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LEUKEMIA

ENTEGRE BIYOINFORMATIK ANALIZ ILE KRONIK LENFOSITIK LOSEMIDE HEDEF
GENLERIN VE YOLAKLARIN BELIRLENMESI
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ABSTRACT

Objective: The most common type of leukemia, chronic lymphocytic leukemia (CLL), is
characterized by progressive accumulation of monoclonal B cells with a specific immunophenotype
in the blood, bone marrow, and lymphoid organ. The goal of this research was to use bioinformatic
analysis to comprehend the molecular mechanisms causing CLL and to investigate potential targets
for the diagnosis and therapy of CLL.

Material and Method: Expression data from CLL patients with accession numbers GSE22529 and
GSE26725 were downloaded from the GEO database for bioinformatic analysis. GSE22529 data
was studied with samples from 41 CLL patients and 11 healthy groups, while GSE26725 data was
studied with blood samples from 12 CLL patients and 5 healthy groups. GEO2R was used to find
differentially expressed genes (DEGSs) in CLL patient samples and healthy control samples. The
DAVID program was used to perform GO and KEGG enrichment analyses on DEGs. Using the
Cytoscape software, a protein-protein interaction (PPI) network was created, and hub genes
associated with CLL were identified.

Result and Discussion: DEGs with p 0.05 and log2FC 0, log2FC=>0 were chosen after analysis
with GEO2R. In the GSE22529 dataset, 942 genes had higher expression levels in CLL patients
compared with controls, while the expression of 1007 genes decreased. In the GSE26725 dataset,
CLL patients had lower expression levels for 916 genes compared with controls, while 939 genes
showed an increase in expression. 229 DEGs with higher expression levels and 308 DEGs with
lower expression levels were found in both sets of data. It has been observed that these common
genes, whose expression has changed, are enriched in protein processing in the ER, Chemokine, B-
cell receptor, T-cell receptor, protein export pathways. Additionally, DDOST, RPL18, RPL18A,
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RPL19, RPL31, GNB3, GNB4, GNG11, GNGT1, NEDDS8, UBE2M RBX1, FBXO21, SKP1, KLHL9
and CAND1 were identified as the most important genes. Our study's findings demonstrated that
newly discovered genes and pathways may be candidates for CLL biomarkers that can be used for
both the diagnosis and drug treatment of the disease.

Keywords: Bioinformatic analysis, CLL, GEO, microarray, network module
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Amag: En yaygin losemi tiirii olan kronik lenfositik [6semi (KLL), kanda, kemik iliginde ve lenfoid
organda spesifik bir immiinofenotipe sahip monoklonal B hiicrelerinin ilerleyici birikimi ile
karakterize edilir. Bu ¢alismanin amaci, biyoinformatik analiz yaparak KLL nin altinda yatan
molekiiler mekanizmalar: arastirmak, KLL tani ve tedavisi icin potansiyel hedefleri belirlemektir.
Gere¢ ve Yontem: Biyoinformatik analiz icin GEO veri tabamindan KLL hasta verilerine ait
GSE22529 ve GSE26725 erisim numaralarina sahip ekspresyon datalar: indirildi. GSE22529
numarall data 41 KLL hasta ve 11 saglikli gruptan, GSE26725 numarali data ise 12 KLL ve 5
saghkli gruptan alinan kan érnekleri ile calisilmustir. KLL hasta ornekleri ile saghkli kontrol
ornekler farkl sekilde ifade edilen genleri (DEGS) bulabilmek icin GEOZ2R ile analiz edildi. DEG'ler
icin DAVID programi kullanilarak GO ve KEGG zenginlestirme analizleri gerceklestirildi.
Cytoscape yazilimi kullanilarak protein-protein etkilesim (PPI) agi olusturuldu ve KLL ile iligkili
onemli genler tesbit edildi.

Sonug¢ ve Tartisma: GEOZR ile analiz sonrast p<0.05 ve 10g.FC<0, log2FC>0 olan DEGler
secildi. GSE22529 veri setinde KLL hastalarinda kontrol grubuna gore 942 genin ifadesi artmus,
1007 genin ifadesi azalmistir. GSE26725 veri setinde ise KLL hastalarinda kontrol grubuna gore
939 genin ifadesi artmis, 916 genin ifadesi azalmistir. Her 2 veri seti i¢in ortak olarak ifadesi artan
229, ifadesi azalan 308 DEG tammlannustir. Ifadesi degisen bu ortak genlerin ER’de protein
islenmesi, kemokin, B-hiicre reseptér, T-hiicre reseptor, protein tasima gibi Yolaklarda zenginlestigi
gortilmiigtiir. Buna ek olarak DDOST, RPL18, RPL18A, RPL19, RPL31, GNB3, GNB4, GNGL11,
GNGT1, NEDDS8, UBE2M RBX1, FBX021, SKP1, KLHL9 and CAND1 en énemli genler olarak
belirlenmigtir. Calismamizin sonucu, ortaya ¢ikan genlerin ve yolaklarin KLL 'nin tamisinda ve ila¢
tedavisinde kullanilabilecek birer biyobelirtec aday: olabilecegini gostermistir.

Anahtar Kelimeler: Ag modiilii, biyoinformatik analiz, GEO, KLL, mikrodizin

INTRODUCTION

In western countries, chronic lymphocytic leukemia is the most common type of leukemia (CLL).
And more than 15,000 new cases have been reported, with approximately 4500 deaths. The average
diagnosed age is 72. Men suffer more than women [1,2]. A characteristic of CLL, a clonal proliferative
tumor of mature CD5-positive B lymphocytes, is an expansion of lymphocytes in the bone marrow,
lymph nodes, spleen, and peripheral circulation [2]. Unfortunately, it is still unclear how CLL develops
at the molecular level, which prevents early diagnosis and prompt treatment. The molecular mechanism
and biomarkers of CLL development have thus been the main focus of CLL research in order to increase
the probability of a disease identification and course of treatment. Many genes and cellular networks
have been shown to influence the origin and progression of CLL, according to studies. Computer-based
technologies, such as molecular dynamics simulation, have advanced quickly in recent years, leading to
the progressive discovery of novel molecular causes of the disease. The combination of web-based
systems like GEO (Gene Expression Omnibus), DAVID, data mining techniques
(cancergenome.nih.gov), and computer-based analysis methods has led to the discovery of many highly
sensitive and specific markers [3-6]. Gene chips are frequently used as a gene detection technology and
relevant data are kept in public databases. This genomic data can be integrated and reanalyzed to
potentially find specific disease-related biomarkers [7]. In clinical research applications like
categorization, prognosis prediction and the identification of novel targeted therapies, the use of high-
throughput platforms in gene expression has become increasingly important recently [8-10].

The original gene microarray datasets (GSE22529 and GSE26725) used in this study were
obtained from the NCBI-GEO (National Center for Biotechnology Information-Gene Expression
Omnibus database). Differentially expressed genes (DEGs) were identified in these samples by
comparing CLL patient and control samples using R software and Bioconductor. To determine the
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functional enrichment analysis of DEGs, the DAVID software program was used to analyze the Gene
Ontology (GO), Kyoto gene and genome encyclopedia (KEGG) pathway and protein-protein interaction
(PPI) network [11].

The novel biomarkers and pathways found in this study are predicted to provide information on
possible molecular mechanisms underlying CLL. The newly discovered key targets will provide new
suggestions and approaches for CLL early detection and individualized treatment.

MATERIAL AND METHOD
Affymetrix Microarray Data

We scanned the GEO database for the transcriptome datasets of patients with CLL. The National
Center for Biotechnology Information's-Gene Expression Omnibus (NCBI-GEO), a freely accessible
database of functional genomics, was used to download microarray datasets with accession numbers
GSE22529 and GSE26725. 41 CLL patients and 11 control blood samples were included in the study
with the accession number GSE22529 that was performed on the Affymetrix Human Genome U133A
Array platform [HG-U133A]. Additionally, 12 CLL patients and 5 control blood samples were included
in the study with accession number GSE26725 that was conducted on the Affymetrix Human Genome
U133 Plus 2.0 Array platform [HG-U133 Plus 2]. The platforms used along with the patient and control
numbers are listed in Table 1.

Table 1. Microarray platforms

GEO CLL Patient | Control Platform

access number number

number

GSE 22529 41 11 [HG-U133A] Affymetrix Human Genome U133A
Array

GSE26725 12 5 [HG-U133_Plus_2] Affymetrix Human Genome U133
Plus 2.0 Array

Total 53 16

Identification of DEG Analysis

To find differentially and co-expressed genes in the two datasets for the analysis of differential
expression, the online analysis program GEO2R was utilized. A global public resource for high-
throughput microarray and next-generation array functional genomic datasets is called GEO
(http://mww.ncbi.nlm.nih.gov/geo/). This data is supplied by the research community. GEO2R is an R-
based web application that analyzes GEO data and allows users to compare different groups to calculate
"DEG" [12]. On the preprocessed microarray data, the log2 fold change (log.FC) was calculated. t-tests
were used to compute p-values and adjusted p-values. p< 0.05 and |log2FC|> O criteria were considered
for significant DEG screening. DEGs were screened and ranked by importance. Up-regulated genes
(log2FC>0) and down-regulated (log.FC<0) were classified on the basis of the fold change. The
intersection of two datasets was used to create a Venn diagram using the online tool Venny 2.1 and
determine commonly varying DEGs. DEGs that were statistically significant in both datasets were
compared, and common DEGs were used in the study's subsequent analysis.

Gene Ontology (GO) and Pathway Enrichment Analyses

DAVID 6.8 was used to carry out the functional enrichment analysis of common DEGs.
(david.abcc.ncifcrf.gov/). An online tool for high-throughput analysis of gene function derived from
genomic experiments is called Annotation, Visualization and Integrated Discovery Database (DAVID)
[13]. Functional categories, Gene Ontology (GO) terms, and Kyoto Encyclopedia of Genes and Genes
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(KEGG) pathways are all analyzed using DAVID. To predict the functions of proteins, GO analysis was
divided into three categories: biological process (BP), cellular component (CC), and molecular function
(MF). To create networks of molecular interactions, reactions, and associations, A KEGG pathway
analysis was utilized to locate sets of DEGs in relation to particular pathways [14]. A statistically
significant difference was defined as p<0.05.

Construction of Protein-protein Interaction Network (PPI) and Hub Gene Screening

A database of confirmed and expected protein-protein connections called STRING (https://string-
db.org) was used to analyze PPI networks. These connections involve functional and physical
relationships, and data for these interactions are primarily derived from common expression networks,
automated text mining, high-throughput experiments, and computational predictions. DEGs were
mapped to the PPI network with a threshold of >0.9 interaction score. Furthermore, the PPI network
was visualized and created using Cytoscape v3.6.0 software. Hub nodes were those nodes that had the
most communication with their neighbors. The gene network clustering analysis was carried out using
the Cytoscape software package's MCODE application to determine important PP network modules.
Cutoff degree = 2, node score cutoff = 0,2, k-core=2, and maximum depth=100 are the qualifying criteria
for MCODE functional modules.

RESULT AND DISCUSSION
DEG Analysis and Identification of Common DEGs

Genes with p< 0.05 and |log2 FC|>0 were chosen because of transcriptome analyses in the
GSE22529 and GSE26725 datasets. The expression of 1949 genes changed (942 increased-1007
decreased) in the GSE22529 dataset, while the expression of 1855 genes changed (939 increased-916
decreased) in the GSE26725 dataset. When the DEGs found in both datasets were compared, 537 genes
with co-variation corresponding to protein-coding genes were discovered; 308 of them showed
decreased expression and 229 showed increased expression, indicating that they were expressed in the
same direction in both data sets. Figure 1A shows the most increasing and decreasing gene lists from
the data of common DEGs. In both datasets, the differential expression of common DEGS, gene counts,
and venn diagrams in CLL patients compared with controls are displayed in Figure 1A and 1B. (p<
0.05 and [log2 FC| >0). In Figure B, different color regions indicate different microarray data profiles.

A.
GEO- Upregulated | Downregulated | Total Common up and downregulated genes
Access genes genes
Number
GSE 942 1007 1949
22529 308 down — 229 up
GSE26725 939 916 1855
B. GSE22529(-) GSE26725 (-) GSE22529 (+) GSE26725 (+)

Figure 1. Venn diagrams of common DEGs of GEO datasets
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Tables 2 and 3 list the 20 genes with the highest increase and decrease in both the data sets.

Table 2. The top 20 upregulated and downregulated genes for GSE22529

Gen log,(FC) Gen log,(FC)
FMOD 5.61 1GLJ3 -6.787
FRY 4.409 S100A8 -6.758
ABCAG6 4.409 FOS -6.241
ARHGAP44 4.321 LYZ -5.874
IGFBP4 4.255 FCN1 -5.708
ROR1 4.092 S100A9 -5.589
COLY9A2 3.581 IGHV4-31 -5.521
TTN 3.549 HBB -5.358
SPATS2L 3.542 IGHV3-23 -5.228
SERPINF1 3.535 IGHD -5.221
INPP5F 3.307 CD14 -5.122

HBA2//[HB
PHTF1 3.222 Al -5.115
DMD 3.205 MLIP -5.002
CSGALNA

COLY9A3 3.103 CT1 -4.947
CCDC88A 3.027 CST3 -4.843
VIPR1 3.022 CEBPD -4.76
SGPP1 2.982 SORL1 -4.719
NOSIP 2.94 ITGB2 -4.401
LEF1 2.911 HCK -4.21
PDGFD 2.782 SERPINA1 -4.117

Table 3. The top 20 upregulated and downregulated genes for GSE26725

Gen log, (FC) Gen log, (FC)
ABCAGb6 5.113 1GLJ3 -6.592
PIGR 4.839 JCHAIN -5.441
ARHGAP44 4.414 SCN3A -5.069
PHEX 4.286 BMS1P20 -5.007
ENPP2 4.216 SSPN -4.777
CLNK 4.034 IGLL5 -4.777
CCDCB88A 3.879 TSPAN13 -4.643
IL17RB 3.863 IGK/I[IGKC -4.486
ROR1 3.827 IGHM -4.436
SPATS2L 3.478 PPP1R14A -4.25
ADTRP 3.295 MLIP -4.219
ABCA9 3.165 PTPRK -3.934
MIR155 3.067 CORO2B -3.815
FILIP1L 3.044 NRIP1 -3.58
AKAP12 2.748 TSPYL5 -3.579
LRRN1 2.736 IGKV10OR2 -3.554
IGSF3 2.711 CST3 -3.458
SGSM1 2.706 CDl1C -3.423
KSR2 2.658 BHLHE41 -3.348
RAPGEF3 2.653 SLC38A11 -3.336
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GO and KEGG Pathway Analysis of DEGs

In our study, functional and pathway enrichment analyses of DEGs, which are common
expressions in both data sets, were performed using DAVID software. Down-regulated DEGs were
found in 14 clusters (enrichment Score>1.3) and were highly enriched in various aspects in the
'molecular function (MF)," 'biological process (BP),' and ‘cellular component (CC)' groups, according to
GO analysis. Up-regulated DEGs were found in only two clusters (enrichment Score >1.3): molecular
function (MF) and biological process (BP). Table 4 shows GO terms enriched with p<0.05 and a list of
up-regulated genes. According to KEGG pathway analyses, down-regulated genes were significantly
enriched in 10 pathways, particularly "Protein processing in the endoplasmic reticulum, Chemokine
signaling pathway, hematopoietic cell lineage, transcriptional misregulation in cancer,” whereas
upregulated genes were enriched in 3 pathways (Table 5).

Table 4. GO analysis of common DEGs in CLL

Downregulated Genes
Category Pathways Count Pvalue

G0:0006468~protein phosphorylation 20 5.88852E-05

G0:0045087~innate immune response 13 0.0287027

G0:0098609~cell-cell adhesion 12 0.0026174

G0:0002250~adaptive immune response 10 0.0003895

G0:0006958~complement activation, classical pathway 8 0.0007098

GO:0050776~regulation of immune response 8 0.0177295

GOTERM_BP_DIRECT - —

G0:0038095~Fc-epsilon receptor signaling pathway 8 0.0177295

G0:0050853~B cell receptor signaling pathway 7 0.000148

G0:0006486~protein glycosylation 6 0.0273621

G0:0042110~T cell activation 6 0.0006589

G0:0050871~positive regulation of B cell activation 5 0.0005624

G0:0005913~cell-cell adherens junction 15 0.0003103

G0:0005856~cytoskeleton 14 0.0033875

GOTERM_CC DIRECT | G0:0034663~endoplasmic reticulum chaperone complex 4 0.0004703

G0:0042571~immunoglobulin complex, circulating 4 0.0025327

G0:0005524~ATP binding 33 0.0281698

G0:0003779~actin binding 16 2.25E-05

GO0:0004674~protein serine/threonine kinase activity 15 0.0018041

G0:0098641~cadherin binding involved in cell-cell adhesion 13 0.0015797

GOTERM_MF_DIRECT

T G0:0003823~antigen hinding 7 0.0047291

G0:0016757~transferase activity, transferring glycosyl 7 0.0003103

gglzjtr))(5)34987~immunoglobulin receptor binding 6 3.84E-05

G0:0035091~phosphatidylinositol binding 6 0.0093082

Upregulated Genes
Category Pathways Count Pvalue

GOTERM_BP_DIRECT | G0:0016569~covalent chromatin modification 7 0.0025089

G0:0035335~peptidyl-tyrosine dephosphorylation 5 0.0320941

GOTERM_MF_DIRECT | G0:0042393~histone binding 9 0.0001137

G0:0004725~protein tyrosine phosphatase activity 5 0.0325846
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Table 5. KEGG pathway analysis of common DEGs in CLL

DEGs Term ID Description Count Pvalue

hsa04141 | Protein processing in endoplasmic reticulum 13 8.85E-05

hsa04062 | Chemokine signaling pathway 10 0.0092848

hsa04640 | Hematopoietic cell lineage 8 0.0013335

hsa05202 | Transcriptional misregulation in cancer 8 0.0411960

Down-regulated hsa04662 | B cell receptor signaling pathway 7 0.0019847
hsa05221 | Acute myeloid leukemia 6 0.0042073

hsa04666 | Fc gamma R-mediated phagocytosis 6 0.0222590

hsa04660 | T cell receptor signaling pathway 6 0.0427175

hsa04720 | Long-term potentiation 5 0.0374360

hsa03060 | Protein export 4 0.0092373

hsa03013 | RNA transport 7 0.0202688

Up-regulated hsa04071 | Sphingolipid signaling pathway 6 0.0168503
hsa00071 | Fatty acid degradation 4 0.0152482

Integrated Protein-protein Interaction (PP1) Network

In a comparison of both datasets, the PPI network structure of down-regulated and up-regulated
genes in common was studied using the STRING database. The gene interaction network in down-
regulated genes contains 290 nodes and 297 edges, according to the PPI analysis. DEGs are symbolized
by nodes, while interactions between DEGs are symbolized by edges (Fig 2A). The STRING analysis
showed that CASP10-TNFRSF10A interacted at the highest confidence interval. These genes were
analyzed using Network Analyzer in Cytoscape software and the core genes were ranked based on their
predicted scores. DDOST, MAPK1, RPL18, RPL18A, GNB3, RPL19, GNB4, RPL31, GNG11, GNGT1
genes are the top 10 high order hub nodes. These genes were down-regulated. Among these genes,
DDOST has the highest node degree (=15). PPI analysis of up-regulated genes resulted in 239 nodes and
173 edges in the gene interaction network (Fig 2B). The top 10 hub nodes with high order in the
upregulated genes are the genes RBX1, SKP1, UBE2M, FBX021, KLHL9, JAK2, IL2, KRAS, CAND1,
NEDDS. The RBX1 gene has the highest node degree (=19) among these genes. MCODE was then used
in Cytoscape software to screen the gene interaction network modules, and Figures 3A-3B show the 4
modules with the highest MCODE score.

In this study, we compared the expression of 2 microarray datasets including CLL patients and
healthy controls to identify Differentially Expressed Genes (DEG). On the basis of the gene expression
profile, we discovered 537 common DEGs (229 up and 308 down). Then, we investigated these DEGs
thoroughly using bioinformatics techniques, such as GO and KEGG pathway enrichment studies, PPI
network analysis, and hub gene selection (Fig 2, 3).

It has been indicated that the genes whose expression changes are grouped in ER protein
processing, chemokine signaling, hematopoietic cell lineage, transcriptional dysregulation in cancer,
and B cell receptor signaling pathways, RNA transport, Sphingolipid signaling, and fatty acid
degradation pathways.

One of the significant post-translational changes of proteins known as glycosylation is essential
for many cellular biological functions and is closely linked to a variety of pathological occurrences, such
as the development of tumors and inflammatory reactions. Polysaccharides or glycoproteins associated
with tumors may result from changes in glycosylation, which may act as tumor markers and impact the
development and prognosis of tumors. DDOST (dolichyl-diphosphooligosaccharide-protein
glycosyltransferase) encodes a protein that is involved in the N-glycosylation of proteins and is a part
of the oligosaccharide transferase (OST) complex [15]. Some researchers have shown that patients with
skin squamous cell carcinomas that express a high percentage of DDOST have a bad prognosis [16].
Additionally, studies have revealed that DDOST is a separate prognostic factor in people with liver
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cancer [17]. For the first time, DDOST, which has the highest degree of node among the hub genes with
dramatically decreased expression and is enriched in the protein processing in the ER pathway, was
linked to CLL in our study.

Figure 2: The protein interaction network (PPI) of identified genes.
A. Downregulated genes, Upregulated genes. Circle define DEGs, lines show protein interaction
between DEGs.
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g XX\
. \‘\‘-’/;.’223“/
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Figure 3: The top modules from the gene-gene interaction network of common DEGs.
A. Downregulated genes, B. Upregulated genes

The B cell receptor signaling pathway and related MAPK (mitogen-activated protein kinase)
signaling are among the signaling pathways that are activated in the microenvironment of CLL by a
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various stimulus. This illustrates the correlation between the control of the cell cycle, cell proliferation,
and the instability of cancer cells, which is associated with the growth and spread of cancer cells [18].
In our research, the B cell receptor signaling pathway had enriched and differently elevated MAPK1
levels.

The ribosomal protein family (RP) is the other group in which the key genes in our study whose
expression is lowered in CLL patients. Deficiencies in the ribosome biogenesis pathway are associated
with an increased risk of having cancer since the ribosome is critical for the development of disorders
[19]. Recent findings of somatic mutations in RP genes in hematological cancers (including T-cell acute
lymphoblastic leukemia (ALL), chronic lymphocytic leukemia (CLL), and multiple myeloma) and solid
tumors (such as breast cancer and melanoma) raise the potential that abnormalities in ribosome synthesis
could facilitate oncogenic transformation. Additionally, RP gene deletions are extremely common in
human malignancies [20]. The RPL18, RPL18A, RPL19, and RPL31 genes were discovered to be
related to CLL for the first time in our study.

Another key pathway in our study was the chemokine signaling pathway. The development and
longevity of CLL are largely dependent on relations with the tissue microenvironment. Nurselike cells
(NLCs) produced from monocytes, mesenchymal stromal cells (MSCs), T cells, and NK cells are
essential part of the microenvironment. These cells interact with CLL cells via a complex network of
adhesion molecules, chemokine receptors, TNF family members, and soluble factors. In the literature,
it has been established that aberrant chemokine receptor (CCR1, CCR3, CCR7, CX3CR1, CXCR3,
CXCR4, and CXCRS5 gene expression levels raised, SIPR1 gene expression level decreased) in leukemic
cells isolated from CLL patients play a crucial part in the etiology of the disease. These findings
demonstrated how the aberrant spread of leukemic cells' localized supported their survival by the
microenvironment [21]. The expression of the chemokine pathway genes GNB3, GNB4, GNG11, and
GNGT1 was shown to be downregulated in patients with CLL in our study.

One of the molecular mechanisms that strictly regulates hematopoiesis is the ubiquitin proteasome
system. It is a type of post-translational modification, which refers to a change in a protein after a cell
makes it. Malignancies in leukemia types can result from this mechanism dysregulation. A recent study
has revealed that CLL has an increased in ubiquitin-like alterations, with numerous proteins in pertinent
pathways being implicated [22]. Studies have shown that the prognostic biomarkers for AML are
NEDDS8, UBE2M and RBX1 [23]. In our study, we discovered that CLL patients had significantly higher
expression levels of the genes for the ubiquitin-like proteins NEDD8, UBE2M, RBX1, FBX021, SKP1,
KLHL9, and CAND1.

One of the most studied and significant pathways in carcinogenesis and cancer maintenance is
JAK/Signal Transducer and Activator of Transcription (STAT) signaling. This pathway participates in
the control of differentiation, proliferation, migration, survival, or cytotoxicity in response to more than
50 cytokines, growth factors, and hormones, depending on cell type, developmental stage, and
microenvironment. Recent research has demonstrated that CLL cells had overexpressed JAK2 compared
with healthy B lymphocytes [24]. The results of our investigation were consistent with the literature in
that we discovered that JAK2 gene expression levels considerably increased in patients with CLL. The
main cytokine IL-2, which has immunomodulatory effects on the immune system and induces STAT4
and JAK2 activation in NK cells, was also found to be overexpressed in the CLL patients in our research.

The KRAS gene, a member of the RAS family, is another key gene in our study. The Ras genes
are among the oncogenes that are most frequently activated in cancer. On the inner side of the plasma
membrane, RAS proto-oncogenes like KRAS, NRAS, and HRAS serve as molecular switches that
transmit extracellular signals to the nucleus. They regulate the growth and differentiation of numerous
different cell types [25]. RAS mutations have been extensively investigated in many leukemia types,
but the study with patients with AML indicated that KRAS expression increased in AML independently
of the mutation. In our study, it was observed that KRAS expression levels were elevated in CLL
patients.

In conclusion, this study's findings suggest that DDOST, RPL18, RPL18A, RPL19, RPL31,
GNB3, GNB4, GNG11, GNGT1 genes might be linked to CLL. The current research may be useful in
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understanding the molecular mechanisms underlying CLL and identifying new biomarkers that may be
drug targets. Although drug response rates are high in patients treated with immune therapy and targeted
agents in CLL, the mechanisms leading to the relapse of the disease in a significant proportion of patients
are still not fully elucidated. Therefore, more studies are needed on the key genes and pathways
associated with CLL.
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