based databases for cancer genomics such
as The Cancer Genome Atlas (TCGA) project represent
an important advance to improve the knowledge and
understanding of cancer and related genes, providing
a large number of patients’ data to integrate them into
bioinformatic analyses such as gene expression patients’
survival (17).

In this study, we aim to integrate the genomic expression
of cell-cycle associated genes to build and evaluate an ML
model to predict the prognosis in PAAD, and to investigate
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the expression of these genes in PAAD compared to normal
tissue and the relation between their levels of expression
with patients’ survival.

Methods
Data acquisition

A thorough search through genomic and transcriptomic
databases was conducted using TCGA (https://www.
cancer.gov/tcga) and cBioportal databases. The TCGA is a
genomic program that contains over 20,000 primary cancer
molecular, genomic, transcriptomic, and proteomic data
on 33 cancer types with matched normal samples. This
database was used to obtain clinical and expression data of
PAAD patients from the Pan-Can project. The cBioportal
is an open-source cancer genomic database developed at
Memorial Sloan Kettering Cancer Center (MSK) (18,19). It
consists of cancer genomic and clinical data from different
projects, including the TCGA project. In this study, we
selected and downloaded the data from cBioportal based
on the following criteria: (I) samples of PAAD; (II) samples
reporting the mRINA expression as z-scores relative to all
samples; and (III) samples for the corresponding mRNA
expression with data on OS status in months. Studies that
reported mRINA expression without OS data or reported
OS data without mRNA expression were excluded.

Gene Expression Profiling Interactive Analysis 2
(GEPIA2)

The GEPIA2 is a webserver for transcriptomic analysis
that provides an interactive framework to analyze RNA
sequencing expression of tumor samples from the TCGA
project and normal tissue samples from the Genotype-
Tissue Expression (GTEx) project (20). This database was
used to carry out the significantly survival-associated gene
analysis and validate their expression using the differential
expressed genes (DEGs) tool in PAAD by analyzing the
differences in the abundance of gene transcripts within
mRNA sequence (transcriptome), which aid in the
identification of potential biomarkers for multiple cancers
and targeted therapies. The DEGs were analyzed using a
[log,FCI cutoff value of 2 and g-value cutoff of 0.05 for
PAAD tissue matched with normal tissue samples from

TCGA and GTEx databases.
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Protein-protein interaction (PPI)

The resulting survival-associated genes were analyzed
using the Search Tool for the Retrieval of Interacting
Genes/Proteins (STRING) database, which examines the
significantly enriched genes for biological processes, cellular
component, molecular function, and Kyoto Encyclopedia of
Genes and Genomes (KEEG) pathways (21). PPI network
was constructed for the resulting survival-associated genes
from the GEPIA2 database for confidence network and a
minimum interaction score of 0.90 representing the highest
confidence and 1% high false discovery rate (FDR).

Survival analysis using Kaplan-Meier plotter

The Kaplan-Meier plotter is an online tool to assess the
correlation between mRNA, miRNA, DNA, or protein
expression of over 30,000 genes and the survival data of
over 25,000 samples from 21 cancer types from different
databases including the TCGA project, thus providing
survival biomarkers for the cancer and gene of interest (22).
We used this tool to assess the correlation between mRINA
sequence expression of the previously chosen genes from
GEPIA2, and the OS data of PAAD patients from the
TCGA Pan-Can project, by splitting the mRNA expression
samples of our proposed markers into two groups of low
levels of expression and high levels of expression, then the
two groups are compared using Kaplan-Meier survival plot
and a hazard ratio (HR) with 95% confidence intervals and
log-rank P values.

ML classification ensemble

To provide a diagnostic model for the chosen genetic
markers, we built an ML classification ensemble, to
predict the prognosis of PAAD and survival status. The
obtained mRNA expression data of PAAD patients from
the cBioportal database were used to construct the model,
mRNA expression z-scores were set as feature variables,
and the OS status was denoted as the target variable. The
sample was randomly split into 80% training set and 20%
testing set. Figure 1 illustrates data processing for the ML
model.

The training set was fitted into a Random Forest
Classifier (RFC) ensemble. The model’s performance was
then evaluated using the mean bootstrap estimate with
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Figure 1 Data illustration for machine learning workflow and data processing.
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Figure 2 Illustration of the 10-fold cross-validation evaluation
method. The training set is randomly split into k-1 folds, where

(k=10), and the remaining fold is used as the validation set.

95% confidence interval (CI). To avoid overfitting, we used
a 10-fold cross-validation method, in which the model is
trained using k-1 fold as the training data, and then the
model is validated on the rest fold of the data. A cross-
validation methodological illustration is shown in Figure 2.
A cox proportional hazard (CPH) model was adjusted for
the expression levels of the obtained genes in a univariate
and multivariate fashions. The RFC model was built and
evaluated using Scikit-learn (v1.0.2) package from Python
(v3.9.7), and the CPH model was built using survival and
finalfit packages from R language (23).

Ethical clearance

The study conformed to the provisions of the Declaration
of Helsinki (as revised in 2013). This study did not require
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ethical approval. All the data used in this study were
obtained from open databases (cBioportal) of de-identified
individuals.

Results
Sample characteristics

The cBioportal database identified 16 datasets on
pancreatic cancers, with 3,592 patients (1,901 males, mean
age =65.57 years) with PAAD. A total of 346 samples
(314 males, mean age =64.71 years) from two datasets
reported z-scores of mRINA expression for the proposed
genes with their corresponding OS data and were entered
for further analysis. Treatment modalities for these patients
included 102 patients on gemcitabine, 45 on radiation
therapy and 51 on other chemotherapeutic agents.

Candidate gene selection

A total of 500 significant survival-associated genes in PAAD
were identified from the GEPIA2 database, which were
further analyzed for PPI interaction using the STRING
database. The PPI network analysis resulted in 19 clustered
genes, which were further analyzed for differential
expression in PAAD and normal tissue. After the differential
expression analysis, we identified a total of 4 genes that
were both significantly upregulated and associated with
PAAD survival. These genes included: TPX2, KIF20A,
CCNB2, and NCAPH. All these genes showed significant
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Figure 3 Box-plots for genes expression, where (blue) represents PAAD tissue and (grey) normal tissue. (A) TPX2 expression between PAAD
(blue) and normal tissue (grey); (B) KIF20A expression between PAAD (blue) and normal tissue (grey); (C) CCNB2 expression between
PAAD (blue) and normal tissue (grey); (D) NCAPH expression between PAAD (blue) and normal tissue (grey). *, P<0.05. PAAD, pancreatic
adenocarcinoma; TPX2, targeting protein for Xenopus kinesin-like protein 2; KIF20A, kinesin family member 20A; CCNB2, cyclin B2;

NCAPH, non-structural maintenance of chromosome condensin I complex subunit H; TPM, transcript count per million.

overexpression in PAAD compared to normal tissue: 7PX2
[log,(TPM +1) median: 3.4 vs. 0.12], KIF20A4 [log,(TPM
+1) median: 2.34 vs. 0.1], CCNB2 [log,(TPM +1) median: 3.3
vs. 0.3], and NCAPH [log,(TPM +1) median: 2.32 vs. 0.14].
Boxplots for genes’ expression between PAAD and normal
tissue are shown in Figure 3.

Gene expression and disease progression

The survival analysis of all genes showed better prognosis
and higher OS in patients with low levels of gene
expression: TPX2 [OS (HR) =3.24; 95% CI: 1.56-3.6; log
rank P value <0.000001], KIF20A4 [OS (HR) =2.23, 95% CI:
1.45-3.43; log rank P value <0.0001], CCNB2 [OS (HR)
=2.54, 95% CI: 1.64-3.94: log rank P value <0.0001], and
NCAPH [OS (HR) =2.34; 95% CI: 1.5-3.63; log rank P
value <0.0001]. Kaplan-Meier plots for the survival of each
gene are shown in Figure 4.

Prognostic ML classification model

The training set of each model comprised 276 patients
(80%), and the test/validation set comprised 70 patients
(20%). The classification model for the TPX2 gene
predicted OS with a mean accuracy estimate of 83% and
95% CI: 0.75-0.89, and a mean 10-fold cross-validation
score of 0.51. Whereas for the KIF20A gene, the model
performed with a mean accuracy of 68% and 95% CI:

© Annals of Pancreatic Cancer. All rights reserved.

0.62-0.74, and a mean 10-fold cross-validation score of
0.41. For the CCNB2 gene, the model was able to predict
OS with a mean accuracy of 79%, 95% CI: 0.75-0.85, and
a mean 10-fold cross-validation score of 0.56. While the
NCAPH classification model predicted the OS with a mean
accuracy of 81%, 95% CI: 0.76-0.87, and a mean 10-fold
cross-validation score of 0.56. All models’ evaluation scores
are presented in Table 1. The concordance index (C-index)
of the CPH model was 0.64, logrank test P value <0.0001.
The HR for the univariate analysis showed increased risk
and worse prognosis (P value <0.001), when adjusting for
the multivariate analysis, KIF204 and TPX2 genes showed
increased hazard risk (P value <0.05), while the NCAPH
gene showed decreased hazard risk (P value <0.05). The
CCNB?2 gene did not show significant prediction in the
multivariate analysis. Table 2 shows the HR and P values for
the univariate and multivariate analysis.

Discussion

PAAD is the most common type of pancreatic cancer
accounting for 90% of the cases and is associated with
a very poor prognosis and less than 9% 5-year survival.
Patients with PAAD are diagnosed in very late stages,
presenting with advanced and metastatic transformation
to other sites (24). Therefore, in this study we aimed
to identify survival-related genetic biomarkers that are
significantly associated with PAAD progression and showed
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Figure 4 Comparison of genes’ expression by Kaplan-Meier survival curves for the OS in PAAD. High levels of expression in 7PX2 gene
were significantly associated with high hazard ratio and poor prognosis (HR: 3.24, P<0.000001). KIF20A was also associated with poor
prognosis in patients with high levels of expression (HR: 2.23, P<0.0001). Better PAAD prognosis was seen in patients with low levels of
expression of both CCNB2 and NCAPH genes (HR: 2.54, 2.34, P<0.0001). TPX2, targeting protein for Xenopus kinesin-like protein 2;
MMP28, matrix metalloproteinase 28; PLA2G16, group XVI phospholipase A2 also commonly known as AJPLA is an enzyme that in
humans is encoded by the PLA2G16; NCAPH, non-structural maintenance of chromosome condensin I complex subunit H; HR, hazard

ratio; OS, overall survival; PAAD, pancreatic adenocarcinoma.

Table 1 Machine learning model evaluation scores

Model Mean bootstrap estimate 95% ClI 10-fold cross validation
TPX2 0.83 0.75-0.89 0.51
KIF20A 0.68 0.62-0.74 0.41
CCNB2 0.79 0.75-0.85 0.56
NCAPH 0.81 0.76-0.87 0.56
Combined 0.86 0.79-0.92 0.58

Cl, confidence interval; TPX2, targeting protein for Xenopus kinesin-like protein 2; KIF20A, kinesin family member 20A; CCNB2, cyclin B2;
NCAPH, non-structural maintenance of chromosome condensin | complex subunit H.
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Table 2 Univariate and multivariate analysis of cox proportional hazard model
Univariate Multivariate

Variables Mean (SD)

HR (95% CI) P value HR (95% ClI) P value
KIF20A 0.1 (0.9) 1.89 (1.50-2.39) <0.001* 1.68 (1.13-2.51) 0.010*
TPX2 0.0 (0.9) 1.77 (1.45-2.16) <0.001* 1.02 (0.65-1.59) 0.012*
NCAPH 0.1 (0.9 1.56 (1.29-1.87) <0.001* 0.63 (0.40-0.98) 0.039*
CCNB2 0.1 (0.9 1.66 (1.36-2.02) <0.001* 1.86 (1.15-3.02) 0.938

*, P value <0.05. SD, standard deviation; HR, hazard ratio; Cl, confidence interval; TPX2, targeting protein for Xenopus kinesin-like protein
2; KIF20A, kinesin family member 20A; CCNB2, cyclin B2; NCAPH, non-structural maintenance of chromosome condensin | complex

subunit H.

upregulation in pancreatic tissue compared to normal tissue.
We also provided an ML-based prognostic tool, which
predicts the OS based on the mRINA sequence expression of
the identified genetic biomarkers, hence, improving PAAD
prognosis and diagnosis.

The TPX2 gene is a microtubule-associated gene that
plays an important role in mitotic spindle formation and
chromosomal segregation (25). The PPI network analysis
showed significant enrichment of this gene in mitotic
biological processes and a kinase molecular function.
Differential gene expression analysis revealed that it was
significantly upregulated in PAAD, which is associated with
high pancreatic tissue proliferation. This gene has been
shown to activate the Aurora A kinase activity by arresting
it in the active form (26). High levels of expression of this
gene were significantly associated with a poorer prognosis in
PAAD. A cell line study by Warner et al. (27) revealed that
the knockdown of this gene was associated with increased
apoptosis in pancreatic tissue, and the effect of its inhibition
on the cytotoxicity of taxanes in pancreatic tissue resulted
in mitotic arrest and decreased cell viability. Thus, these
results indicate that this gene can be used as a target for the
development of anti-mitotic drugs for PAAD.

Another genetic biomarker that has been associated
with mitotic cellular processes is the KIF20A4 gene from the
kinesin family. This gene showed significant overexpression
in PAAD compared to normal tissue, and it was also
associated with patients’ prognosis. It has also been shown
to act as a carcinogen associated with poor prognosis in
other cancer types, including medulloblastoma (28), gastric
cancer (29), and hepatocellular carcinoma (30). In a phase
I trial of using immunotherapy KIF20A-derived peptide
vaccination combined with gemcitabine revealed that
KIF20A peptide-vaccine induced T-cell responses at high
rates, and patients achieved stable disease with no severe

© Annals of Pancreatic Cancer. All rights reserved.

adverse events (31). This implies the potential efficacy of
targeting mitotic-related oncogenes in PAAD for better
prognosis.

The CCNB2 is a member of the cyclin family that is
required for cell cycle regulation in the G2/M phase of
mitosis. Expression analysis showed significant upregulation
of CCNB2 in PAAD compared to normal tissue, in
addition to its association with poor prognosis in PAAD
patients with high levels of expression. An in vitro study
assessed the possible effect of the depletion of CCNB2 on
tumor cells’” proliferation, which revealed suppression of
cellular migration and growth, thus emphasizing its role
in promoting cellular migration (32). The overexpression
of CCNB2 along with the Aurora kinase A gene has also
been shown to cause atypical mitosis, causing 7P53 somatic
mutations in adrenocortical carcinoma (33). Promoter
hypomethylation of this gene was observed to cause higher
expression in tumor tissue of hepatocellular carcinoma,
and positively correlated with immunosuppressive cells
infiltration, marking it as a putative prognostic marker
and introducing the combination of immunotherapy and
inhibitors of this gene to better prognosis (34).

The NCAPH gene is a member of the Barr gene family
which acts as a regulatory subunit of the condensin complex
that is required for chromosomal condensation. This gene
has been associated with increased cell proliferation and
inhibition of apoptosis in bladder cancer, by acting on
the MEK/ERK signaling pathway (35). In this study, our
findings revealed an overexpression of the NCAPH gene
in PAAD, and a prognostic correlation with its level of
expression, in which people with high levels of expression
presented with a poorer prognosis than people with low
levels of expression. In addition, the PPI analysis also
showed significant enrichments in biological processes
associated with chromosomal condensation. The knockdown
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of NCAPH in the pancreatic cell in vitro caused G2/M phase
arrest and increased apoptosis, whereas another gene from
this family (NCAPG) arrested hepatocellular carcinoma cells
in the S phase. All the identified genes were significantly
associated with mitotic regulation, suggesting a potential
mechanism of PAAD pathogenesis.

All the ML classification models performed with great
accuracy and high precision estimates in predicting the
OS in PAAD patients based on mRNA expression of the
identified genes, which provides a reliable prognostic tool
for PAAD and imply the replicability and reproducibility
of this model in PAAD. Instead of using one decision
tree, the RFC model includes multiple decision trees and
uses averaging to avoid overfitting and improve accurate
predictions. All models underwent robust and unbiased
multiple evaluation approaches, to validate their application
in clinical practice for an early diagnosis of PAAD. Each
model was cross-validated with 10-fold iterations, this
method prevents model overfitting, and tests how it
can be accurately used in practice and on independent
datasets, by training on multiple train-test sets. All models
showed narrow confidence interval accuracies implying
a high precision of our results and high confidence in
reproducibility for clinical practice.

Our models were based on novel genetic biomarkers, that
have shown significant association with cell cycle regulation
and survival in PAAD and overexpression in pancreatic
cancer tissue. The classification models were trained based
on the expression scores of each gene as feature variables
using multiple decision trees to accurately predict the
prognostic status of PAAD samples across multiple random
subsets of the data that it has not been trained on. Hence,
our results present a rigorous linkage between novel
genomic expression and a predictive model to improve the
prognostic value in PAAD.

In this study, we provided reliable findings in the favor
of several strengths. First, we identified four genes that
were significantly upregulated in PAAD and significantly
associated with PAAD survival, and cell cycle regulation.
Thus, these findings can facilitate the development of
targeted therapy providing a better prognosis for PAAD.
Second, we designed a predictive ML model using the
RFC ensemble which is based on multiple decision trees,
this presents with more accurate and stable performance
and prevents overfitting. Third, we evaluated each model
using robust evaluation metrics such as 10-fold cross-
validation which tests the model on different subsets of the
data in each iteration, and this significantly reduces bias

© Annals of Pancreatic Cancer. All rights reserved.

Annals of Pancreatic Cancer, 2023

and variance (36). The model’s accuracy was also estimated
using 95% CI, which reflects the precision of our model and
its reproducibility in practice. Despite the strong points in
our study, these findings should be interpreted with caution
in the context of several limitations. First, the PAAD dataset
from TCGA contained a low number of samples with gene
expression, and this would affect the model’s performance
resulting in lower accuracy than in larger samples. Second,
we could not train the model on regression ensembles as
it requires a very large amount of data to provide good
accuracy and reliable results. Finally, limited data availability
of clinical variables and treatment modalities of each patient
did not allow training the models on these variables which
may influence the predictions.

Conclusions

In essence, we conducted a bioinformatics analysis to
identify cell cycle hub genes and further validated their
expression in PAAD tissue from the TCGA database. These
genes included TPX2, CCNB2, KIF20A, and NCAPH,
which were significantly upregulated in PAAD, and
associated with poor prognosis. We also introduced and
comprehensively evaluated a prognostic ML model that
predicted PAAD patients’ survival based on the expression
of these genes which performed with good accuracy. Our
study is the first to identify genetic biomarkers associated
with cell-cycle regulation in PAAD and integrate them with
ML. These findings can guide the identification of these
genes as prognostic signatures to aid in the development of
anti-mitotic therapy targeting these hub genes.
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