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ARTICLE INFO ABSTRACT

Purpose: Myelodysplastic syndrome (MDS) is a group of tumor diseases derived 
from hematopoietic stem cells. It has a tendency to progress to acute myeloid leukemia 
(AML), but the mechanism is not clear due to complicated pathogenesis. Based on the 
integrated analysis of gene microarray data sets, the present study established a gene 
expression model related to the pathogenesis of MDS, and screened target molecules 
which have an impact on disease progression.

Methods: We downloaded three gene microarray data sets (including 397 MDS 
patients and 45 normal controls) from Gene Expression Omnibus (GEO) database (http://
www.ncbi.nlm.nih.gov/geo). Then differential expressed genes (DEGs) from each data 
set was screened and integrated for obtaining co-expression DEGs. Enrichment analysis, 
network construction were performed to elucidate core genes and pathways related to 
the pathogenesis of MDS. Moreover, the DEGs were used to validate in extra data sets and 
for further exploration on online Gene Expression Profiling Interactive Analysis (GEPIA) 
tool (http://gepia.cancer-pku.cn/).

Results: In our study, 325 co-expression DEGs including 141 up-regulated and 184 
down-regulated were identified. And we found that these DEGs are enriched in interferon-
related signaling pathways, which also involve participation in antiviral responses. In 
addition, up-regulated hub genes such as IFIT3 and ITITM have been validated in extra 
data sets and had an important impact on the prognosis of patients with AML. 

Conclusion: Our findings will improve our understanding of the cause and 
underlying molecular events in MDS and may provide new research directions for 
treatment strategies.
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Introduction
Myelodysplastic Syndrome (MDS) is a cluster of tumorous 

diseases originating from hematopoietic stem cells. It characterizes 
aberrant bone marrow hematopoiesis, abnormal blood cell 
development, manifested as refractory blood cell reduction, 
hematopoietic failure, and high risk of transforming to acute  

 
myeloid leukemia, once referred to as pre-leukemia [1-2]. Previous 
epidemiological studies have shown that the incidence of MDS in 
the United States, Europe, and Asia ranges from less than 2 to more 
than 68 per 100,000 people [3-5]. Another research estimated that 
there are nearly 170,000 active cases and possibly no less than 
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50,000 cases of MDS in the US today based on varying methods 
of prevalence estimation; in fact, this figure may be more because 
of the population that is continuously aging [6]. Moreover, a study 
as per the Surveillance, Epidemiology, and End Results (SEER) 
database reported that the rate of secondary AML among MDS 
patients is less than that reported earlier, although these patients 
still have poor rate of survival [7].

Due to the pathogenesis of MDS is poorly understood because 
of its heterogeneity and complexity, showing the reasons and the 
inherent biochemical mechanisms, identifying biomarkers for 
diagnosis at an early stage and customized treatment, is crucial. 
The development in gene microarray technology has made it 
possible to present large numbers of high-throughput gene profiles 
to be extensively used in clinical inspection, diagnosis of cancer, 
and other facets. And based on this massive data, it is especially 
appropriate for differentially expressed genes (DEGs) screening 
[8,9]. In recent years, these data have been re-mined by more 
and more researchers to discover and provide valuable clues for 
new research. Nevertheless, the regular approach to microarray 
analysis can be easily confused by tissue samples heterogeneity or 
by variations in composition of cell type from a study conducted 
independently. And the detection of the same type of sample can be 
also affected by different types of microarray platforms. Thus, if we 
integrate the DEGs obtained from multiple data sets and conduct an 
in-depth analysis of co-expressed genes, which can solve the above 
disadvantages and make the results more reliable.

In our study, three gene microarray data sets GSE4619 [10], 
GSE19429 [11], and GSE58831 [12] were downloaded from the 
Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.
nih.gov/geo), which were then evaluated to acquire overlapping 
DEGs. To identify the hub genes associated with MDS, network 
construction and functional enrichment were applied. Then we 
utilized different data sets, such as GSE61853 [13] and GSE145733 
[14] to confirm the expression of hub genes. Finally, in order to 
explore whether hub genes play a driving role in the transition 
of MDS to AML, we imported these hub genes into online Gene 
Expression Profiling Interactive Analysis (GEPIA) tool (http://
gepia.cancer-pku.cn/) for further analysis. Identifying hub genes 
and functional enrichment of DEGs will enable more precise, 
and a dependable biomarkers for diagnosis in early stages and 
personalized MDS therapy.

Materials and Methods
Data Source and Processing for the Identification of 
DEGs

For next-generation sequencing and microarray/gene profile, 
a free database, NCBI-GEO was used from which the data sets of 
patients of MDS as well as normal controls (GSE19429, GSE4619, 
and GSE58831) were obtained. The GSE4619 data set had 55 MDS 

patients and 11 controls (normal samples). The GSE19429 data 
set had 183 MDS patients and 17 controls (normal samples). And 
the GSE58831 data set had 159 patients with MDS and 17 normal 
controls. All of data sets were set on GPL570 Platforms HG-U133_
Plus_2, (Affymetrix Human Genome U133 Plus 2.0 Array; Thermo 
Fisher Scientific, Waltham, MA, USA), and the data collation and 
analysis were conducted by R software (version 3.6.2). To analyze 
gene expression microarray data, an R package “Limma” was used, 
which facilitates the capacity to simultaneously assess comparisons 
between several RNA targets in randomly complicated planned 
experiments [15-17]. Based on this, this package has been applied 
to identify the DEGs between normal controls and MDS patients, 
and genes with |log2FC| > 0.58 & p-value< 0.05 as the criterion for 
cut-off were selected. Next, we overlapped the DEGs obtained from 
above three data sets and visualized it by R package “VennDiagram”, 
for up and down regulated genes, respectively.

Enrichment Analysis of DEGs

To examine the changed biological functions of the DEGs, 
clustering of data via GO Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathway analysis was 
done by R packages “clusterProfiler”, with which, gene clusters 
enrichment analysis and the biological term classification could be 
automated [18]. A statistically significant p-value was <0.05, and 
the ranking of GO results was done as per the p-value. The top five 
terms of significance were selected for displaying genes enriched 
in terms. Then we applied Gene Set Enrichment Analysis (GSEA), a 
powerful analytical method for gene expression data interpretation 
[19,20]. The advantage of this method is that it focuses on gene 
sets, that is, cluster of genes with commonly shared location on 
chromosomes, biological function, or regulation. At the same time, 
the most significant terms were selected for visualized, for up and 
down regulated genes, respectively.

Construction and Analysis Of Protein-Protein Interaction 
Network and Analysis

The protein-protein interaction (PPI) analysis is crucial in 
interpreting MDS pathogenesis in terms of molecular mechanisms 
of the important cellular activities. Here, we imported DEGs to The 
Search Tool for the Retrieval of Interacting Genes database (http://
stringdb.org), which was used to predict potential interactions 
among mRNAs. Based on the analysis results, we visualized it and 
explored the hub-genes by cytoscape 3.7.1. Then, based on topology, 
the region with most dense connections in the PPI network were 
detected through the MCODE plugin which may aid in hub genes 
identification. 

Verification of Hub Genes by Gene Expression

Various gene expression data sets of MDS were used to surpass 
the shortcomings of individual studies. We used the keywords “MDS”, 
“Study type” as “Expression profiling by array” and “Organism” as 
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“Homo sapiens” to search for GEO. Finally, data sets GSE61853 and 
GSE145733 were selected for validation. After downloaded both of 
them, we used heat maps to show hub genes expression in each 
sample. In addition, the levels of hub genes expression in each data 
sets were also visualized by box plots.

Exploration of Hub Genes in AML 

To explore whether the role of obtained hub genes is crucial in 
driving the transition of MDS to AML, their expression in normal 
control and in AML were compared through GEPIA. The expression 
data of RNA sequencing of tumor and normal samples from The 
Cancer Genome Atlas (TCGA) were analyzed by GEPIA, a web 
server that was recently developed, applying a standard processing 
pipeline [21]. Further, the clinical prognostic significance of the 
hub genes was evaluated employing the TCGA survival data of AML 
patients with GEPIA. The overall survival (OS) rate of AML patients 
was estimated by plotting Kaplan-Meier survival curves. Next, the 

hazard ratio (HR) and the effect of hub gene expression on the 
survival rate of AML patients were evaluated through the log-rank 
test. Statistically significant values had P-values below 0.05.

Results
Identification of the DEGs 

The schematics of analysis is shown in Figure 1. The gene 
microarray data sets GSE4619, GSE19429, and GSE58831 were 
downloaded from the GEO database. DEGs of MDS patients and 
normal controls from all of data sets were analyzed by R software 
using p-value<0.05 & |log2FC|>0.58 as the criterion for cut-off, then 
618, 544, 1787 DEGs from GSE4619, GSE19429 and GSE58831 
were extracted, respectively. After overlapping these genes, we 
identified 141 up-regulated and 184 down-regulated co-expressed 
DEGs, as shown in Figure 1. At the same time, we listed the DEGs in 
supplementary.

Figure 1: Identification of 325 co-expressed DEGs from three microarray data sets (GSE4619, GSE19429 and GSE58831) using 
R software (version 3.6.2). Different data sets are represented by different color areas. The co-expressed DEGs are indicated by 
the cross areas.
(A)	 141 up-regulated genes were identified.
(B)	 184 down-regulated genes were identified.

DEGs Enrichment Analysis

We carried out a functional enrichment analysis of DEGs, as 
per the R package “clusterProfiler”. The criterion for cut-off was 
p-value<0.01. The analysis for enrichment was carried out on 
the genes were up-regulated and down-regulated, respectively, 
as shown in Figure 2A~2B. We can easily find that most of the 
up-regulated DEGs are concentrated in interferon-related items 
such as the signaling pathway of type I interferon, the associated 
cellular response, as well as the response to type I interferon, et 

al. Correspondingly, the other enriched GO terms contained the 
defense response to virus and response to virus which related 
to host antiviral mechanism. Besides, the DEGs that were down-
regulated, were enriched in in physiological processes related 
to leukocyte growth and differentiation, such as regulation of 
leukocyte activation, leukocyte cell-cell adhesion. In addition, some 
biological processes related to adaptive immune response were 
also enriched in down-regulated DEGs, for instance the activation 
of T cells and B cells.

https://dx.doi.org/10.26717/BJSTR.2021.36.005840
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Figure 2: DEGs enrichment analysis.
(A)	 Analysis of up-regulated DEGs through GO enrichment.
(B)	 Analysis of down-regulated DEGs through GO enrichment.
(C)	 Top 5 categories and their related co-expressed genes involved in up-regulated DEGs.
(D)	 Top 5 categories and their related co-expressed genes involved in down-regulated DEGs.
(E)	 Analysis of up-regulated DEGs through GSEA.
(F)	 Analysis of down-regulated DEGs through GSEA.

Following this criteria, we identified the Top 5 GO categories from 
both groups of DEGs that were up-regulated and down-regulated 
(Figure 2C~2D), and the co-expressed genes enriched in these 
terms were also visualized. Unfortunately, none of our DEGs could 
be enriched on the KEGG pathway with remarkable significance, 
which set P-value less than 0.05 as a cut-off criterion. Furthermore, 
In order to further verify the reliability of our enrichment results, 
we performed a more accurate GSEA enrichment analysis on the 
obtained DEGs. According to the results in Figure 2E~2F, we found 
interestingly that the results obtained by the GSEA analysis did not 

differ significantly from those obtained by the enrichment analysis 
of DEGs, which also verified the accuracy of our analysis on the 
other hand (Figure 2).

PPI Construction and Hub Genes Identification

The basis of cellular processing at the level of protein was 
detected using STRING to predict PPI among DEGs. To start with, a 
total of the 325 DEGs (141 up-regulated and 184 down-regulated) 
were deposited to the STRING Website to acquire the data on PPI. 
Then, we obtained 295 genes for constructing PPI networks and the 
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remaining were taken off because of unsuccessful identification or 
isolation from interaction network. Totally, the network consisted 
of 668 edges and 201 nodes, for which, the enrichment p-value 
was 1.0×10-16. Some nodes that showed no connection with others 

were hided. Then we obtained a significant network based on 
the combined score of edges to explore candidate molecules that 
exhibit crucial roles in the network by using the software cytoscape 
(https://cytoscape.org/) (Figure 3A).

Figure 3: 
(A)	 DEGs PPI network.
(B)	 Sub-network of hub genes by using MCODE plugin in cytoscape.
The red color exhibits up-regulated genes while the blue means the down-regulated genes. The yellow color highlighted in 
network represented hub genes analyzed by MCODE. And the depth of the edge color represents the strength of the connection 
between genes.

The edges between nodes in the network was attached with a 
continuous color attribute. The darker the color, the stronger the 
relationship between the two node proteins of one edge. Besides, if 
a node had multiple edges with others, it suggested that this node 
protein may possibly have a pivotal part in the PPI network, which 
could also be called hub gene. Next, A significant and in-depth 
analysis was performed from the PPI network using MCODE plugin 
obtained in cytoscape. The tool can find closely related regions 
in the PPI network that may represent molecular complexes, and 
screen out sub-networks at the same time. In our network, several 
node proteins, including STAT1, IFIT3, IFIT1, IRF4, IFITM3, IRF9, 
MX2, XAF1, IFI6 etc. exhibited a robust association with other node 
proteins, suggesting that these proteins have higher degrees of hub 
(Figure 3B). These genes were thought to act as core molecules in 
the PPI interaction.

Verification Expression of Hub Genes 

Although we have screened some hub genes that may have a 
core role in PPI network, yet this is only based on bioinformatics 
speculation and statistical probability calculations. Therefore, 

in order to verify whether obtained hub genes can potentially 
reveal MDS pathogenesis, we selected two additional data sets 
from GEO database for verification. As the results showed, we 
analyzed and visualized the level of hub genes expression in two 
data sets, GSE61853 and GSE145733. In both of them, we observed 
that the hub genes expression was differed significantly between 
control (normal individuals) and MDS patients, which meant 
a high expression in the MDS group and low expression in the 
control group (Figure 4A & 4B). Next, after statistically analysis 
of expression levels among hub genes in samples, we found that 
several genes such as XAF1, MX2, IFITM1, IFITM2, IFITM3, and 
IFI6 in GSE61853 data set were significantly different between 
normal control and MDS patients, whereas IRF9, IFITM3, and IFI27 
performed significant in GSE145733 data set (Figure 4C & 4D).

Exploration of Hub Genes in GEPIA 

Given the tendency of MDS to transform to AML, we employed 
the GEPIA software to further explore the obtained hub genes. 
According to the analysis of this database, we found that eight hub 
genes expressed significantly different between normal samples 

https://dx.doi.org/10.26717/BJSTR.2021.36.005840
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and AML patient samples (Figure 5A). On evaluating the TCGA data 
to assess the trend of these genes, all expression of hub genes were 
observed up-regulated in AML group than normal. Moreover, the 
survival curve of each hub gene was visualized in Figure 5B, such as 
IFIT3, IRF9, and IFITM3 both exhibited lower survival rates in the 
AML group, yet other genes failed to show statistically significant 

under survival curves. Based on the above analysis of hub genes, 
we speculated that whether a gene that is highly expressed in the 
AML group or has a large impact on survival rate of patients, it may 
be a new direction to explore the pathogenesis of MDS and disease 
progression.

Figure 4: The hub genes expression in GSE61853 and GSE145733 data sets.
(A)	 The expression of hub genes in GSE61853 visualized by heat map.
(B)	 The expression of hub genes in GSE145733 visualized by heat map.
(C)	 Box plots of expression of hub genes in GSE61853 after statistical calculation.
(D)	 Box plots of expression of hub genes in GSE145733 after statistical calculation.
For (A) and (B), red color exhibits up-regulated genes while the blue means the down-regulated genes. The correlation between 
color and the fold change of genes expression level is displayed in the upper right. And for (C) and (D), the Wilcoxon test was 
used to compare the differences of hub genes between MDS patients and normal controls. And set p-value<0.05 as a cut-off 
criterion.

https://dx.doi.org/10.26717/BJSTR.2021.36.005840
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Figure 5: Exploration of hub genes in GEPIA.
(A)	 Box plots showed the expression of eight hub genes by using GEPIA.
(B)	 Significant association of three of hub genes with AML patients overall survival, through a log-rank test and a Kaplan-
Meier curve.
Based on the median, the patients were categorized into high-level and low-level groups. For (A), red color exhibits AML 
patients while gray means the normal individuals.

Discussion
Over few decades in past, the causes and inherent mechanisms 

of the MDS pathogenesis and advancement were examined through 
several basic and clinical studies. Plenty of researchers have had 
the same consensus that recurrent cytogenetic aberrations, genetic 
mutations, and variable expression were closely related to the 
eventual development of MDS and affect the identification of its 

subtypes [22-24]. Yet the incidence of MDS is still very high in the 
world, and mostly progress to AML. This is largely due to the focus 
of most studies on one genetic event, or the derivation of results 
from only one cohort study [25-28]. Individual selection of any data 
set for a single analysis may cause gene redundancy or omission, 
which can be artificially called false positives or false negatives to 
some extent. And in recent years, such as integrative analysis had 
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provided a new direction in many disease research for development 
and diagnosis [29-31]. So, we identified DEGs by integrating three 
cohorts microarray data sets from various groups, analyzed deeply 
using bioinformatics methods in our study. Therefore, we could 
identify a series of hub genes, which may have important part in 
the pathogenesis of MDS and conversion into AML.

R software and associated packages were powerful for gene 
expression microarrays analysis. Through this tool, we obtained 
141 up-regulated and 184 down-regulated DEGs co-expressed 
among three data sets. To further discern the physiological function 
and processes that may contain DEGs, we performed functional 
enrichment analysis to find possible terms that may be related to 
the pathogenesis of MDS. The current study found that most of the 
up-regulated DEGs are concentrated in interferon-related items, 
mostly concentrate on type I, which mainly for defensing virus, 
just like other terms that up-regulated genes enriched. This slightly 
differed from previous research which demonstrated that malignant 
myeloid cells from MDS patient can use STAT3 pathway as well as 
PD-1 ligands to survive immunity mediated by Interferon-γ (IFN-γ) 
and to sustain secondary immune resistance [32]. Since it belongs 
to the same family as IFN-γ, it is unclear whether type I interferon 
mediates related signaling pathways in the pathogenesis of MDS 
and should require further experimental investigation.

And this observation may support the hypothesis that the 
antiviral immune response caused by continuous stimulation of 
the virus in the early stages of MDS has an impact on the disease 
process. After all, one research had shown that some patients 
with MDS have undergone allogeneic hematopoietic stem cell 
transplantation to reactivate latent EBV in vivo, which indicated 
a viral infection in early status of MDS patients [33]. Meanwhile, 
the DEGs that were down-regulated were found to be enriched in 
in biological processes associated with leukocyte and lymphocyte 
function, which suggested significant down-regulation of terms 
related to adaptive immune response. Previous studies have 
demonstrated that monocyte from MDS patients may contribute to 
fighting infection as they do not exhibit gross immune deficit in the 
peripheral blood [34]. Our results echo this, and we hypothesize 
that the immune response in patients with MDS is mainly performed 
by monocytes in the absence of an adaptive immune response. 
Based on the subsequent GSEA analysis, we know that the results 
obtained by the enrichment analysis were consistent, which lays 
the foundation for the next in-depth analysis.

By constructing PPI network, formation of sub-network, 
through a series of hub genes have been observed, including IRF4, 
IRF9, IFIT1, IFITM2, IFITM3, IFIT3, IFI6, STAT1, ISG20, IFI44, IFI27, 
IFITM1, MX2, XAF1, and IFIH1, of which several genes have been 
reported to associate with MDS. For instance, IFIT1 and IFITM1 
were reported as interferon-stimulated genes (ISGs) in normal 

CD34+ cells, showed the significantly up-regulated, which were 
potential diagnostic markers for MDS [10]. This is consistent 
with the findings of our analysis. In our study, it obviously 
showed that IFIT1 and IFITM1 are not only contained in the most 
significantly up-regulated gene terms, but also play a core role in 
the PPI network. In addition, the above two genes also showed up-
regulated expression in the two data sets which we downloaded for 
validating hub genes. A study conducted recently also reported the 
DEGs identification in MDS, in accordance with our study [35]. The 
study used two of the same data sets (GSE19429 and GSE58831) as 
ours and identifying DEGs that may be involved in MDS progression 
and prognosis including IRF4, IFIT1, ISG20, IFITM1 etc., which were 
as also observed in this study.

Despite the intersection of the data sets used for analysis, unlike 
Le’ s study [35], our study combined enrichment analysis and GSEA 
to more accurately interpret the DEGs that may be involved in 
biological processes and signal pathways. In addition, the network 
analysis revealed hub genes that were not only verified through 
additional data sets, but also their role in AML were explored 
through TCGA online tools. Surprisingly, other hub genes have not 
been reported in relation to MDS, and it may be possible to find a 
link to disease after further research. In order to explore whether 
our hub genes had an impact on the progression of MDS to AML, 
we analyzed the gene expression and prognosis through the GEPIA 
online tool. In our study, we revealed that the expressions of totally 
eight hub genes including IRF9, IFIT1, IFIT3, MX2, XAF1, IFI6, IFIH1, 
IFI44 were significantly higher in AML patient samples than normal 
samples. Combined with the expression of these hub genes in the 
data set we analyzed, we can infer that they play crucial part in the 
pathological process that drives the transition from MDS to AML.

One research showed that AML was negatively correlated 
with IRF9, which by SIRT1-p53 pathway repression and that 
IRF9 may be a potential target for AML treatment [36]. This is 
inconsistent with the results obtained by us and the results of 
online analysis. It is speculated that there may be other genes or 
regulatory factors involved in the gene’s function. Although other 
genes that are highly expressed in the AML group have not been 
reported, we found interestingly that interferon-related genes are 
necessarily associated with MDS or AML. In our study of survival 
analysis, the only three hub genes showing significant differences 
in their expression levels (p-value<0.05) were ITIF3, IFITM3, and 
IRF9. Among them, IFIT3 belonged to the human tetratricopeptide 
repeats gene family, which were expressed at low levels in most cell 
types, whereas it may greatly enhanced by viral infection, interferon 
treatment, and Pathogen-associated molecular patterns (PAMPs) 
[37]. In addition, a significant part of the interferon signaling 
pathway, the Interferon-induced transmembrane protein (IFITM) 
family possibly took part in regulating immune cell adhesion, 
signaling, and cancer. Moreover, another research indicated that 
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high expression of IFITM3 may provide an adverse prognosis for 
AML [38]. This evidence once again demonstrated the reliability of 
our findings. 

Conclusion
To conclude, using several microarray data sets and consolidated 

bioinformatic analysis, 325 co-expressed DEGs were identified, 
which were enriched significantly in various pathways, primarily 
related to interferon signal pathway, defense to virus and adaptive 
immune response in MDS. After filtered by PPI network, the hub 
genes were undergoing further analysis. These findings will provide 
an understanding of the causes of MDS and its transformation to 
leukemia, and the analysis of the hub genes and signaling pathways 
available can be used in the next in-depth explorations aimed at 
finding therapeutic targets for the disease.
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