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ABSTRACT

Acute myeloid leukemia (AML) is characterized by proliferative, poorly
differentiated cells of the hematopoietic system. The aim of this study was to
identify biomarkers of AML by gene co-expression network analysis.
Microarray dataset was retrieved from Gene Expression Omnibus (GEO)
database. Weighted Co-expression Network Analysis (WGCNA) method
was applied to evaluate key modules. Gene ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) enrichment analysis was
performed using Database for Annotation, Visualization and Integrated
Discovery (DAVID) web server. Then, hub genes were identified using
Cytoscape software. Finally, expression of hub genes was validated using
Gene Expression Profiling Interactive Analysis (GEPIA). A total of 1602 co-
expressed genes with highest connectivity were identified in dark red and
magenta modules. GO analysis suggested that co-expressed genes were
mainly enriched in apoptotic process, signal transduction, cytosol, nucleus,
protein binding and ATP binding activity. KEGG pathway analysis
revealed that co-expressed genes were significantly enriched in MAPK
signaling pathway and pathways in cancer. Protein-Protein Interaction
network (PPI) demonstrated that the top 10 hub genes were identified.
Survival analysis showed that genes downregulation of ITGB1, JUN and
upregulation of ATM, MYC, NOTCH1, PTPN11 were associated with poor
overall survival.
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INTRODUCTION

Acute myeloid leukemia (AML) is a common type of hematologic neoplasm characterized by
molecular characteristics; and its incidence rate is increasing every year (Estey, 2016). American
Cancer Society in 2019 recorded 19,950 new cases of AML and 10,430 deaths due to AML in USA
(Siegel et al., 2019). Historically, genetic factors play an important role in cause of leukemia (Shih
et al., 2020). On the other hand, smoking, ionizing radiation, prior chemotherapy, Down’s
syndrome and exposure to chemicals such as benzene are major risk factors for leukemia (Puumala
et al., 2013). Indeed, molecular analysis of leukemic blasts from AML patients suggested that there
was an obvious heterogeneity in the gene expression. However, the detailed pathophysiology of
AML is still unclear, especially the complicated molecular mechanisms (Renneville et al., 2008).
Therefore, the identification of more effective biomarkers and therapeutic targets, and better
understanding of the mechanism of AML is the need of hour. In this context, co-expression analysis
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uses gene expression levels to cluster genes into several modules based on similar biological
functions and gene expression levels (Jang et al., 2004). In last few decades, more innovative
methods were proposed for co-expression network construction and analysis. WGCNA is an R
package widely used to identify the key modules highly associated with clinical traits (Langfelder
and Horvath, 2008). In addition, WGCNA is used to measure the relationship between modules and
genes. Following identification of gene modules, gene enrichment analysis, PPI network analysis
and survival analysis is usually performed to uncover if the gene set is associated for biological
functions and overall survival. The purpose of this study is to investigate the co-expressed genes
potentially involved in the AML prognosis.

Due to revolution in gene sequencing technology and emergence of open data-sharing
platforms (GEO), an increasing number of ongoing studies are aimed at defining the gene
expression profile associated with cancers. To this date, WGCNA method has been employed to
construct co-expression modules for several studies, cutaneous systemic sclerosis-associated
pulmonary arterial hypertension, prostate cancer, and gastric cancer (Fan et al., 2018; Zhang., 2019;
Zhang et al., 2021). In this study, we considered a weighted gene co-expression network using
AML expression profile data in GEO database, identified the key gene modules that affect the
pathogenesis of AML, conducted enrichment analysis, and screened out six new biomarkers. This
study was aimed to comprehensively analyze the co-expressed gene network so as to allow a better
understanding of biological pathways and suggest six novel biomarkers for AML diagnosis and
treatment for future personalized targeted therapy.

MATERIALS AND METHODS

Data collection and pre-processing
Gene expression data of 26 AML samples were collected from the microarray database GEO
(GSE9476, https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE9476).

Construction of gene co-expression network and hub-gene selection

Construction of gene co-expression network was performed by using R software with WGCNA
package (Langfelder and Horvath, 2008). B was a soft threshold function that can emphasize a
strong co-relation and make the network conform to the standard scale-free network. The function
provides an appropriate § value ranging from 1 to 20. We utilized the pick soft threshold value to
calculate the soft threshold by scale independence and mean connectivity analysis of the module.
Then, through hierarchical clustering, co-expression modules were identified, and the tree was
obtained. The minimum number of module genes was set as 30, and the modules were merged for
the second time accordingly to the modules with a correlation more significant than 75%.

Functional enrichment analysis in the key modules

Functional enrichment analysis was performed on genes in the significant modules using the
DAVID (https://david.ncifcrf.gov/tools.jsp) web server (Jiao et al., 2012). Gene Ontology (GO) and
Kyoto Encyclopedia of Genes and Genomes (KEGG) biological pathway analysis was employed
for annotating genes and gene products for identifying novel biological processes. The p-value <
0.05 was used as the cut-off criterion.

Identification of hub genes

The correlation weight value from each gene in the dark red and magenta modules was generated
with the WGCNA package. The gene correlation was visualized using Cytoscape software by the
cyto-Hubba plugin (Shannon et al., 2003). The hub genes that were highly interconnected with
nodes in a module were identified with the degree of connectivity method. The top 10 genes with a
correlation weight value > 0.1 were defined as hub genes.
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Validation of hub genes

GEPIA (http://gepia.cancer-pku.cn/) database (Tanget al., 2017) was used to validate the
expression difference of candidate genes among AML patients. Kaplan-Meier survival plots were
applied to validate the hub genes prognosis.

RESULTS AND DISCUSSION

Data source and co-expression network

In present study, the dataset GSE9476 that included 26 AML samples was used. By bioinformatic
method WGCNA, the genes were clustered into seven modules, of which two modules were the
most closely related to the development and progression of AML. The scale-free network condition
was satisfied when B = 14, the scale independence value achieved 0.14 and lower connectivity (Fig.
1). Hierarchical clustering dendrogram grouped the genes with similar expressions into same
module (Fig. 2). A total of 1009 and 493 mutual gene probes were clustered into dark red and
magenta gene modules. As previously mentioned, two methods were applied to find key modules.
The results of first method showed that the Module Eigengene (ME) of dark red and magenta
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Fig. 4: Scattorplots of gene significance versus module membership for blast % associated samples

GO and KEGG pathway enrichment

Considering the value of weighted correlation 0.18, 1602 genes in the dark red and magenta
modules were finally selected for functional enrichment analysis. GO analysis of all the genes in
these two modules showed that the apoptotic process, positive and negative regulation of
transcription, signal transduction, protein phosphorylation were the most abundantly represented in
the biological process category. In the cellular component category, cytosol, nucleus, cytoplasm
were the top three terms, while protein binding, metal ion binding and ATP binding activity were
top molecular function terms (Table 1). KEGG enrichment analysis revealed that co-expressed
genes were enriched in MAPK signaling pathway (hsa04010) and Pathways in cancer (hsa05200)
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(Table 2). These findings, while primary, suggested that these biological processes and pathways
plays important role in the AML progression. Additionally, the genes in the dark red and magenta

modules were selected for hub gene screening.

Table 1: Functional enrichment analysis of co-expressed genes

Category Terms Count Percent  P-value
GOTERM_BP  Apoptotic process 67 5.279748 4.48E-07
GOTERM_BP  Positive regulation of transcription, DNA-templated 73 5.752561 7.72E-07
GOTERM_BP  Protein phosphorylation 59 4.64933  1.33E-06
GOTERM_BP  Negative regulation of transcription, DNA-templated 54 4.255319 0.001353
GOTERM_BP  Signal transduction 94 7.407407 0.005991
GOTERM_BP  Regulation of transcription, DNA-templated 78 6.146572 0.007081
GOTERM_CC Cytosol 468 36.87943 1.81E-22
GOTERM_CC Nucleoplasm 332 26.16233 2.59E-14
GOTERM_CC Nucleus 454 35.7762  2.47E-12
GOTERM_CC Membrane 221 17.41529 4.68E-10
GOTERM_CC Cytoplasm 402 31.67849 1.32E-08
GOTERM_CC Extracellular exosome 156 12.29314 0.013336
GOTERM_MF Protein binding 932 73.44366 5.23E-22
GOTERM_MF  ATP binding 147 11.58392 2.35E-07
GOTERM_MF Metal ion binding 212 16.70607 8.29E-05
GOTERM_MF Identical protein binding 144 11.34752 1.83E-04
GOTERM_MF RNA binding 121 9.535067 0.001155
GOTERM_MF DNA binding 107 8.431836 0.001414
BP: Biological Process, CC: Cellular Compound, MF: Molecular Function

Table 2: Pathway enrichment analysis of co-expressed genes

Category Term Count % P-value
KEGG_PATHWAY hsa04010: MAPK signaling pathway 41 3.23089 3.92E-05
KEGG PATHWAY hsa05200: Pathways in cancer 56 4.412924  0.002232

KEGG: Kyoto Encyclopedia of Genes and Genomes
PPI network

A network of protein-protein interaction was constructed for all the genes by Cytoscape according to
the STRING database in dark red and magenta modules. Ten genes namely AKT1, MYC, JUN,
ATM, NOTCHL1, PTPNL11, ITGB1, MAPK14, TP53BP1, NFKBIA were identified as hub genes in

NFKBIA TP53BP1
3

- a8
/

MAPK14 Y ATM
1/ \
JUN PTPN11
\\W%\ /
ITGB1 - \ .2 MYC
o i
NOTCH1 - AKT1

Fig. 5: Top 10 in network STRING network
ranked by degree of connectivity method

PPI network (Fig. 5). Further, serine/ threonine
kinase AKT promote the epithelial mesen-chymal
transition, cellular motility and invasion in a wide
variety of pathological conditions and it restricts
invasive capacity of head and neck carcinoma
cells (Brolih et al., 2018). Meanwhile, previous
studies have explored that the role of MYC in the
pathogenesis of cancers and found that it has a
positive and important role in transcription factor
activation and molecular pathways (Gabay and
Felsher, 2014). JUN activation is associated
with  the proliferation and angiogenesis in
invasive breast cancer (Vleugel et al., 2006).
ATM has been associated with thymic lymphoma
and several cancers (Cremona and Behrens,
2014).
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Fig. 6: Kaplan-Meier survival curve

Recent studies have shown that NOTCH1 is implicated in carcinogenesis in a variety of
human malignancies by regulating many biological processes, including the cell growth, survival,
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apoptosis, migration, and invasion (Guo et al., 2015). Several studies implicated that PTPN11 as a
critical component of oncogenic signaling pathways and play a fairly broad role in cancer
pathogenesis (Chan et al., 2008). ITGB1 induces growth and invasion in a human colorectal cancer
cell line through the hedgehog (Hh) signaling pathway in vitro and in vivo (Song et al., 2015).
MAPK14 and TP53BP1 were found in high levels in gastric cancer and breast cancer samples
compared to normal samples (Mesquita et al., 2020; De et al., 2017). NFKBIA activity in gliomas
is significantly higher than in normal brain tissues and phospho-IkBa protein levels have been
shown to negatively correlate with tumor grade (Kinker et al., 2016). Furthermore, to identify
whether these ten hub genes were involved in the AML prognosis, we validated the relative mRNA
expression of the ten genes in GEPIA database.

Hubgene validation

Finally, Kaplan Meier plots indicated that ATM, MYC, NOTCH1, PTPN1l genes were
upregulated, of which ITGB1, JUN genes were downregulated and found to be correlated with poor
overall survival in AML patients (Fig. 6). Therefore, these genes might be a promising diagnostic
and prognostic biomarkers of AML proliferation and deserved for further studies.

Conclusion: In present study, we screened co-expressed genes and identified two modules and six
potential genes associated with AML progression. The study may help in developing novel and
promising targets for the diagnosis and treatment of AML in future. The limitations of relatively
small sample size and the heterogeneity of AML the findings need to be interpreted with caution.
The results need further validation by taking larger number of samples, and the mechanism needs to
be investigated both in vitro and in vivo.
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