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Abstract

Leukemia is a type of malignant tumor affecting hematopoietic system. Cervical cancer is a malignant tumor of female reproducb
tract. The relationship between Calmodulin 3 (CALM3) and leukemia, cervical cancer remains unclear. Leukemia dataset GSE26294
and cervical cancer dataset GSE173097 profiles were downloaded from gene expression omnibus. Principal component analysis,
differentially expressed genes (DEGs) screening, weighted gene co-expression network analysis (WGCNA), functional enrichment
analysis, gene set enrichment analysis, immune infiltration analysis, protein—protein interaction network construction and analysis,
survival analysis were performed. Gene expression heatmaps were plotted. Comparative Toxicogenomics Database (CTD) was
used to find diseases most related to core genes. 77 DEGs were identified. According to gene ontology, in biological process
category, they were mainly enriched in cell proliferation, immune response, and apoptotic process. In cellular component category,
they were mainly enriched in nucleus and Golgi apparatus. In molecular function category, they were mainly enriched in DNA
binding, protein binding, transcription factor activity. In Kyoto encyclopedia of gene and genome analysis, they were mainly
enriched in cell adhesion molecules, Wnt signaling pathway, cAMP signaling pathway, cGMP-PKG signaling pathway, and basal
cell carcinoma. The soft-threshold power in WGCNA was set to 1, generating 6 modules. Finally identifying 3 core genes (CALMS3,
secreted frizzled-related protein 4, plasminogen). CTD analysis revealed that core genes were related to leukemia, coagulation
disorders, vaginal tumors, cervical tumors, autoimmune diseases, and inflammation. CALMS is lowly expressed in leukemia
samples and highly expressed in cervical cancer samples.

Abbreviations: ALL = acute lymphoblastic leukemia, AML = acute myeloid leukemia, BP = biological process, CALM3 =
calmodulin 3, CC = cellular component, CTD = Comparative Toxicogenomics Database, DEGs = differentially expressed genes,
GEO = gene expression omnibus, GO = gene ontology, GSEA = gene set enrichment analysis, KEGG = Kyoto Encyclopedia of
Gene and Genome, MAD = median absolute deviation, MF = molecular function, PCA = principal component analysis, PPI =
protein—protein interaction, STRING = search tool for the retrieval of interacting genes, WGCNA = weighted gene co-expression
network analysis.
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1. Introduction

Leukemia and cervical cancer are 2 malignant tumors that
pose serious threats to human health globally. Leukemia is a
malignant disease originating from hematopoietic stem cells
in the bone marrow, characterized by the abnormal prolifera-
tion of white blood cells that invade the blood and other tis-
sues.!l According to related studies, leukemia results in tens of
thousands of deaths annually, with its incidence and mortality
rates continually rising worldwide.? Cervical cancer, primarily
caused by human papillomavirus (HPV) infection, is one of the
most common malignant tumors of the female reproductive
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system.’! Statistics show that in high-income countries, the
incidence and mortality of cervical cancer have declined due to
widespread screening and vaccination programs. However, in
low- and middle-income countries, the incidence and mortality
rates of cervical cancer remain high."* The pathogenesis of these
2 diseases is not completely understood, but existing research
suggests that genetic factors, chromosomal abnormalities, and
gene fusions may play critical roles in their development. For
instance, the occurrence of leukemia is often closely associated
with specific chromosomal translocations,”! such as the BCR-
ABL fusion gene. Similarly, the development of cervical can-
cer involves various genetic mutations and signaling pathway
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abnormalities, including mutations in the p53 and RB genes.!!
Therefore, in-depth research into the molecular mechanisms of
leukemia and cervical cancer is crucial for understanding their
pathophysiological foundations and developing new therapeu-
tic strategies.

The rapid development of bioinformatics provides power-
ful tools for studying the molecular mechanisms of diseases.
The application of high-throughput sequencing and gene chip
technologies allows for comprehensive analysis of genomic,
transcriptomic, and proteomic data, thereby uncovering key
genes and signaling pathways related to diseases. The advan-
tage of bioinformatics lies in its ability to process and analyze
large volumes of biological data, integrating various data types
to offer more comprehensive biological insights. Using high-
throughput sequencing techniques like RNA-seq, we can ana-
lyze gene expression differences between cancer patients and
healthy controls, identifying potential pathogenic genes and
pathways.”l In summary, bioinformatics supports the efficient
processing and analysis of extensive biological data, providing
strong support for revealing the molecular mechanisms of dis-
eases and laying the foundation for developing new diagnostic
and therapeutic strategies.!®!

Currently, the role of Calmodulin 3 (CALM3) in leukemia
and cervical cancer is unclear. Therefore, this study aims to uti-
lize bioinformatics techniques to identify core genes between
leukemia and cervical cancer and normal tissues, and to conduct
enrichment and pathway analyses. By validating the significant
role of CALM3 in leukemia and cervical cancer using public
datasets, and conducting fundamental cell experiments, we seek
to uncover the potential mechanisms of CALM3 in these 2 can-
cers. The goal of this research is to elucidate the potential mech-
anisms of CALM3 in these 2 diseases, providing new targets and
strategies for future diagnosis and treatment.

2. Methods

2.1. Leukemia and cervical cancer datasets

In this study, the leukemia dataset GSE26294 and the cervical
cancer dataset GSE173097 profiles were downloaded from the
gene expression omnibus database (http://www.ncbi.nlm.nih.
gov/geo/) generated from GPL6102 and GPL14951. GSE26294
includes 8 leukemia and 8 normal samples, while GSE173097
includes 5 cervical cancer and 6 normal samples. These datasets
were used to identify differentially expressed genes (DEGs) in
leukemia and cervical cancer.

2.2. Principal component analysis

Principal component analysis (PCA) was performed to reduce
the dimensionality of these data samples and visualize them,
revealing the underlying structure of the data and discovering
differential biological characteristics. We used the R package
stats (version 3.6.0) for the analysis. Specifically, we first per-
formed z-score normalization on the expression profiles and
further used the prcomp function for dimensionality reduc-
tion to obtain the reduced matrix. This was used to show
the distribution and differences between healthy and diseased
samples.

2.3. Screening of DEGs

We first performed log2 transformation on the GSE26294 and
GSE173097 datasets, used the ImFit function for multiple lin-
ear regression, and calculated the adjusted t-statistics, adjusted
F-statistics, and log-fold changes through empirical Bayesian
adjustment of standard errors approaching a common value.
This provided the significance of differential expression for each
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gene, resulting in a volcano plot. The DEGs from GSE26294
and GSE173097 were intersected to obtain the final DEGs.

2.4. Weighted gene co-expression network analysis

First, we calculated the median absolute deviation (MAD) for
each gene in the GSE173097 gene expression matrix, remov-
ing the top 50% of genes with the smallest MAD. Using the
goodSamplesGenes method from the R package weighted gene
co-expression network analysis (WGCNA), we removed out-
lier genes and samples. Further, we constructed a scale-free
co-expression network using WGCNA. To classify genes with
similar expression profiles into gene modules, average linkage
hierarchical clustering was performed based on TOM dissimi-
larity measures, with a minimum module size (gene group) of
30. The sensitivity was set to 3. For further module analysis,
we calculated the dissimilarity of module eigengenes, selected
a cut line for the module dendrogram, and merged some mod-
ules. Additionally, modules with a distance <0.25 were also
merged. It is important to note that the gray module is con-
sidered a collection of genes that cannot be assigned to any
module.

2.5. Functional enrichment analysis

Gene ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) analyses assess gene function and biological
pathways. The intersected DEGs were input into the KEGG API
(https://www.kegg.jp/kegg/rest/keggapi.html) to get the latest
KEGG pathway gene annotations. The R package clusterPro-
filer (version 3.14.3) was used for enrichment analysis to obtain
enriched gene sets. Additionally, the GO annotations from the
R package org.Hs.e.g..db (version 3.1.0) were used as the back-
ground. The minimum gene set was set to 5, and the maximum
to 5000. A P-value of <.05 and an FDR of <.25 were considered
statistically significant.

The Metascape database (http://metascape.org/gp/index.
html) was also used for comprehensive gene list annotation and
analysis resources, and visualization was exported.

2.6. Gene set enrichment analysis

For gene set enrichment analysis (GSEA), we obtained the GSEA
software (version 3.0) from the GSEA website (DOI:10.1073/
pnas.0506580102, http://software.broadinstitute.org/gsea/
index.jsp). Disease and normal tissue samples were divided
into 2 groups, and the c2.cp.kegg.v7.4.symbols.gmt subset
was downloaded from the Molecular Signatures Database
(DOI:10.1093/bioinformatics/btr260, http://www.gsea-msigdb.
org/gsea/downloads.jsp) to assess related pathways and molec-
ular mechanisms. Based on gene expression profiles and pheno-
type grouping, the minimum gene set was set to 5, the maximum
to 5000, and 1000 permutations were performed. A P-value of
<.05 and an FDR of <.25 were considered statistically signifi-
cant. GO and KEGG analyses of the whole genome were also
conducted by GSEA.

2.7. Immune infiltration analysis

CIBERSORT (http://CIBERSORT.stanford.edu/) is a widely
used method for estimating the abundance of immune cells
in a mixed cell population using gene expression data. The
LM22 gene file defines 22 immune cell subtypes. We applied
an integrated bioinformatics approach using the CIBERSORT
package to analyze the gene expression matrix of the leuke-
mia dataset GSE26294, deconvolving the expression matrix of
immune cell subtypes using linear support vector regression,
estimating immune cell abundance, and using a confidence
P-value of <.05 as a cutoff standard to select samples with
sufficient confidence.
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Figure 1. (A) Principal component analysis (PCA) results of leukemia. (B) tSNE analysis results of leukemia. (C) PCA results of cervical cancer. (D) tSNE analysis

results of cervical cancer. tSNE = t-Distributed Stochastic Neighbor Embedding.

2.8. Protein-protein interaction network construction and
analysis

The search tool for the retrieval of interacting genes (STRING)
database (http://string-db.org/) collects, scores, and integrates all
publicly available protein—protein interaction (PPI) information
sources, supplemented by computational predictions. The DEGs
were input into the STRING database to construct a PPI network
with a confidence score >0.4. Cytoscape software provides bio-
logical network analysis and 2D visualization for biologists. In
this study, the PPI network formed by the STRING database was
visualized and core genes were predicted using Cytoscape soft-
ware. The PPI network was imported into Cytoscape, and the top
10 related genes were calculated using 4 algorithms (Maximal
Clique Centrality, Maximum Neighborhood Component, Density
of Maximum Neighborhood Component, BottleNeck), with the
intersection visualized and core gene lists exported.

2.9. Survival analysis

We obtained clinical survival data for cervical cancer from
TCGA and used the R package maxstat (version 0.7-25) to

calculate the optimal cutoff value for the RiskScore of core
genes, setting the minimum group sample size >25% and the
maximum group sample size <75%. The optimal cutoff value
was calculated, and patients were divided into high and low
groups. The survfit function from the R package survival was
used to analyze the prognostic differences between the 2 groups,
and the log-rank test method was used to assess the significance
of prognostic differences between different groups.

2.10. Gene expression heatmap

We used the R package heatmap to plot heatmaps of the
expression levels of core genes identified in the PPI network in
GSE26294 and GSE173097, visualizing the expression differ-
ences of core genes between leukemia, cervical cancer, and nor-
mal samples.

2.11. Comparative toxicogenomics database analysis

The CTD integrates data on interactions between chemicals,
genes, functional phenotypes, and diseases, providing significant
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Figure 2. Differentially expressed gene (DEG) Analysis. (A) Leukemia dataset GSE26294. (B) Cervical cancer dataset GSE173097. (C) Intersection of differential

genes in leukemia and cervical cancer. A total of 77 DEGs.

convenience for research on disease-related environmental
exposure factors and potential mechanisms of drug action. The
core genes were input into the CTD website to find the most
related diseases, and radar charts of expression differences for
each gene were drawn using Excel.

2.12. miRNA

We used miRNA prediction websites to find miRNA information
for target genes. In our study, the online databases TargetScan
(www.targetscan.org) and miRTarBase (mirtarbase.cuhk.edu.
cn) were used to screen miRNAs regulating core genes.

3. Results

3.1. Principal component analysis

We performed dimensionality reduction on leukemia and cervi-
cal cancer data samples to guide subsequent differential analysis.
Using PCA and t-Distributed Stochastic Neighbor Embedding
methods for dimensionality reduction and visualization, we
revealed the underlying structure of the data. The results showed
differentiation between leukemia and corresponding normal
samples (Fig. 1A and B), as well as between cervical cancer and
corresponding normal samples (Fig. 1C and D). Despite some
similarity due to the same tissue origin, a portion of the samples
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Figure 3. GOKEGG enrichment analysis of differentially expressed genes. (A) Biological process analysis. (B) Cellular component analysis. (C) Molecular func-
tion analysis. (D) KEGG enrichment analysis. KEGG = Kyoto encyclopedia of gene and genome.

showed good differentiation, highlighting differences between
disease and control samples.

3.2. Differentially expressed gene analysis

In this study, based on predefined cutoff values, we identified
DEGs for the leukemia dataset GSE26294 (Fig. 2A) and the cer-
vical cancer dataset GSE173097 (Fig. 2B). We then used a Venn
diagram to intersect the DEGs from both datasets, yielding a
total of 77 common DEGs (Fig. 2C).

3.3. Functional enrichment analysis

3.3.1. DEGs. We performed GO and KEGG analyses on the
DEGs. According to the GO analysis, in the biological process
category, the genes were primarily enriched in cell proliferation,
immune response, and apoptotic processes (Fig.3A). In the
cellular component category, the genes were mainly enriched in the
nucleus and Golgi apparatus (Fig. 3B). In the molecular function
category, the genes were primarily involved in DNA binding,
protein binding, and transcription factor activity (Fig. 3C).

In the KEGG pathway analysis, the genes were mainly
enriched in cell adhesion molecules, the Wnt signaling pathway,

the cAMP signaling pathway, the cGMP-PKG signaling path-
way, and basal cell carcinoma (Fig. 3D).

3.3.2. Gene set enrichment analysis. Additionally, we
performed GSEA on the whole genome to identify potential
enrichment terms among non-DEGs and to validate
the results of the DEGs. The intersection of enrichment
terms with GO and KEGG enrichment terms of DEGs
revealed similar results between the leukemia dataset
GSE26294 (Fig. 4A-D) and the cervical cancer dataset
GSE173097 (Fig. 4E-H). DEGs were mainly enriched in cell
proliferation, apoptosis processes, nucleus, transcription
factor activity, Wnt signaling pathway, and basal cell
carcinoma.

3.3.3. Metascape enrichment analysis. In Metascape
enrichment items, GO enrichment results included important
pathways such as the Wnt signaling pathway, growth
regulation, cell adhesion molecules, regulation of epithelial
cell proliferation, calcium-mediated signaling, and negative
regulation of cell population proliferation (Fig. SA). We also
generated enrichment networks colored by enrichment items
and P-values (Fig. 5B and C). Metascape enrichment results
further validated the reliability of the above GO and KEGG
enrichment results.
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Figure 4. (A-D) GSEA of leukemia. (A) Biological process analysis. (B) Cellular component analysis. (C) Molecular function enrichment analysis. (D) KEGG
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3.4. Immune infiltration analysis

Using the CIBERSORT software package, we analyzed the
gene expression matrix of the leukemia dataset GSE26294
and obtained the proportion of immune cells in the entire gene
expression matrix with 95% confidence. The analysis showed
that dendritic cells (resting) and macrophages (MO0) had higher
proportions in the samples (Fig. 6A). Further correlation anal-
ysis of infiltrating immune cells revealed a co-expression pat-
tern among immune cell components. The results indicated a
strong positive correlation between monocytes and CD8 + T
cells (Fig. 6B). This suggests that the interaction between mono-
cytes and CD8 + T cells may play an important role in the

progression of leukemia, providing new perspectives for leu-

kemia treatment, especially targeting the interaction between
p y targeting

these cell types.

3.5. Weighted gene co-expression network analysis

The selection of soft-threshold power is a critical step in
WGCNA. We performed network topology analysis to deter-
mine the soft-threshold power, which was set to 1 for the
WGCNA (Fig. 7A). We constructed a hierarchical clustering
tree of all genes, generating 6 modules (Fig. 7B) and analyzed
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the interactions among important modules (Fig. 7C). We also
generated heatmaps of module-trait relationships (Fig. 8A) and
scatter plots of the GS vs MM correlation for related hub genes
(Fig. 8B-D).

We calculated the module eigengene-gene expression cor-
relation to obtain MM. According to the cutoff standard
(IMMI > 0.8), highly connected genes in clinically significant
modules were identified as hub genes. By extracting these hub
genes from important modules, we intersected them with DEGs
and plotted a Venn diagram for subsequent PPI network con-
struction (Fig. 8E).

3.6. Protein—-protein interaction network construction and

analysis

The PPI network of DEGs was constructed using the STRING
online database and analyzed with Cytoscape software (Fig. 9A).
Four algorithms (Maximal Clique Centrality, Maximum
Neighborhood Component, Density of Maximum Neighborhood
Component, BottleNeck) were used to identify central genes, and
a Venn diagram was used to find the intersection (Fig. 9B). The
results of the 4 algorithms are shown (Fig. 9C-F), and we ulti-
mately identified 3 core genes: CALM3, secreted frizzled-related
protein 4 (SFRP4), and plasminogen (PLG).
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Figure 6. Immunoinfiltration analysis. (A) Whole gene expression matrix results in proportion of immune cells. (B) Map of co-expression patterns between

immune cell components.

3.7. Core gene expression heatmap

We visualized and plotted heatmaps of the expression levels
of core genes in the leukemia dataset GSE26294 and the cer-
vical cancer dataset GSE173097. CALM3 was found to be
lowly expressed in leukemia samples but highly expressed in
normal samples (Fig. 10A). In contrast, CALM3 was highly
expressed in cervical cancer samples and lowly expressed

in normal samples (Fig. 10B). This opposite expression pat-
tern suggests that CALM3 may have different biological
functions and regulatory mechanisms in different types of
cancer. In leukemia, low CALM3 expression may be related
to disease onset and progression, while in cervical cancer,
high CALM3 expression may promote cancer cell growth
and invasion.
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3.8. Compatrative toxicogenomics database analysis

We input the hub gene list into the CTD website to find dis-
eases related to the core genes, enhancing our understanding
of gene-disease associations. The core genes (CALM3, SFRP4,
PLG) were found to be related to leukemia, coagulation disor-
ders, vaginal tumors, cervical tumors, autoimmune diseases, and
inflammation (Fig. 11).

3.9. Survival analysis

Using cervical cancer survival data downloaded from TCGA,
we obtained prognosis score relationship plots and heatmaps
of core gene expression differences between cervical can-
cer and normal tissue samples. We found that the survival
time and rate of the low-risk group were significantly higher
than those of the high-risk group (Fig. 12A). Visualizing the
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expression heatmap of core genes in cervical cancer survival
data showed that CALM3 is a risk factor, with expression
increasing with risk score (Fig. 12B). We also plotted overall
survival rates related to core genes (CALM3, SFRP4, PLG)
in cervical cancer (Fig. 12C), indicating that high CALM3
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expression is associated with poor overall survival. Although
the Log-rank P-value and p (HR) value were slightly above
.05, both were close to significance, suggesting that high
CALM3 expression may be an important factor influencing
survival rates.
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3.10. miRNA prediction and functional annotation related
to target genes

In this study, we input the target gene CALM3 into miRNA predic-
tion websites to find related miRNAs, enhancing our understand-
ing of gene expression regulation (Table 1). The TargetScan website
predicted that the miRNA related to CALM3 is hsa-miR-122-5p.
The miRTarBase website predicted that the miRNAs related to
CALMS3 are hsa-miR-1-3p, hsa-miR-7-5p, and hsa-miR-320a.

4. Discussion

Leukemia is a malignant tumor of the hematopoietic sys-
tem, primarily characterized by the abnormal proliferation

11

of hematopoietic stem cells in the bone marrow, leading to a
large number of immature white blood cells entering the blood-
stream.”! Leukemia can be classified into acute and chronic types
based on its progression speed and cell type. Acute leukemia pro-
gresses rapidly, with patients usually showing severe symptoms
within weeks, while chronic leukemia progresses more slowly.!
Epidemiological data on leukemia show varying incidence rates
in different regions and populations. Globally, children and the
elderly are the main affected groups. According to a study in the
International Journal of Hematology, the epidemiological char-
acteristics of leukemia exhibit significant differences worldwide,
especially across different age groups and genders. In the United
States, acute lymphoblastic leukemia (ALL) is one of the most
common cancers in children, whereas acute myeloid leukemia
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(AML) is more common in adults. According to the American
Cancer Society, ALL accounts for a high proportion of child-
hood cancers, while AML mainly affects adults, particularly the
elderly.!""?l Leukemia patients typically present with symptoms
such as anemia, bleeding, infection, and bone pain. Pathological
features include a significant proliferation of immature white
blood cells in the bone marrow and peripheral blood. These
abnormal cells not only interfere with the production of nor-
mal blood cells but also invade other organs, leading to multi-
system damage.!"*! According to a study in the Chinese Journal of
Hematology, the symptoms and pathological features of leuke-
mia patients include significant proliferation of immature white
blood cells in the bone marrow, leading to a series of systemic
symptoms.["Y Leukemia is highly hazardous; without timely
treatment, the survival period of acute leukemia patients may be
only a few months. Studies have shown that patients with acute

leukemia (including ALL and AML) have a very short survival
period if they do not receive timely and appropriate treatment,
with the high aggressiveness of acute leukemia being a major
cause of its fatality.["”!

In recent years, significant progress has been made in the study
of the molecular mechanisms of leukemia, thanks to advances
in molecular biology techniques. Gene mutations, chromosomal
translocations, and epigenetic changes are key factors leading to
leukemia.l'¥! In-depth research into the molecular mechanisms
of leukemia is crucial for the development of targeted therapies.
The discovery of the BCR-ABL fusion gene in chronic myeloid
leukemia (CML) has provided an important basis for targeted
therapy, with tyrosine kinase inhibitors like imatinib signifi-
cantly improving the prognosis of CML patients.!'”!

Cervical cancer is one of the most common malignancies of
the female reproductive system, mainly caused by persistent
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infection with high-risk human papillomavirus (HPV).['"SI After
HPV infection, the viral genome integrates into the host cell
DNA, leading to abnormal expression of cell cycle regulatory
genes such as E6 and E7, which in turn induces malignant
transformation of the cells."”?" Epidemiological data show
higher incidence rates in developing countries, whereas coun-
tries implementing HPV vaccination and screening programs
have seen a significant decrease in cervical cancer incidence.?!!
Cervical cancer patients may present with symptoms such as
abnormal vaginal bleeding, contact bleeding, and increased

vaginal discharge.?? The pathological features mainly include
cervical intraepithelial neoplasia and invasive cancer, with most
cases being squamous cell carcinomas. A key challenge in cer-
vical cancer is that it often presents asymptomatically in its
early stages, leading to late diagnosis, complicating treatment,
and increasing mortality rates.’! Regular screening (such as
Pap smears and HPV testing) for early detection is crucial for
improving survival rates.?* These screenings can identify pre-
cancerous lesions, allowing for intervention before the disease
progresses. Therefore, early diagnosis and treatment are critical
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for improving the survival rate of cervical cancer patients, and
studying its molecular mechanisms is important for discovering
new diagnostic markers and therapeutic targets.

The occurrence of cervical cancer is closely related to infec-
tion with high-risk types of HPV, particularly HPV16 and
HPV18. These viruses integrate their genomes into the host cell

14

DNA, leading to the inactivation of tumor suppressor genes
such as p53 and pRb through the expression of E6 and E7 pro-
teins, respectively, promoting uncontrolled cell proliferation
and malignant transformation. The E6 protein forms a complex
with E6AP (E6-associated protein), inducing ubiquitination and
degradation of the p53 protein. p53, known as the “guardian
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of the genome,” plays a crucial role in responding to DNA
damage and other stress conditions; its loss of function allows
cells to evade apoptosis and promotes carcinogenesis.?>?¢! The
E7 protein binds to pRb (retinoblastoma protein), releasing its
inhibition of the cell cycle. Normally, pRb prevents cells from
entering the S phase (DNA synthesis phase) by binding to E2F
transcription factors. The E7 protein promotes pRb degrada-
tion, releasing E2F and activating genes associated with the S
phase, leading to continuous cell proliferation.?728!

Our study shows that CALM3 is downregulated in leukemia
and upregulated in cervical cancer. The differential expression
of CALM3 in leukemia and cervical cancer suggests its poten-
tial role in the development and progression of these diseases.
Further investigation into the molecular mechanisms of CALM3
could help elucidate its specific functions in tumor biology and
provide important insights for developing new targeted thera-
peutic strategies.

CALMS3 is part of the calmodulin gene family, including
CALM1 and CALM2, which encode the same calmodulin pro-
tein. Calmodulin, encoded by CALM3, is crucial for regulating
various enzymes, ion channels, and other proteins. It inter-
acts with many targets and regulates their activity, including
kinases, phosphatases, and cytoskeletal proteins. For example,
calmodulin regulates the activity of the Kv7.2 potassium chan-
nel, which is essential for maintaining neuronal excitability.?”!
Calmodulin is involved in key cellular processes such as muscle
contraction, cell division, and signal transduction pathways,
mediating processes like inflammation, immune response,
apoptosis, and metabolic pathways. By binding to calcium ions,
calmodulin undergoes conformational changes that enable it
to interact with and regulate its target proteins.*®’ CALM3 has
been found to be associated with the progression of various
diseases. Research indicates that CALM3 plays a key role in the
pathological processes of cardiovascular diseases. For example,
CALMS3 regulates calcium signaling in cardiomyocytes, affect-
ing cardiac contractility and cell survival in conditions like
cardiac hypertrophy and heart failure.’! In Alzheimer disease,
altered calmodulin activity affects synaptic plasticity and mem-
ory formation.?' Additionally, one study suggests that CALM3
may play a significant role in the pathogenesis of leukemia.l®?!

These studies indicate that CALM3 plays important roles in
various physiological and pathological processes in multiple dis-
eases, and its functional abnormalities may serve as potential
therapeutic targets. This further supports our findings, which
show that CALM3 is downregulated in leukemia and upreg-
ulated in cervical cancer. This expression difference highlights
CALM3’s potential roles in these diseases, providing new clues
for further research into its specific mechanisms in disease devel-
opment and progression, which could aid in developing new
diagnostic and therapeutic approaches.

4.1. Limitation and future research directions

Although this study revealed the differential expression of
CALMS3 in leukemia and cervical cancer through bioinformat-
ics analysis, there are still some limitations. This study did not
further validate the specific functions of CALM3 through gene
overexpression or knockout experiments in animal models.
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Therefore, future research should combine in vivo and in vitro
experiments to explore the mechanisms of CALM3 in greater
depth and its potential applications in disease treatment and
prognosis, providing new ideas and evidence for targeted
therapies.

5. Conclusion

CALMS3 is downregulated in leukemia and upregulated in cer-
vical cancer, potentially acting as a key target in both diseases.
This study provides valuable insights for further research on
the CALM3 gene in leukemia and cervical cancer, laying a solid
foundation for future investigations.
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