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Introduction

Multiple myeloma (MM), a common hematological malig-
nancy, is characterized by clonal proliferation of malig-
nant plasma cells in the bone marrow and a series of clini-
cal manifestations, such as hypercalcemia, renal failure, 
anemia and bone lesions [1]. It usually evolves from its 
precancerous stage termed as monoclonal gammopathy 
of undetermined significance (MGUS), which is present 
in 2% of individuals over the age of 50 [2]. Traditionally, 
patients with MM had a poor prognosis, with 5-year over-
all survival less than 50%. Currently, the introduction of 
proteasome inhibitors and immunomodulatory drugs have 
greatly improved the clinical outcome of MM patients, but 
MM still remains an incurable disease.

Recent advances in molecular cytogenetics studies have 
contributed to a significant progress in understanding the 
occurrence and development of MM. Nearly fifty percent 
of MM cases are identified as hyperdiploid (HD-MM), 
which is characterized by trisomy of chromosomes 3, 5, 7, 
9, 11, 15, 19 and 21. The remaining MM are referred as 
nHD-MM, harboring chromosomal translocations involv-
ing immunoglobulin heavy chains (IGH) genes, mainly 
t(4;14), t(6;14), t(11;14), t(14;16) and t(14;20) [3]. Addi-
tionally, a variety of somatic mutations, including NRAS, 
KRAS, BRAF and TP53 mutations, have been observed in 
MM [3–5]. What’s more, specific microRNAs (miRNAs) 
were shown to be deregulated in distinct subgroups of MM, 
mainly in association with IGH translocations or allelic 
imbalances [6, 7], suggesting that miRNAs exert a critical 
role in MM.

Microarray technology has been widely used for the 
investigation of general genetic aberrations involved in 
MM. However, there are few studies integrating these 
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microarray datasets to identify keys genes and elucidate 
miRNA–mRNA regulatory networks in MM. Herein, 
we analyzed four sizeable and representative microar-
ray profiles, including two gene expression profiles and 
two miRNA expression profiles, to obtain differentially 
expressed genes (DEGs) and differentially expressed 
miRNAs (DEMs) between MM and normal plasma cells. 
Additionally, functional enrichment analysis and pro-
tein–protein interaction (PPI) analysis were performed for 
DEGs, combined with miRNA–mRNA interaction analy-
sis, to uncover potential mechanisms of MM occurrence 
and development.

Materials and methods

Microarray data

Two gene expression profiles (GSE16558 and GSE47552) 
and two miRNA expression profiles (GSE16558 and 
GSE17498) were downloaded from the Gene Expression 
Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo). GEO 
database is a functional genomics data repository, storing 
microarray and sequencing data, which is accessible to the 
public. We excluded MGUS, smoldering MM and plasma 
cell leukemia (PCL) patients in these datasets, which means 
only MM patients and healthy controls were preserved in 
this study. The two gene expression profiles included 101 
MM samples and 10 normal plasma cell samples in total, 
whereas the two miRNA expression profiles included 98 
MM samples and 8 normal plasma cell samples in total.

Data processing

GEO2R (http://www.ncbi.nlm.nih.gov/geo/geo2r/) is an 
online program that enables investigators to perform com-
parison on two or more groups of samples in a GEO dataset 
to identify differentially expressed genes across experimen-
tal conditions. GEO2R analyzes original submitter-sup-
plied processed microarray data using the GEOquery and 
limma R packages from the Bioconductor project. In pre-
sent study, GEO2R was applied to obtain DEGs and DEMs 
in MM compared with normal plasma cells. The false posi-
tive result of microarray was then corrected by adjusted P 
value (adj. P value) using Benjamini–Hochberg method. 
The “adj. P value <0.05” and “|logFC| > 1” were set as the 
cut-off criterion.

Gene ontology (GO) and pathway analysis

The  Database for  Annotation,  Visualization and Inte-
grated  Discovery (DAVID, http://david.abcc.ncifcrf.gov/) is 
a web resource that offers functional interpretation of plenty 

of genes derived from genomic researches. In present study, 
DAVID database was used to perform Gene Ontology (GO) 
and Kyoto Encyclopedia of Genes and Genomes (KEGG) 
pathway analysis. The ontology contains three hierarchies: 
biological process, cellular component and molecular func-
tion. Pathway analysis is a functional analysis that maps 
genes to KEGG pathways. Herein, we performed GO analy-
sis and KEGG pathway analysis using only overlapped dif-
ferentially expressed genes in the two independent datasets 
(GSE16558 and GSE47552). The P value denoted the signifi-
cance of the GO and pathway term enrichment in the DEGs. 
“P value <0.05” was set as the cut-off criterion.

Establishment of PPI network and clusters selection

In present study, protein–protein interactions (PPI) network 
of DEGs was constructed using Search Tool for the Retrieval 
of Interacting Genes/Proteins (STRING, http://string.embl.
de/). STRING is a biological database  of known and pre-
dicted protein–protein interactions (PPI), which can provide 
system-wide view of cellular processes. The data is integrated 
and weighted, and a confidence score is calculated for all 
protein–protein interactions. Herein, we established the PPI 
network using only overlapped differentially expressed genes 
in the two independent datasets (GSE16558 and GSE47552). 
“Confidence score ≥0.7” was set as the cut-off criterion. To 
find clusters of genes in PPI network, Molecular Complex 
Detection (MCODE) was applied subsequently. “Degree cut-
off = 2”, “node score cutoff = 0.2”, “k-core = 2” and “max. 
depth = 100” were set as the cut-off criterion.

Prediction of miRNA targets

The target genes of differentially expressed miRNAs 
were predicted using Targetscan (http://www.targetscan.
org/), which is an online program that predicts targets of 
miRNAs by seeking the specific sequence complementary 
to the seed region of each miRNA. Predicted targets are 
ranked according to the predicted efficacy of targeting as 
calculated using cumulative weighted context++ scores of 
the sites. In present study, the top 100 genes were selected 
as target genes of each miRNA. Subsequently, miRNA–
mRNA regulatory network depicting interactions between 
miRNAs and their potential targets in MM was visualized 
using Cytoscape.

Results

Identification of DEGs and DEMs

GEO2R analysis showed that a total of 866 and 873 DEGs 
were obtained in GSE16558 and GSE47552 datasets, 
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respectively. Moreover, 601 DEGs were identified in 
both datasets. Among them, 596 genes showed  consist-
ent expression trends in both two datasets, including 514 
upregulated genes and 82 downregulated genes in MM 
compared with normal plasma cells (Fig. 1a–c).

Additionally, our results showed that a total of 25 and 17 
DEMs were screened out from GSE17498 and GSE16558 
datasets, respectively. In GSE17498 dataset, 18 miRNAs 
were upregulated, and 7 miRNAs were downregulated in 
MM. In GSE16558 dataset, 17 miRNAs were upregulated 
in MM, but no downregulated miRNAs were observed. 
Among them, miR-155 and miR-135b were the most signif-
icantly upregulated miRNAs in GSE17498 and GSE16558 
datasets, respectively, whereas miR-148a was the most sig-
nificantly downregulated miRNA in GSE17498 dataset. 
What’s more, three miRNAs, miR-155, miR-203 and miR-
486, were deregulated in both two datasets (Fig. 1d).

Functional enrichment analysis

GO analysis showed that the most significantly enriched 
GO terms corresponded to upregulated genes were “protein 
transport” (ontology: BP), “cytosol” (ontology: CC) and 
“protein binding” (ontology: MF), whereas the most signif-
icantly enriched GO terms corresponded to downregulated 
genes were “SRP-dependent cotranslational protein target-
ing to membrane” (ontology: BP), “extracellular exosome” 
(ontology: CC) and “structural constituent of ribosome” 
(ontology: MF) (Fig. 2).

Further more, KEGG pathway analysis showed that the 
upregulated genes were enriched in 14 pathways, such as 
“B cell receptor signaling pathway”, “Cell cycle” and “NF-
kappa B signaling pathway”, whereas the downregulated 

genes were enriched in 6 pathways, such as “Ribosome”, 
“FoxO signaling pathway” and “p53 signaling pathway” 
(Fig. 3).

Establishment of PPI network and identification of hub 
genes

The PPI network of DEGs was constructed by STRING, 
which was composed of 277 nodes and 563 edges, includ-
ing 234 upregulated genes and 43 downregulated genes 
(Fig. 4). Moreover, 32 genes in the PPI network were iden-
tified as hub genes in MM, e.g. HDAC2, RBBP4, CREB1 
and RB1 genes, when “Degrees ≥10” was set as the cut-off 
criterion.

Subsequently, 16 clusters were selected from PPI net-
work using MCODE, and it was shown that the most signif-
icant cluster consisted of 12 nodes and 61 edges. Besides, 
MCODE analysis showed that each cluster contained one 
“seed” gene, for example, EIF5B, KNTC1, IFI6, SOS1 and 
UTP6 genes were identified as the “seed” genes in their 
own clusters, respectively (Fig. 5).

Construction of microRNA‑target regulatory network

The target genes of 39 DEMs were predicted by Targets-
can. By comparing target genes with DEGs, we found that 
31 DEMs, including 25 upregulated and 6 downregulated 
miRNAs, presented an expression trend opposite to that of 
their predicted targets in MM. In our study, miR-135b was 
the most significantly upregulated miRNAs in GSE16558 
datasets and was predicted to target GADD45A and RNF7 
genes. MiR-148a was the most significantly downregu-
lated miRNA in GSE17498 dataset and was predicted to 
target 7 upregulated genes, including ACADM, NIN, AGL, 
ERLIN1, MICU2, USPL1 and ESM1 genes. MiR-363 was 
downregulated and was predicted to target 9 upregulated 
genes, including KLHL14, GPR180, ARMC1, UBXN4, 
SNAPC1, IDH1, USP28, AARS and KIAA1109 genes. 
Moreover, we noticed that several deregulated genes were 
predicted to be the common targets of different miRNAs. 
For instance, CCL3 gene was predicted as the common tar-
get of miR-196a and miR-484. ATF2 gene was predicted as 
the common target of miR-29c and miR-451 (Fig. 6).

Discussion

Multiple myeloma is a genetically complex and heteroge-
neous disease resulting from multiple genomic events that 
lead to tumor development and progression. Alongside the 
introduction of novel therapies, the outcome of MM has 
greatly improved. However, this improvement is not identi-
cal among all patients with MM, partly due to the genomic 

Fig. 1   Identification of differentially expressed genes (a), upregu-
lated genes (b) and downregulated genes (c) in mRNA expression 
profiling datasets GSE16558 and GSE47552. Identification of differ-
entially expressed microRNAs (d) in microRNA expression profiling 
datasets GSE17498 and GSE16558
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complexity of MM. Therefore, investigation of the molec-
ular mechanisms of MM becomes urgent and essential. 
Recently, the rapid development and wide use of microar-
ray technology have contributed a lot to uncover the gen-
eral genetic alterations of MM. However, there is almost no 
study integrating these datasets together.

In present study, a total of 596 DEGs were identified 
from GSE16558 and GSE47552 datasets, consisting of 
514 upregulated genes and 82 downregulated genes. The 

upregulated genes were enriched in 14 pathways, such as 
“B cell receptor signaling pathway”, “Cell cycle” and “NF-
kappa B signaling pathway”, whereas downregulated genes 
were enriched in 6 pathways, such as “Ribosome”, “FoxO 
signaling pathway” and “p53 signaling pathway”. Among 
the 596 DEGs, 32 genes were identified as hub genes in 
MM, e.g. HDAC2, RBBP4, CREB1 and RB1 genes, due to 
their high degrees in PPI network. Additionally, 16 clusters 
were obtained from the PPI network using MCODE.

Fig. 2   Enriched GO terms for upregulated genes: a biological process (BP); b cellular component (CC); c molecular function (MF). Enriched 
GO terms for downregulated genes: d biological process (BP); e cellular component (CC); f molecular function (MF)
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Apart from the central role of genetic aberrations, epi-
genetic abnormalities have been shown to be important 
players in MM. Recently, many studies have focused on 
the roles of DNA methylation, histone modifications and 
noncoding RNAs in MM [8–10]. Herein, we investigated 
previously published GEO datasets of MM and then identi-
fied several critical deregulated genes associated with epi-
genetic  modifications in MM via IPI network, including 
HDAC2, RBBP4 and KAT2B genes.

HDAC2 is a member of histone deacetylases (HDACs) 
family, which can catalyze core histones deacetylation, 
resulting in chromatin condensation and transcription inhi-
bition [11, 12]. Increasing evidence has demonstrated aber-
rant expression of HDAC2 in neoplastic disease, leading 
to aberrant gene expression and cellular signaling that pro-
mote cell cycle progression, cell growth and resistance to 
apoptosis. Specifically, combination treatment with HDAC 
inhibitors and proteasome inhibitors or immunomodula-
tory drugs has shown remarkable anti-MM activity in both 
preclinical and clinical studies [13]. HDAC2 epigenetically 
silences the expression of pro-apoptotic protein NOXA in 
pancreatic cancer cells [14] and APAF1 in colon cancer 
cells [15]. Additionally, HDAC2 regulates the transcrip-
tional activities of p53 through modulating p53-DNA bind-
ing activity [16]. Moreover, HDAC2 and HDAC1 coop-
erate in regulating the expression of DNA repair proteins 
BRCA1, CHK1 and RAD51 in acute myeloid leukemia 

cells [17]. RBBP4 is a component of several chromatin 
modifying protein complexes with varying effects on gene 
expression. RBBP4 contributes to repression of gene tran-
scription as a key member of nucleosome remodeling and 
deacetylation (NuRD) complex, polycomb repressor com-
plex 2 (PRC2) and chromatin assembly factor 1 (CAF1) 
complex. NuRD complex can promote histone deacetyla-
tion and nucleosome remodeling [18]. PRC2 complex can 
methylate Lys-9 and Lys-27 of histone H3 [19]. CAF1 
complex is required for chromatin assembly following 
DNA replication and DNA repair [20, 21]. Therefore, we 
inferred that HDAC2 and RBBP4 could function as epi-
genetic modulators and subsequently affect the biological 
behavior and response to therapies in MM.

It has been shown that miRNAs induce RNA silenc-
ing by targeting 3′-UTR of mRNAs, and that abnormal 
expression of miRNAs contributes to occurrence of various 
cancer types, including MM [6, 9]. In this study, we iden-
tified 31 DEMs, including 25 upregulated and 6 downregu-
lated miRNAs in MM. Among them, miR-155 and miR-
135b were the most significantly upregulated miRNAs in 
GSE17498 and GSE16558 datasets, respectively, whereas 
miR-148a was the most significantly downregulated 
miRNA in GSE17498 dataset.

MiR-135b was shown to be overexpressed in various 
tumors, such as hepatocellular carcinoma [22], colorec-
tal cancer [23, 24] and breast cancer [25]. In our study, 
GADD45A was predicted as the target of miR-135b, which 
was downregulated in MM according to GSE16558 and 
GSE47552 datasets. GADD45 family play an important 
role in cell cycle control, cell growth, apoptosis, mainte-
nance of genomic stability, DNA repair and active DNA 
demethylation in response to environmental and physio-
logical stress [26, 27]. GADD45A behaves as a tumor sup-
pressor in many cancers, such as prostate cancer and gastric 
cardia adenocarcinoma [28, 29]. Downregulated expression 
of GADD45A is often associated with promoter methyla-
tion [28, 29] and elevated MYC [30]. Herein, we proposed 
that miR-135b might function as an oncogenic factor and 
suppress GADD45A expression by targeting its 3′-UTR in 
MM. It’s worth noting that the results of miR-155 expres-
sion level in MM remain controversial based on previous 
studies. MiR-155 was shown to be epigenetically silenced 
by DNA methylation in MM [31, 32], and ectopic expres-
sion of miR-155 significantly inhibited MM cell prolif-
eration and colony formation [32]. However, Marta et  al. 
suggested that miR-155 was expressed at higher levels in 
patients with either t(14;16) or t(14;20) translocations than 
other MM patients [7]. These conflicting results showed 
that the expression pattern of miR-155 may be associated 
with distinct molecular groups of MM. Maybe more work 
should be done in the future to illustrate the relationship 
between miR-155 expression and MM subtypes.

Fig. 3   Enriched pathways corresponding to upregulated genes (a). 
Enriched pathways corresponding to downregulated genes (b)
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Fig. 4   Protein–protein interaction network of differentially expressed genes
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MiR-148a is implicated in various biological processes, 
including cellular differentiation and development. MiR-
148a expression increases after pre-B cell activation and 
then promotes differentiation of activated B cells to plasma 
cells [33]. MiR-148a was shown to be downregulated 

in many cancers, including gastric [34, 35], colorectal 
[36] and pancreatic cancers [37]. In our study, miR-148a 
was predicted to target 7 genes in MM, and USPL1 was 
one of them, which was upregulated in MM according 
to GSE16558 and GSE47552 datasets. Posttranslational 

Fig. 5   Five significant modules 
selected from protein–protein 
interaction network

Fig. 6   MicroRNA–mRNA regulatory networks in multiple myeloma
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modification of proteins by covalent conjugation of small 
ubiquitin-like modifiers (SUMO), termed SUMOylation, 
is an essential cellular process [38–40]. USPL1 is a newly 
discovered SUMO-specific isopeptidase, which removes 
SUMO from targets and is involved in various nuclear 
functions ranging from maturation of snRNPs to telomere 
integrity [41–43]. Genetic variation in USPL1 was reported 
to contribute to risk for grade-3 breast cancer recently [44]. 
It was the first time for USPL1 to be linked to malignancy. 
In present study, USPL1 was predicted as one of the targets 
of miR-148a, which indicated that miR-148a might behave 
as a tumor suppressor and participate in posttranslational 
modification of proteins in MM by regulating USPL1 
expression.

Additionally, we found that a single miRNA could 
target several genes in MM. MiR-363 was predicted to 
target 9 genes, including KLHL14, GPR180, ARMC1, 
UBXN4, SNAPC1, IDH1, USP28, AARS and KIAA1109 
genes. MiR-148a was predicted to target 7 genes, includ-
ing ACADM, NIN, AGL, ERLIN1, MICU2, USPL1 and 
ESM1 genes. Similarly, a single gene could be the common 
target of several miRNAs in MM. CCL3 was predicted as 
the target of miR-196a and miR-484, and ATF2 was pre-
dicted as the target of miR-29c and miR-451.

In conclusion, our study was intended to identify key 
genes in MM and construct regulatory networks between 
miRNAs and mRNAs through bioinformatics analysis. 
HDAC2 and RBBP4 were identified as key epigenetic-
related genes in MM according to PPI network, which 
were associated with various epigenetic modifications 
ranging from histone modifications to chromatin assembly. 
Additionally, deregulated miRNAs in MM, such as miR-
135b and miR-148a, might exert their biological functions 
through targeting 3′-UTR of mRNAs. Our study indicated 
that data mining and integration was an effective method to 
investigate the molecular pathogenesis of MM. Moreover, 
our results could provide novel diagnostic biomarkers and 
therapeutic targets for MM patients.
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