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Abstract
Background: The	germinal	center	B-	cell	 (GCB)	and	activated	B-	cell	 (ABC)	subtypes	
of	diffuse	large	B-	cell	lymphoma	(DLBCL)	have	a	significant	difference	in	prognosis.	
This	study	aimed	to	identify	potential	hub	genes,	and	key	pathways	involved	in	them.
Methods: Databases	 including	 Gene	 Expression	 Omnibus	 (GEO),	 Gene	 Ontology	
(GO),	Kyoto	Encyclopedia	of	Genes	and	Genomes	(KEGG),	and	STRING	were	accessed	
to	obtain	potential	crucial	genes	and	key	pathways	associated	with	the	GCB	and	ABC.	
Then	 qRT-	PCR	 and	Western	 blot	 experiments	were	 performed	 to	 verify	 the	most	
clinically significant gene and pathway.
Results: Three	cohort	datasets	from	the	GEO	database	were	analyzed,	including	195	
GCB	and	169	ABC	samples.	We	identified	1113	differentially	expressed	genes	(DEGs)	
between	the	GCB	and	ABC	subtypes.	The	DEGs	were	mainly	enriched	in	biological	
processes	(BP).	The	KEGG	analysis	showed	enrichment	in	cell	cycle	and	Wnt	signaling	
pathways.	We	selected	the	top	10	genes	using	the	STRING	database	and	Cytoscape	
software.	We	used	5	calculation	methods	of	the	cytoHubba	plugin,	and	found	3	cen-
tral	genes	(IL-	10,	CD44,	CCND2).	CCND2	was	significantly	related	to	the	prognosis	
of	DLBCL	 patients.	 Besides,	 our	 experimental	 results	 demonstrated	 a	 significantly	
higher	expression	of	CCND2	in	the	ABC-	type	cell	 line	than	in	the	GCB-	type;	it	was	
proportional	to	the	expression	of	key	proteins	in	the	Wnt	signaling	pathway.
Conclusion: CCND2	overexpression	and	Wnt	pathway	activation	might	be	the	main	
reasons	for	the	poor	prognosis	of	ABC-	DLBCL.
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1  |  INTRODUC TION

Diffuse	large	B-	cell	lymphoma	(DLBCL)	accounts	for	about	30%	of	all	
lymphoma cases; it is the most common malignant tumor of the lym-
phatic system.1	According	 to	 the	cell	of	origin	classification,	DLBCL	
has	 two	major	 biologically	 distinct	molecular	 subtypes,	 namely	 the	
GCB	(germinal	center	B-	cell)	and	ABC	(activated	B-	cell).2	ABC-	DLBCL	
has worse clinical outcomes when treated with standard chemoimmu-
notherapy.3,4	However,	the	biological	mechanisms	are	still	controver-
sial. The molecular classification not only predicts prognosis but also 
relates	to	the	personalized	therapy	of	DLBCL	patients,	so	novel	thera-
peutic targets and effective treatment options need to be ascertained.

In	 previous	 studies,	 some	 focused	 on	 genomic	 damages	 and	
treatment	 resistance.	 Some	 indicated	 that	 ABC-	DLBCL	 seems	 to	
freeze	in	the	late	state,	showing	apparent	plasma	cell	differentiation	
arrest.5,6 The results may have limitations due to tissue or sample 
heterogeneity.	 Since	 the	 prognosis	 of	 patients	with	 two	 subtypes	
of	 one	disease	 is	 unexpectedly	different,	 is	 there	 any	 relationship	
with cell cycle or tumor stemness between them? With the rapid de-
velopment	of	gene	sequencing	technologies,	we	could	explore	it	via	
combining	 bioinformatics	 methods	 with	 expression	 profiling	 even	
basic	 experiments.7	 Regardless,	 it	 undoubtedly	 provides	 conve-
nience	for	our	scientific	research.	Here,	we	selected	three	microar-
ray	datasets	 to	 facilitate	our	analyses.	After	 selecting	 intersecting	
genes	to	improve	accuracy,	we	performed	gene	function	and	path-
way	enrichment	analysis.	A	series	of	analytical	 tools	and	software	
were	applied	to	obtain	information	such	as	hub	genes,	signal	path-
ways,	and	survival	periods.	Most	related	studies	focused	on	one	co-
hort,	but	sequencing	results	are	often	limited	and	inconsistent	due	
to samples' heterogeneity in independent studies.6,8	Therefore,	it	is	
necessary to apply integrated bioinformatics methods on quality and 
merged	expression	profiles	to	increase	statistical	power	in	detecting	
more	reliable	genes.	More	importantly,	the	above	results	need	to	be	
verified	further	by	experiments	in	vitro.	However,	no	such	study	has	
been	reported	so	far.	Our	analysis	included	this	comparison,	and	it	
made us understand the mechanism better and reveal the difference 
in	molecular	expression	between	the	two	subtypes.

Due	to	 the	different	pathogenesis	and	prognosis	of	survival,	 it	
is urgently vital to clarify the etiology and molecular mechanisms of 
these	DLBCL	subtypes	and	to	determine	molecular	biomarkers	for	
diagnosis and individualized treatment.

2  |  MATERIAL S AND METHODS

2.1  |  Cell culture

In	this	study,	we	used	two	human	diffuse	large	B-	cell	lymphoma	cell	
lines,	including	one	GCB	subtype	(SU-	DHL-	6)	and	one	ABC	subtype	
(SU-	DHL-	2)	 cell	 line.	 They	 were	 purchased	 from	 Saiku	 Company.	
Both	were	 cultured	 in	RPMI-	1640	 complete	medium	 (Gibco),	 sup-
plemented	with	10%	 fetal	bovine	 serum	 (Gibco),	 and	 incubated	at	
37℃	in	a	5%	CO2 incubator.

2.2  |  Data source

The	 datasets	 we	 analyzed	 came	 from	 the	 GEO	 database	 (Gene	
Expression	 Omnibus)	 (http://www.ncbi.nlm.nih.gov/geo/),	 which	
were	chosen	after	searching	for	keywords	related	to	GCB	and	ABC	
subtype	of	DLBCL	on	the	same	platform	(GPL570,	[HG-	U133	Plus	2]	
Affymetrix	Human	Genome	U133	Plus	2.0	Array).	We	retrieved	232	
DLBCL	molecular	subtype	series	based	on	the	cell	of	origin	algorithm	
from	the	GEO	database.	Three	 independent	datasets	 (GSE19246,9 
GSE87371,10	and	GSE5631311)	were	selected	for	the	research.	From	
these	profiles,	we	retrieved	information	about	364	individual	DLBCL	
samples.

2.3  |  Data processing of DEGs

The	 GEO2R	 online	 analysis	 tool	 of	 the	 National	 Institute	 of	
Biomedical	 Research	 (https://www.ncbi.nlm.nih.gov/geo/geo2r/)	
was	used	to	find	the	differentially	expressed	genes	(DEGs)	between	
the	ABC	and	GCB	subtypes.	The	genes	that	met	the	cut-	off	criteria	
(p <	0.05	and	|logFC(fold	change)|	≥	1.0	after	adjustment)	were	con-
sidered	DEGs.	Statistical	analysis	was	performed	on	all	datasets.	The	
online VENN diagram tool was used to identify intersecting genes 
(Bioin	forma	tics.psb.ugent.be/webto	ols/venn/).

2.4  |  Functional enrichment analyses of DEGs

The	 GO	 (Gene	 Ontology)	 annotation	 and	 the	 KEGG	 (Kyoto	
Encyclopedia	of	Genes	and	Genomes)	pathway	enrichment	analyzes	
of	DEGs	were	performed	with	 the	DAVID	database	 (Database	 for	
Annotation,	 Visualization	 and	 Integrated	 Discovery,	 https://david.
ncifc	rf.gov/)12.	GO	 is	 used	 to	understand	 the	biological	 functions,	
pathways,	 or	positioning	of	DEGs.	The	 three	main	GO	 terms	ana-
lyzed	were	the	biological	processes	(BP),	cellular	components	(CC),	
and	molecular	functions	(MF).	KEGG	is	used	to	collect	information	
on molecular biological pathways. The cut- off criteria were p < 0.1 
and	gene	count	≥2.	Furthermore,	ggplot2	and	clusterProfiler	pack-
ages	of	R	software	(version	3.6.3;	http://bioco	nductor)	were	used	to	
perform	the	GO,	and	KEGG	analyzes	and	visualization.13

2.5  |  PPI network integration and Hub gene 
identification

The	DEGs	data	were	uploaded	to	the	Search	Tool	for	the	Retrieval	
of	 Interacting	 genes	 (STRING)	 database14 to construct a network 
based	 on	 protein-	protein	 interaction	 (PPI).	 Confidence	 score	>0.4 
was	set,	and	the	resulting	output	was	used	 in	the	Cytoscape	soft-
ware	 (www.cytos	cape.org/)	 to	 visualize	 the	 network	 and	 select	
hub proteins.15	We	utilized	five	calculation	methods	(Degree,	EPC,	
Eccentricity,	MCC,	and	MNC)	of	the	CytoHubba	application	to	select	
the	top	10	genes.	The	central	(intersecting)	genes	were	considered	

http://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/geo2r/
http://Bioinformatics.psb.ugent.be/webtools/venn/
https://david.ncifcrf.gov/
https://david.ncifcrf.gov/
http://bioconductor
http://www.cytoscape.org/
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core	candidate	genes,	as	nodes	with	a	higher	degree	of	connection	
are	more	significant	and	likely	to	influence	biological	function.	Then,	
the top 10 genes from each method were uploaded to the online 
website	(http://www.Ehbio.com/Image	GP/index.php/Home/Index/	
VennD	iagram.html)	 to	 obtain	 the	 intersecting	 genes,	 representing	
key candidate genes with essential biological regulatory functions.

2.6  |  Survival analysis

We performed survival analysis on the intersecting genes using the 
Survival	and	survminer	R	software	packages	(version	3.6.3;	http://
bioco	nductor).	 The	 normalized	GSE87371	 expression	 dataset	was	
used for the survival analysis; the intersecting genes were divided 
into	 two	 subgroups	 based	 on	 their	 expression	 levels.	 Statistically	
significant	OS	and	PFS	were	visualized	with	the	R.	Log-	rank	p < 0.05 
was considered significant.

2.7  |  Quantitative real- time polymerase 
chain reaction

We	 isolated	 total	 RNA	 from	 each	 cell	 line	 using	 TRIzol	 reagent	
(Invitrogen),	then	Transcript	RT	Kit	(Sangon)	was	used	to	transcribe	
the	RNA	into	cDNA.	The	quantitative	real-	time	PCR	(qRT-	PCR)	was	
performed	 on	 an	 ABI	 7500	 Real-	Time	 PCR	 System	 (Life)	 with	 an	
SYBR	Green	Master	Mix	(TaKaRa).	All	the	mRNA	expressions	were	
quantified based on the 2ΔΔCt	method;	GAPDH	expression	was	used	
as an endogenous reference. The primers used are presented in 
Table 1.

2.8  |  Western blot analysis

Cells (2 × 106)	 were	 lysed	 in	 RIPA	 lysis	 buffer	 (Beyotime	
Biotechnology)	 and	 quantitated	 using	 a	 BCA	 Protein	 Assay	 Kit	

(Beyotime	 Biotechnology).	 The	 protein	 liquid	 was	 mixed	 with	
5 ×	loading	buffer	in	a	volume	ratio	of	4	to	1,	and	placed	in	a	boil-
ing	water	bath	 for	10	min	 to	denature.	For	Western	blot	 analysis,	
equivalent amounts of protein per sample were electrophoretically 
resolved	 on	 10%	 polyacrylamide	 gels	 and	 then	 transferred	 onto	
PVDF	membranes	(Millipore).	Following	this,	the	PVDF	membranes	
with the protein were blocked with blocking buffer (Beyotime 
Biotechnology),	 then	 incubated	 with	 the	 corresponding	 primary	
antibodies.	After	repeated	washes,	the	membranes	were	incubated	
with	 horseradish-	peroxidase-	conjugated	 anti-	mouse	 or	 anti-	rabbit	
secondary	antibody	(Cell	Signaling,	1:1000	diluted)	at	room	temper-
ature	for	1	h.	An	electro-	chemiluminescence	(ECL)	system	(Thermo	
Fisher	Scientific)	was	used	for	the	detection.	Anti-	β-	actin	(Epitomics)	
was used to check for equal loading of protein between wells. The 
Primary antibodies used for the Western blot are shown in Table 2.

2.9  |  Statistical analysis

Statistical	analyzes	and	graphing	were	performed	with	SPSS	v19.0	
(SPSS	Inc.)	and	R	statistical	software,	respectively.	We	utilized	the	
log-	rank	 test	 to	 compare	OS	 and	PFS	 among	patients	 in	 different	
groups.	Student's	t	 test	were	used	to	compare	two	groups	of	cell-	
level	experiments.	Data	were	reported	as	mean	±	SD	(standard	de-
viation).	And	p- value <0.05 was regarded as statistically significant.

3  |  RESULTS

3.1  |  Identification of DEGs

As	shown	in	Table	3,	the	GSE19246	dataset	included	81	GCB	sub-
type	 samples	 and	63	ABC	 subtype	 samples;	GSE87371	 contained	
85	GCB	subtype	samples	and	83	ABC	subtypes	samples;	GSE56313	
included	 29	GCB	 subtype	 samples	 and	 23	ABC	 subtype	 samples.	
Therefore,	 we	 integrated	 these	 datasets	 in	 subsequent	 process-
ing	 steps.	Using	p <	 0.05	 and	 |logFC|	 ≥	1	 as	 the	 standard,	 a	 total	
of	1113	DEGs	were	identified	between	GCB	and	ABC	subtypes	of	
DLBCL,	 including	 509	 upregulated	 genes	 and	 604	 downregulated	
genes.	 In	 the	GSE19246	expression	profile,	 400	DEGs	were	 iden-
tified,	of	which	180	genes	were	upregulated,	and	220	genes	were	
downregulated.	 From	 the	 GSE87371	 dataset,	 460	 DEGs	 were	
found,	 including	 215	 upregulated	 genes	 and	 245	 downregulated	
genes.	From	the	GSE56313	dataset,	253	DEGs	were	found,	of	which	

TA B L E  1 Sequences	used	for	qRT-	PCR	primers

Name Sequences (5′ to 3′)

GAPDH—	Forward GTGAAGGTCGGTGTGAACGG

GAPDH—	Reverse GA	TGCAGGGA	TGA	TGTTCTG

CCND2—	Forward ATCCGCAAGCATGCTCAGA

CCND2—	Reverse GATCATCGACGGTGGGTACAT

Name Company Item number
Dilution 
ratio

CCND2 Cell signaling technology #2978 1:1000

β- catenin Cell signaling technology #2978 1:1000

WNT- 3α Cell signaling technology #2721 1:1000

Mouse	anti-	βActin	mAb ZSGB-	BIO TA-	09 1:1000

TA B L E  2 Primary	antibodies	used	for	
Western blot

http://www.Ehbio.com/ImageGP/index.php/Home/Index/VennDiagram.html
http://www.Ehbio.com/ImageGP/index.php/Home/Index/VennDiagram.html
http://bioconductor
http://bioconductor
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114 were upregulated genes and 139 were downregulated genes. 
Subsequently,	we	performed	a	VENN	analysis	and	got	the	intersect-
ing	DEGs.	 In	total,	120	DEGs	were	obtained	after	the	 intersection	
of	all	three	groups	(Figure	1A),	of	which	58	were	upregulated	genes	
(Figure	1B)	and	62	were	downregulated	genes	(Figure	1C).

3.2  |  Enrichment analyses of DEGs

We evaluated the functions and pathway enrichment of the candi-
date	DEGs	at	the	DAVID	website.	As	shown	in	Figure	2,	in	GO	analy-
sis,	the	DEGs	were	mainly	enriched	in	BP	terms,	including	organelle	
fission,	mitotic	 nuclear	 division,	 and	 so	 on	 (Figure	 2A).	 In	 the	MF	
group,	receptor	 ligand	activity	and	protein	binding	were	the	major	
enrichments	 (Figure	 2B).	 Chromosome	 and	 mitotic	 spindle	 were	
mainly	 enriched	 in	 the	 CC	 terms	 (Figure	 2C).	 The	 KEGG	 analysis	
showed enrichments mostly in cell cycle and Wnt signaling pathways 
(Figure	2D).

3.3  |  PPI network integration and Hub gene 
identification

To	better	understand	 the	 interactions	among	 the	 intersecting	DEGs	
obtained	from	the	three	datasets,	the	STRING	database	was	used	to	

generate	a	PPI	network	consisting	of	114	nodes	and	62	edges,	with	
parameters set to interaction score >0.4 and query proteins only being 
revealed	(Figure	3A).	The	Cytoscape	software	was	used	to	analyze	hub	
proteins	after	importing	the	data,	and	the	top	10	genes	were	evaluated	
with	five	calculation	methods	in	the	CytoHubba	application	(Table	4).	
Furthermore,	we	uploaded	the	genes	from	the	five	calculation	meth-
ods to the Venn Diagram online website to generate intersecting genes 
to	identify	significant	hub	genes	(Figure	3B).	We	obtained	3	intersected	
hub	genes	(CCND2,	CD44,	and	IL-	10),	indicating	the	common	DEGs.	As	
shown	in	Table	5,	the	above	3	hub	gene	expressions	in	each	dataset	
were	upregulated	in	the	ABC	subtype	of	DLBCL.

3.4  |  CCND2 may be a key prognostic gene 
in DLBCL

To	investigate	the	impact	of	the	3	hub	genes	on	the	prognosis	of	DLBCL	
patients,	we	obtained	data	on	the	expression	levels	of	the	genes	from	
the	GSE87371	dataset	and	analyzed	the	survival	time	of	patients	with	
GCB	and	ABC	subtypes.	Using	Survival	 and	survminer	packages	of	
R	 software,	we	 found	higher	expression	of	 these	3	hub	genes	 cor-
related	with	worse	OS	and	PFS.	This	finding	suggests	the	prognosis	
is	worse	for	ABC	subtype	patients	than	GCB	subtype	patients.	The	
survival	analysis	outcomes	were	IL-	10	(OS,	 log-	rank	p =	0.331;	PFS,	
log- rank p =	 0.904),	 CD44	 (OS,	 log-	rank	 p =	 0.295;	 PFS,	 log-	rank	
p =	0.272),	CCND2	(OS,	log-	rank	p =	0.019;	PFS,	log-	rank	p =	0.045)	
(Figure	3C,D,E).	Notably,	the	expression	level	of	CCND2	significantly	
correlated	with	the	prognosis,	both	OS	and	PFS.

3.5  |  Experimental validation

In	 this	 study,	2	 cell	 lines	of	DLBCL	 (GCB	subtype:	SU-	DHL-	6,	 and	
ABC	subtype:	SU-	DHL-	2)	were	used	to	experimentally	validate	the	

TA B L E  3 Statistics	of	three	microarray	databases	originated	
from	GEO	database

Dataset ID GCB ABC
Total 
number

GSE19246 81 63 144

GSE87371 85 83 168

GSE56313 29 23 52

F I G U R E  1 Venn	diagram	of	differentially	expressed	genes	(DEGs)	shared	in	three	Gene	Expression	Omnibus	(GEO)	datasets:	GSE19246	
(blue),	GSE87371	(red),	GSE56313	(green).	(A)	120	DEGs	were	identified	in	three	datasets.	(B)	58	upregulated	genes.	(C)	62	downregulated	
genes.	DEG	identification	criteria	were	adj.	p <	0.05	and	|logFC	(fold	change)|	≥	1
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biological information on the discovered hub genes. Our qRT- PCR 
results	 indicated	CCND2	was	significantly	upregulated	 in	 the	ABC	
subtype	(Figure	4A).	To	further	explore	the	mechanism,	we	carried	
out	the	Western	blot	experiment.	According	to	the	enrichment	re-
sults	of	the	KEGG	pathway,	we	selected	the	Wnt	signal	pathway.	We	
found	that	the	expression	level	of	CCND2	positively	correlated	with	
the	expression	level	of	star	protein	molecules	in	the	Wnt	signaling	
pathway	(Figure	4B).

4  |  DISCUSSION

Diffuse large B- cell lymphoma incidence is high and carries a signifi-
cant	disease	burden.	Within	the	DLBCL	patients,	 two	major	DLBCL	
subtypes	 (GCB	 and	 ABC)	 have	 been	 defined	 by	 gene	 expression	

profiling.16	Patients	with	ABC-	DLBCL	demonstrated	worse	outcomes	
than	those	with	GCB-	DLBCL,	with	5-	year	OS	rates	ranging	from	30%	
to	56%	and	60%	to	78%,	respectively.17,18	To	our	knowledge,	this	 is	
the first report to analyze hub genes and key pathways using bioin-
formatics	and	basic	experiments	in	two	subtypes	of	DLBCL.	The	re-
sults showed their biological mechanisms were mainly associated with 
CCND2 and WNT pathway. These might provide a new strategy in 
the	diagnosis	and	treatment	of	different	subtypes	of	DLBCL	(Figure	5).

Firstly,	we	used	comprehensive	bioinformatics	analysis	to	explore	
potential	vital	genes	and	key	pathways	associated	with	ABC	and	GCB	
subtypes	of	DLBCL.	Then,	we	performed	some	cell	experiments	to	
verify	 the	most	clinically	significant	gene	and	pathway.	Finally,	we	
found	that	ABC-	DLBCL	had	a	significantly	higher	expression	of	star	
proteins in the Wnt/β-	catenin	signaling	pathway	than	GCB-	DLBCL.	
The	 increased	 expression	 level	 of	 CCND2	 significantly	 affected	

F I G U R E  2 Significant	enrichments	of	Gene	Ontology	(GO)	terms	and	Kyoto	Encyclopedia	of	Genes	and	Genomes	(KEGG)	pathways	
for	differentially	expressed	genes	(DEGs).	(A)	Enrichment	of	biological	processes.	(B)	Enrichment	of	molecular	functions.	(C)	Enrichment	of	
cellular	components.	(D)	Enrichment	of	KEGG	pathway.	Cut-	off	criteria	were	p <	0.1	and	gene	count	≥	2
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the	prognosis	of	patients.	In	this	initial	evaluation,	we	showed	that	
overexpression	of	CCND2	and	activation	of	the	Wnt/β- catenin sig-
naling	pathway	were	associated	with	poor	survival	 in	ABC-	DLBCL	

patients.	 Some	 literature	 has	 used	 bioinformatics	methods	 to	 an-
alyze	 the	 mechanisms	 of	 the	 two	 molecular	 subtypes	 of	 DLBCL,	
but	there	are	some	shortcomings	compared	with	our	research.	For	

F I G U R E  3 (A)	Protein-	protein	interaction	network	constructed	with	differentially	expressed	genes	(DEGs),	confidence	score	>0.4.	(B)	
Venn	plot	of	significant	hub	genes	using	five	intersecting	algorithms:	Degree	(blue),	EPC	(red),	Eccentricity	(green),	MCC	(yellow),	MNC	
(brown).	Areas	with	different	colors	correlate	to	different	algorithm,	the	cross	area	included	3	hub	genes	(CCND2,	CD44	and	IL-	10),	
indicating	the	commonly	accumulated	DEGs.	(C-	E)	Association	between	3	hub	genes	with	over	survival	(above)	and	progress-	free	survival	
(below)	(C,	IL-	10;	D,	CD44;	E,	CCND2)	in	those	with	DLBCL.	High-	and	low-	risk	groups	are	shown	in	blue	and	red,	respectively.	p < 0.05 was 
the significance threshold
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instance,	Liu	et	al6	did	not	conduct	experimental	verification	after	
bioinformatics	prediction.	In	this	study,	three	cohort	datasets	could	
provide	us	sufficient	sample	sizes	(195	GCB	and	169	ABC	samples)	
to obtain potential candidate hub genes and key pathways more 
reliably.	Not	only	 that,	we	accessed	many	online	publicly	available	
databases	like	GO,	KEGG,	string	database,	and	Cytoscape	software	
to perform various analyzes. 10 hub genes were selected after using 
five calculation methods of the cytoHubba's application. Each al-
gorithm	included	10	unique	hub	genes.	As	a	result,	we	obtained	3	
common	hub	genes	(IL-	10,	CD44,	CCND2)	and	performed	a	survival	
curve	analysis	on	them.	Furthermore,	we	found	that	high	expression	
of CCND2 had a statistically significant effect on the prognosis of 
DLBCL	patients,	including	OS	and	PFS.	Our	results	were	partly	con-
sistent with previous researches.6,19	However,	due	to	the	difference	
in	the	source	of	the	datasets,	results	from	data	on	the	same	platform	
could still vary.20	Interestingly,	the	DEGs	were	mainly	associated	with	
"cell	cycle"	and	"Wnt	signaling	pathway"	in	KEGG	analysis.	To	verify	
the	above	results,	our	in-	depth	experimental	study	focused	on	using	
two	subtypes	of	DLBCL	cell	lines	to	detect	the	difference	in	RNA	and	
protein	expression	 levels	 in	CCND2	and	Wnt	pathway.	As	a	mem-
ber	of	 the	Cyclin	 family,	CCND2	 (Cyclin	D2)	 could	activate	cyclin-	
dependent	kinase	4(cdk4)/cdk6	to	promote	cell	cycle	progression.21 

The	 abnormal	 expression	 of	 CCND2	may	 cause	 dysregulated	 cell	
proliferation. Even some studies showed that CCND2 methylation 
could promote tumor progression.22- 25 Wang et al26 concluded that 
high	CCND2	mRNA	expression	negatively	correlated	with	prognosis	
in	patients	with	ABC-	DLBCL	who	received	R-	CHOP.	The	result	was	
consistent	with	ours.	Although	only	CCND2	was	statistically	signifi-
cant	in	the	survival	analysis	for	the	three	hub	genes,	it	did	not	mean	
that	the	other	genes	were	meaningless.	For	example,	some	scholars	
found	that	CSF	(cerebrospinal	fluid)	IL-	10	levels	could	be	a	sensitive	
biomarker	 for	differential	diagnosis,	detection	of	early	 recurrence,	
prognostic	 evaluation,	 and	 therapeutic	 strategy	 establishment	 in	
PCNSL	(primary	central	nervous	system	lymphoma)	cases.27 What's 
more,	it	had	been	reported	that	IL-	10	could	promote	tumor	progres-
sion	by	promoting	NF-	κB- mediated transcription.28 CD44 is a trans-
membrane	glycoprotein	involved	in	B-	cell	migration	and	activation,	
and	it	associates	with	the	extracellular	matrix	changes	that	influence	
cell	growth,	survival,	and	differentiation.29	Higher	CD44	expression	
has	been	noticed	 in	ABC-	DLBCL	than	GCB-	DLBCL,	but	contradic-
tory data have also been reported.30 Our data supported the results 
of	Jelicic	et	al,31	who	showed	high	CD44	expression	in	tumor	cells	
correlates	significantly	with	poorer	EFS	and	OS.	We	also	found	that	
IL-	10	and	CD44	were	highly	expressed	in	ABC-	DLBCL	and	conferred	
a	poor	prognosis.	Although	 it	had	no	statistically	significant	effect	
on	 the	prognosis	between	 the	 two	 subtypes	of	DLBCL,	 it	may	be	
related	to	the	database	sources,	disease	types,	etc.	Interestingly,	we	
unexpectedly	found	that	the	Wnt	pathway	was	better	activated	in	
ABC-	DLBCL.	As	is	well-	known,	the	Wnt/β- catenin pathway plays a 
prominent	 role	 in	stem	cell	maintenance,	embryonic	development,	
and tumorigenesis.32 The cytoplasmic β- catenin level determines 
the main function of Wnt/β- catenin signaling. β- catenin can mediate 
intracellular	adhesion,	differentiation,	embryonic	development,	and	
tumorigenesis.33,34	Our	cell-	level	experiments	 found	that	 the	RNA	
and	protein	expression	of	CCND2	in	the	ABC-	type	cell	line	was	sig-
nificantly	higher	than	that	in	the	GCB-	type	cell	line	and	were	directly	
proportional	to	the	expressions	of	key	proteins	in	the	Wnt/β- catenin 
pathway.	Therefore,	our	study	perhaps	described	and	confirmed	the	
hub	genes	 and	a	 key	pathway	of	DLBCL	 subtypes	 to	 improve	our	

TA B L E  4 Top	10	genes	utilized	in	the	PPI	network	using	five	calculation	methods	in	Cytoscape

Gene name
Degree 
score Gene name

EPC 
score Gene name

Eccentricity 
score Gene name

MCC 
score Gene name

MNC 
score

IL-	10 12 IRF4 9.921 PTPN1 0.1542 IL-	10 12 IRF4 9

IRF4 10 IL-	10 9.627 ITPKB 0.1542 IRF4 10 IL-	10 9

CD44 7 CD44 9.002 CD44 0.1285 CD44 7 CD44 7

LMO2 7 AICDA 8.132 HCK 0.1285 LMO2 7 LMO2 5

CCND2 5 LMO2 8.057 CCND2 0.1285 CCND2 5 IGHV4-	38-	2 5

IGHV4-	38-	2 5 MME 8.005 IL-	10 0.1285 IGHV4-	38-	2 5 AICDA 5

AICDA 5 IGHV4-	38-	2 7.808 MARCKSL1 0.1285 AICDA 5 MME 5

MME 5 CCND2 7.57 BCL2L10 0.1101 MME 5 CCND2 4

ITPKB 5 BATF 7.233 PAG1 0.1101 ITPKB 5 BATF 4

HCK 4 ITPKB 7.205 MMP7 0.1101 HCK 4 FOXP1 4

TA B L E  5 The	expression	characteristics	of	three	hub	genes	in	
the intersecting region of the petal map

Gene adj. p. Val p Value logFC
Dataset 
ID

CCND2 1.63E-	15 2.63E-	18 2.41 GSE87371

3.20E-	06 9.26E-	09 1.59 GSE19246

4.65E-	05 4.93E- 08 1.86 GSE56313

CD44 1.92E- 05 7.01E- 07 1.20 GSE87371

2.16E-	05 9.24E- 08 1.60 GSE19246

1.55E- 03 7.47E-	06 1.68 GSE56313

IL-	10 5.61E-	04 3.97E- 05 1.03 GSE87371

1.03E- 03 9.82E-	06 1.28 GSE19246

1.85E- 02 3.05E- 04 1.24 GSE56313
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understanding of the potential causes of differences in the clinical 
prognosis	of	DLBCL.	Moreover,	 it	remained	exciting	to	the	assess-
ment of the prognosis of patients with changes in these genes.

However,	this	study	also	had	shortcomings.	One	limitation	was	
that	 we	 only	 used	 a	 single	 data	 source	 (GEO),	 other	 source	 like	
TCGA	(The	Cancer	Genome	Atlas)	may	also	be	need	to	confirm	our	
results.	 In	addition,	our	research	focused	just	on	the	alterations	of	
downstream protein levels of the disease mechanism. The upstream 
mechanism of CCND2 and Wnt pathway are also worthy of fur-
ther	exploration,	such	as	different	genetic	and	epigenetic	changes.	
Fortunately,	our	findings	may	provide	a	direction	for	future	in-	depth	
research.

Above	 all,	 we	 identified	 120	DEGs	 between	DLBCL	 GCB	 and	
ABC	subtypes.	Three	common	hub	genes	were	 found	after	apply-
ing	five	calculation	methods	of	the	CytoHubba's	application,	includ-
ing	IL-	10,	CD44,	and	CCND2.	The	high	expression	of	CCND2	had	a	
statistically	 significant	effect	on	 the	prognosis	of	DLBCL	patients.	
The	KEGG	pathway	analysis	associated	most	of	the	DEGs	with	"cell	
cycle"	and	"Wnt	signaling	pathway".	Experiments	showed	that	 the	
RNA	 and	 protein	 expression	 levels	 in	 CCND2	 and	 Wnt	 pathway	

were	different	in	ABC	and	GCB	cell	lines.	These	results	might	pro-
vide promising therapeutic targets or novel prognostic biomarkers 
of	ABC	and	GCB	subtypes	of	DLBCL.
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F I G U R E  4 Total	RNA	and	protein	
were	extracted	for	qRT-	PCR	and	Western	
blot	analysis.	(A)	The	expression	of	
CCND2	mRNA	was	measured	by	qRT-	
PCR.	(B)	The	expression	of	CCND2	and	
star proteins of WNT pathway were 
measured by Western blot. **p < 0.01

F I G U R E  5 Workflow	diagram
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