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Background: Pancreatic adenocarcinoma (PAAD) is an extremely malignant cancer. 
Immunotherapy is a promising avenue to increase the survival time of patients with PAAD.
Methods: RNA sequencing and clinical data for PAAD were downloaded from the TCGA 
database. The ssGSEA method and weighted gene co-expression network analysis were used 
to calculate the relative abundance of tumor-infiltrating immune cells and identify the related 
modules. Least absolute shrinkage and selection operator (LASSO) and Cox regression 
analyses were used to construct a prognostic model. MCPcounter and EPIC were also used 
to assess immune cell components using gene expression profiles.
Results: The B cells closely related module was identified, and five genes, including 
ARID5A, CLEC2B, MICAL1, MZB1, and RAPGEF1, were ultimately selected to establish 
a prognostic signature to calculate the risk scores of PAAD patients. Kaplan–Meier curves 
showed worse survival in the high-risk patients (p < 0.05), and the area under the receiver 
operating characteristic (ROC) curves of risk score for 1-year and 3-year survival were 0.78 
and 0.80, respectively, based on the training set. Similar results were verified using the 
validated and combined sets. Interestingly, the low-risk group presented significantly ele-
vated immune and stromal scores, proportion of B cells, and associations between these five 
genes and B cells were identified using multiple methods including ssGSEA, MCPcounter, 
and EPIC.
Conclusion: This is the first attempt to study a B cells-related prognostic signature, which is 
instrumental in the exploration of novel prognostic biomarkers in PAAD.
Keywords: B cells, prognostic signature, WGCNA, ssGSEA, pancreatic adenocarcinoma

Background
Pancreatic adenocarcinoma (PAAD), a challenging disease worldwide, is expected 
to become the second leading cause of cancer death in the United States in the next 
20 to 30 years.1 The overall 5-year survival rate is approximately 9%, and most 
patients have unresectable or metastatic conditions.2 Over the past decade, immu-
notherapy gradually become a novel and promising treatment for cancers; however, 
only a minor fraction of patients presents modestly prolonged survival.3 Under 
these circumstances, there is a desperate need to search for new diagnostic and 
therapeutic targets for PAAD patients, especially in terms of high potential 
immunotherapies.

Malignant tumors represent a highly heterogeneous and complex disease. The 
surrounding environment of tumor cells is termed the tumor microenvironment 
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(TME), which consists of cancer cells, cancer-associated 
fibroblasts, stromal cells, immune cells, as well as extra-
cellular molecules and inflammatory mediators.4,5 All sub-
sets of immune cells can be observed in cancer tissues; 
however, differences exist in density, functionality, and 
organization between different tumors6. Among these 
immune cells, tumor-infiltrating B cells play crucial and 
controversial roles in the onset and progression of human 
cancers.7 Recent studies demonstrate that the infiltration of 
B cells or the existence of B cells associated genes is 
predominantly related to increasing survival rate in 
colorectal,8 breast9 and lung cancers,10 however, there is 
no meaningful association with gastric carcinoma.11 The 
anti-tumor effects of B cells are attributed to antibody 
secretion, Th1- aggrandizing cytokine production and for-
mation of tertiary lymphoid structures (TLS).7 Discordant 
with other cancers, a study on PAAD identified that accu-
mulation of the B cell subset in KRAS-driven PAAD mice 
tissues is conducive to cancer cell proliferations via IL-35- 
mediated stimulation.12 In the above studies, we wondered 
what roles B cells play in PAAD.

With the rapid development of high-throughput 
sequencing technology and bioinformatics analysis meth-
ods, numerous algorithms and tools have been applied to 
identify prognostic or therapeutic biomarkers.13 Weighted 
gene co-expression network analysis (WGCNA) is one of 
the most frequently used biological approaches that can 
discern co-expressed genes associated with a sample trait 
according to similarity in expression profiles among sam-
ples, which is beneficial for obtaining modules or core 
gene signatures related to characteristics.13 The immune- 
associated signatures of 28 immune cell subsets were 
downloaded from TISIDB, a tumor and immune system 
interaction database.14 Thereafter, the gene set variation 
analysis (GSVA) package was applied to calculate the 
degree of immune cell infiltration based on gene expres-
sion profiles.15 These methods have been employed to 
estimate the relative abundance of immune cells in various 
cancers, such as hepatocellular carcinoma16 and cutaneous 
melanoma.17

In this context, we first calculated the relative abun-
dance of 28 immune cell subsets using the GSVA package 
according to the PAAD gene expression profiles. Then, 
WGCNA was implemented to identify the vital modules 
and key genes related to B cells. A five-gene prognostic 
model related to B cells was identified and verified using 
Cox regression and the least absolute shrinkage and selec-
tion operator (LASSO) model. The survival analysis of 

these five genes was further assessed. This is the first 
study to explore a prognostic model associated with 
B cells in PAAD.

Materials and Methods
Sample Datasets
The RNA sequencing and clinical data of PAAD were 
downloaded from the TCGA database. Generally speak-
ing, patients died within 30 days possibly owing to non-
neoplastic factors such as hemorrhage or severe infection 
or other complicating diseases. The data included 172 
samples that have complete information or overall survival 
time of more than 30 days and was defined as a combined 
set. These samples from the combined set were stochasti-
cally and fairly divided into two sets: training and valida-
tion sets (Table S1). Training set was applied to identify 
prognostic biomarkers and signature, and validation and 
combined sets were used for verifying the reliability of 
results. Fragments Per Kilobase per Million (FPKM) was 
used for normalizing gene expression values. All data are 
publicly available.

Estimation of Tumor-Infiltrating Immune 
Cells
Gene signatures of twenty-eight tumor-infiltrating immune 
cells were downloaded from TISIDB database14 and 
R package “GSVA” that employing single sample Gene 
Set Enrichment Analysis (ssGSEA) algorithm was used to 
calculate the specific infiltration ratio of immune cells in 
each sample.15 These 28 immune cells included as 
following:18 Activated CD8+ T cell, Central memory CD8 
T cell, Effector memory CD8+ T cell, Activated CD4+ 
T cell, Central memory CD4+ T cell, Effector memory 
CD4+ T cell, T follicular helper cell, Gamma delta T cell, 
Type 1 T helper cell, Type 17 T helper cell, Type 2 T helper 
cell, Regulatory T cell, Activated B cell, Immature B cell, 
Memory B cell, Natural killer cell, CD56bright natural 
killer cell, CD56dim natural killer cell, Myeloid derived 
suppressor cell, Natural killer T cell, Activated dendritic 
cell, Plasmacytoid dendritic cell, Immature dendritic cell, 
Macrophage, Eosinophil, Mast cell, Monocyte, neutrophils.

Construction of Gene Co-Expressed 
Network
Expression values of genes with the top 25% variance 
were inputted to construct a co-expressed network using 
R package “WGCNA”.19 Concrete procedures: Firstly, 
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gene expression values were imported into the R project, 
Pearson’s correlation coefficient of genes encoded the 
strength of network connection; Secondly, to keep optimal 
mean connectivity between genes, the power value (soft 
thresholding) β was set to 6 (scale free R2 = 0.9); Thirdly, 

the adjacency matrix was transformed into the topological 
overlap matrix (TOM), “hclust” algorithm was applied for 
creating gene hierarchical clusters according to TOM dis-
similarity; Fourthly, genes with strong corrections were 
clustered into the same module, surprisingly, WGCNA 

Figure 1 The workflow of the present study.
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algorithm not only takes the relation between two genes 
into account, but also pays attention to whole associations 
between imported genes; Finally, hierarchical cluster of 
weight coefficient matrix and dynamic tree cut were also 
utilized for identifying modules.

Construction of Module-Trait 
Relationships
The module-trait relations were estimated using module 
eigengenes (MEs) and phenotypes (28 immune cells). 
Gene significance (GS) was calculated as mediated 
p value of association between gene expression levels 
and phenotypes. The module membership (MM) was 
defined as the relationship between expression profile 
and module eigengene.20 In this study, we selected 
a module that is green module with the highest correlation 
coefficient to B cells.

Functional Annotation for Genes in the 
Selected Module
In view of the above results, genes in the green module 
were chosen to perform functional annotation using a web 
tool “Metascape” (http://metascape.org).21 The top 20 
enriched pathways or Gene Ontology (GO) terms were 
delineated as a bar graph. And pathways or GO terms 
with a similarity of more than 0.3 were linked by edges 
and drawn as a network graph.

Construction of the Prognostic Model
Genes in the green module (also called as B cells related 
module in this study) were extracted and subjected to the 
univariate Cox regression analysis using R package “sur-
vival”. Based on a cut-off value of p < 0.05 that was 
considered as a statistical significance, only 18 genes 
were selected into LASSO regression analysis using 

Figure 2 The heatmap of correlation among immune cells. Blue: positive correlation; red: negative correlation; size of circle: the stronger the correlation, the larger the 
circle and deeper colors.
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R package “glmnet”. Then, resulting nine genes were 
implemented multivariate Cox regression analysis. 
Following that, five genes and corresponding regression 
coefficients were obtained and risk scores of each sample 
were calculated based on the formula: Risk score = sum of 
each gene’s (regression coefficient × gene expression 
value). Patients were divided into high- or low-risk groups 
on account of the median value of risk scores; then, 
Kaplan–Meier methods and Log rank test were used to 
perform survival analysis of the two groups. The 
R package “survivalROC” was used to carry out time- 
dependent receiver operating characteristic (ROC) curves 
analysis. The comparison of independent prognostic value 
between risk score and clinical features was performed by 
univariate and multivariate Cox regression analysis.

Gene Set Enrichment Analysis (GSEA)
GSEA, a mighty analytical tool, is instrumental to distinguish 
enriched pathways of two different biological states.22 Using 
R packages “clusterProfiler” and “enrichplot”, enriched path-
ways from high- or low-risk groups were obtained.

Assessment of Tumor Microenvironment 
Component and Infiltration of Immune 
Cells in PAAD Tissues
Stromal and immune cells are the major cell components 
of tumor tissues and have a vital function on perturbing 
tumor signals. Estimation of Stromal and Immune cells in 
Malignant Tumours using Expression data (ESTIMATE) is 
an eminent algorithm that can calculate the fraction of 
stromal and immune cells based on the gene expression 
profile, which is achieved by using R package 
“estimate”.23 Estimate the Proportion of Immune and 
Cancer cells (EPIC) is an open-source web application 
that is applied for estimating the infiltration ratio of eight 
type cells included B cells, CD4+ T cells, CD8+ T cells, 
Endothelial, Macrophages, NK cells, cancer-associated 
fibroblasts (CAFs) and other cells.24 Similarly, 
Microenvironment Cell Populations-counter (MCP- 
counter)25 is another method that aims to compute the 
absolute abundance of various cell populations included 
eight immune and two stromal cell types: T cells, CD8 
T cells, Cytotoxic lymphocytes, NK cells, B lineage, 
Monocytic lineage, Myeloid dendritic cells, Neutrophils, 
Endothelial cells, Fibroblasts. This way is unlike to EPIC 
algorithm that is employed to descript the relative propor-
tions of multiple cell populations. All these methods were 

used to observe and verify the relevance between these 
five genes from the prognostic model and B cells.

Statistical Analysis
Continuous variables such as comparison of gene 
expressions between normal and PAAD tissues were 
analyzed by Student t test. Categorical variables such 
as the comparison between risk groups and tissues 
grade were analyzed by Chi-squared test. Pearson 

Figure 3 Identification of B cells closely related module. (A) Analysis of the scale- 
free fit index and mean connectivity for various soft-thresholding powers. The 
appropriate scale-free topology can be obtained at the soft-thresholding power of 
6; (B) genes are grouped into divergent modules by hierarchical clustering. 
Different colors represented different modules and each color-marked module 
included a group of highly connected genes. A total of eight modules were identi-
fied; (C) heatmap of connection between module eigengenes and immune cell 
subsets; (D–F) scatterplots of Module Membership (MM) in the green module 
and Gene Significance (GS) for Activated B cells (D), immature B cells (E) and 
Memory B cells (F).
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correlations analysis was conducted in the exploration 
of correlation between infiltration of immune cells and 
prognostic biomarkers. All data were analyzed and 
plotted by GraphPad Prism 8 (GraphPad Software Inc, 
La Jolla, CA) and R 3.6.1 (http://www.r-project.org/). 
A p value less than 0.05 was considered statistically 
significant.

Results
The Relative Abundance of 
Tumor-Infiltrating Immune Cells in PAAD
The analytical process is depicted in Figure 1. Gene 
signatures of 28 immune cell subsets were obtained 
from TISIDB, and the abundance ratio of these immune 

Figure 4 Functional annotation for genes in the green module. (A) The bar chart showed the top twenty enriched terms; (B) the network diagram was constructed with 
enriched terms as nodes and similarities as edges. Each color of nodes represented a various term.
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cells was calculated (Table S2). Correlations between 
immune cell subsets were analyzed and delineated in 
Figure 2. Strong relevance between activated B cells 

and immature B cells was presented, and the two 
B cells were moderately related to memory B cells, 
respectively.

Figure 5 Establishment of a five-gene prognostic signature in the training set. (A) Forest plot for visualizing the HRs of 18 genes with statistical significance after univariate 
COX analysis (p<0.05). Green: protective association; Red: risk factors; (B) LASSO coefficient profiles of the 18 genes; (C) the partial likelihood deviance plot showed the 
minimum value corresponds to the covariate used for multivariate Cox analysis. 
Abbreviation: LASSO, leas absolute shrinkage and selection operator.
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Identification of B Cells Related Modules 
and Functional Annotation
Gene expression profiles from 172 PAAD samples were 
used to construct co-expressed modules by R package 
“WGCNA”. The power of β = 6 (scale free R2 = 0.9) 
was picked as the soft-thresholding parameter to define 
scale-free topology (Figure 3A). Eight modules were gen-
erated by hierarchical clustering with dynamic hybrid cut-
ting (Figure 3B), and turquoise module had the most genes 
(1137 genes) and least genes (163 genes) in black module 
(Table S3). Module traits were estimated by calculating 
correlations between module eigengene and immune cells. 
As shown in Figure 3C, green module was closely 

associated with multiple immune cell subsets. Among 
these subsets, immature B cells and activated B cells had 
the highest relevance with green module (R2 = 0.91, p= 
1e-65; R2 = 0.83, p= 1e-44). Also, memory B cells are 
significantly related to green module (R2 = 0.56, p= 1e- 
15). Scatterplots of Gene Significance in B cell subsets vs 
Module Membership in green module were plotted, 
respectively (Figure 3D–F), which further identified this 
green module as B cells related and core module. Thus, in 
this work, we focused on genes in green module. Three 
hundred and sixty-six genes in this module were extracted 
and performed functional annotation by a web tool 
“Metascape”. Delightedly, top 20 enrichment terms were 
all immune-associated terms, such as Cytokine-mediated 
Signaling Pathway, Adaptive Immune System and 
Lymphocyte Activation (Figure 4).

Derivation of Prognostic Genes in B Cells 
Related Module and Establishment of a 
Five-Gene Signature Risk Score Model
The expression values of 366 genes in green module were 
extracted and carried out using univariate Cox proportional 
hazard regression analysis in training set (Figure 5A). Then, 

Table 1 Five Genes Identified from Cox Regression Analysis in 
the Training Set

Symbol Coefficient HR 95% CI P value

ARID5A −0.502 0.606 0.407–0.900 0.0130

CLEC2B 1.226 3.408 2.057–5.644 1.91E-06

MICAL1 −0.419 0.656 0.375–1.154 0.144
MZB1 −0.309 0.734 0.538–1.001 0.050

RAPGEF1 −0.757 0.469 0.220–0.998 0.0494

Abbreviation: CI, Confidence Interval.

Figure 6 The five-gene signature predicts overall survival in PAAD. (A) The distribution of risk score, survival time and status, and expressions of these five genes; (B) 
Kaplan-Meier survival curves of high- and low-risk groups based on the five-gene signature; (C and D) the one-year (C) and three-year (D) ROC curves for survival 
prediction; (E) forest plot for visualizing independent prognostic effect analyses between the five-gene signature and commonly used prognostic factors utilizing multivariate 
Cox regression model. 
Abbreviation: ROC: receiver operating characteristic.
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screening eighteen genes with statistical significance (p < 
0.05) were input in least absolute shrinkage and selection 
operator (LASSO) regression (Figure 5B and C) and resulting 
nine genes were analyzed utilizing multivariate Cox regression 
analysis. Ultimately, the prognostic model was identified and 
consisted of five genes (Table 1): AT-Rich Interaction Domain 
5A (ARID5A), C-Type Lectin Domain Family 2 Member 
B (CLEC2B), Microtubule Associated Monooxygenase, 
Calponin And LIM Domain Containing 1 (MICAL1), 
Marginal Zone B and B1 Cell Specific Protein (MZB1), Rap 
Guanine Nucleotide Exchange Factor 1 (RAPGEF1). All 
genes except for CLEC2B were regarded as protective factors 

according to HR value <1. The specific calculation formula of 
risk score was as following: Risk score = (−0.502) * ARID5A 
expression level + 1.226 * CLEC2B expression level + 
(−0.419) * MICAL1 expression level + (−0.309) * MZB1 
expression level + (−0.757) * RAPGEF1 expression level.

Prognostic Assessment by the Five-Gene 
Signature in PAAD and Validation of This 
Model
According to the calculation formula from the five-gene 
signature, risk scores of each patient in the training set 

Figure 7 Survival and ROC curves for the five-gene signature in the validation and combined sets. (A and C) ROC curves for survival prediction based on the five-gene 
signature in the validation (A) and combined sets (C); (B and D) Kaplan–Meier plots for survival times in the validation (B) and combined sets (D). 
Abbreviation: ROC, receiver operating characteristic.
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were acquired, and these patients were divided into two 
groups with high or low risk on the basis of median 
cutoff value of risk scores. Figure 6A delineates the 
distribution of risk scores, survival time and five gene 
expression values for each patient. And K-M plot showed 
that patients with high-risk scores had an abysmal survi-
val rate compared with low-risk group (Figure 6B). 
Further, ROC curves were employed to evaluate the 
sensitive and specificity of survival prediction in view 
of this five-gene signature. Strikingly, the area under the 
curve (AUC) of risk scores was 0.783 for one-year sur-
vival and 0.797 for three-year survival; however, the 
AUC of another clinical features including age, gender, 
stage, grade, alcohol, diabetes and chronic pancreatitis 
exposure histories were all less than 0.6 for one-year or 
three-year survivals (Figure 6C and D). Additionally, 
univariate and multivariate Cox regression analysis 
were also used to assess the performance of this five- 
gene prognostic model and other familiar prognostic 
effectors. To our amazement, only this risk score model 
could be considered as an independent prognostic factor 

(p < 0.05) (Figure S1, Figure 6E). Subsequently, risk 
scores with the five-gene signature were calculated in 
validated and combined sets. Higher risk scores had 
a dismal prognostic and the AUC of one-year and three- 
year survival were all more than 0.6 in validated and 
combined sets (Figure 7), which was coincident with 
consequences in the training set.

Biological Functions and Clinical 
Behaviors of the Prognostic Model Based 
on the Five-Gene Signature in PAAD
Risk scores of each sample in the combined set were obtained 
and patients were divided into high-risk group and low-risk 
group in accordance with the median risk score. As shown in 
Figure 8, low-risk group was mainly enriched to immune- 
related pathways such as cytokine-cytokine receptor interac-
tion, chemokine signaling pathway, primary immunodefi-
ciency. Next, tumor purity and infiltrating levels of stromal 
or immune cells were predicted. Results presented that the 
scores of stromal and immune were significantly elevated in 

Figure 8 Gene set enrichment analysis for the five-gene signature.
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low-risk group than high-risk group (Figure 9A–D). 
Moreover, an evidently aggrandized proportions of 
Activated B cells and Immature B cells were observed in 

low-risk group (Figure 9F and G). Conversely, tumor purity 

was markedly reduced in the low-risk group (Figure 9E). 
Afterwards, relationships between risk scores and clinical 
characteristics were investigated, and the outcome displayed 

that only gender and grade had statistical significances with 

Figure 9 Analysis of tumor microenvironment for the five-gene signature. (A) The heatmap depicted the immune and stromal scores, tumor purity, also relative abundance 
of 28 immune cell subsets using ssGSEA and ESTIMATE method. (B–G) violin plots showed comparison between high- and low- risk group in the Immune scores (B), 
stromal scores (C), ESTIMATE scores (D), tumor purity (E), activated B cells (F), immature B cells (G).
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this risk model (Table 2). Patients with male or high grade 
(G3-G4) emerged obviously higher risk scores (Figure 10).

Immune Infiltration and Survival Analysis 
of the Five Selected Prognostic Genes
Previous consequences in this work revealed that the five- 
gene signature was closely pertaining to immunological 
molecules and cells and acted as a pivotal role for prog-
nostic assessment. Thus, we further explored the relation-
ship between each gene of this signature and immune 
infiltrating cells and survival. Clearly, these five genes 
were affinitive with B cells based on TISIDB database, 
especially ARID5A, MZB1 and RAPGEF1 (Figure 11A). 
Additionally, we also applied other algorithms and tools 
including MCPcounter and EPIC to further corroborate the 
predominant association between these five genes and 
B cells (Figure 11B–K). Finally, expression levels and 
survival curves of the five genes are depicted in 
Figure 12. Expressions of ARID5A and MICAL1 were 
both apparently diminished in tumor tissues compared 
with adjacent normal tissues, and functioned as suppressor 
genes in line with K-M plots (Figure 12A, C and 
Figure 12F, H).

Discussion
It is well known that resection is the only cure for PAAD; 
nevertheless, the prognosis for this minor fraction of 
patients diagnosed with locally resectable tumors is still 
abysmal, with 20% to 25% survival in the 5 years follow-
ing operation.1 Furthermore, chemotherapies, targeted 
therapies, or immunotherapies have inconspicuous effects 
for advanced patients, which are presumably due to the 
unique characteristics of PAAD, including a low-moderate 
mutational burden and lower immunogenic potential, as 
well as physical dense fibrotic stroma that impedes the 
delivery of medicine and immune cell infiltration.26–28 

Immune checkpoints such as CTLA4, PD1, and PD-L1 
were the first to enter clinical fields, initially applied for 
metastatic melanoma29 with amazing effects, and are now 
gradually used for other cancers such as kidney, bladder, 
lung, head and neck cancers.30–33 However, the use of 
CTLA4 antibodies alone in patients with advanced or 
metastatic PAAD does not prolong survival.34 Similarly, 
the consequences of clinical trials on the application of 
anti-PD1 agents in patients with advanced PAAD are also 
disillusionary.35 Notwithstanding this, immunotherapies 
are regarded to be the most active fields in cancer studies 

nowadays.36 Thus, it is desperately needed to step outside 
the present therapeutic paradigm and explore novel 
immune-related biomarkers and targets. In this study, we 
focused on B cells' associated genes and identified a five- 
gene signature related to B cells for predicting prognosis 
of patients with PAAD.

As reported, B cells in the TME are active and can 
produce immunostimulatory factors that promote an anti- 
tumor immune response in PAAD.37 The infiltration of 
B cells in different tumor tissues has favorable prognostic 
effects on patients.7 A plausible explanation for the bene-
ficial effect of B cell infiltration in TME may be related to 
antibody production, antigen presentation functions, and 
optimal induction of CD4+ and CD8+ T cells, which 
attenuate tumor invasion and metastasis.38,39 Another pos-
sibility may be that the existence of B cells first reflects the 
whole immunity of patients, and those who can elicit an 

Table 2 Correlation Between Risk Scores and 
Clinicopathological Characteristics in PAAD Patients

Clinicopathological 
Characteristics

Case 
(n)

Risk Scores χ2/Z P value

High Low

Age 1.29 0.257
≤60 57 25 32

>60 115 61 54

Gender 7.60 0.006
Male 94 56 38

Female 78 30 48

Grade 6.45 0.011
G1-G2 121 53 68
G3-G4 49 32 17

Stage <0.01 0.959
S1-S2 161 79 82

S3-S4 8 4 4

Alcohol 0.13 0.72

Yes 97 48 49

No 63 33 30

Diabetes 0.02 0.889
Yes 36 19 17

No 105 54 51

Chronic 
pancreatitis

0.33 0.567

Yes 13 6 7
No 123 67 56

Notes: PAAD patients were divided into high/low risk group based on median 
value. The bold of the P value represented that the clinicopathological character-
istics were significantly associated with risk scores (p<0.05).
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immune response may choose to be in a better overall 
condition.10 However, Yuliya et al reports that IL-35 pro-
ducing B cells can accelerate the development of pancrea-
tic neoplasia. The pro-tumorigenic effects of B cells may 
be developed by promoting chronic inflammation in tumor 
surroundings and an immunosuppressive 
microenvironment.12 In addition, studies have demon-
strated that B cells could alternatively boost macrophage 
activation and alleviate T cell mediated anti-tumor 
response.40,41 In short, roles of B cells in the TME remain 
unclear. In this study, we first obtained the immune cell 
components of each sample in the TME using gene 
expression profiles. WGCNA was then applied to construct 
gene co-expressed modules associated with immune cell 
subsets. Among these modules, the green module had the 
strongest relevance to B cells (Figure 3). Additionally, 
genes in this module were extracted to perform functional 
annotation, and the resulting pathways were closely related 
to the immune response or cytokines.

There is accumulating evidence that molecular predic-
tors could have great potential in promoting clinical deci-
sion making.42,43 For example, a 21-gene signature for 
predicting breast cancer patient prognosis has been con-
ducted in clinical work.44 In the past decade, studies have 
revealed that signatures can predict the prognosis of 
PAAD patients, such as a four-gene prognostic model, 
a five-miRNA signature, or a three-lncRNA signature. 

Nevertheless, these molecules in the prognostic models 
were all based on differentially expressed analysis between 
PAAD tumors and normal tissues, and heterogeneity 
existed among divergent patients, which may cause negli-
gence of other genes involved in tumorigenesis. Hence, we 
utilized gene expression values in the green module and 
patients’ clinical information, especially survival time and 
state, to build a five-gene signature using the LASSO-Cox 
regression model in the training set for prognostic risk 
assessment. Using the computing formula of this five- 
gene signature, the risk scores for each patient were iden-
tified, and patients were then stratified based on the med-
ian risk score. Patients with high-risk scores had an awful 
survival rate, and this five-gene signature had satisfactory 
sensitivity and specificity for predicting the prognosis of 
PAAD patients (AUC > 0.75). Compared with other clin-
ical indicators, only this five-gene signature could function 
as an independent predictor (Figure 6E). Intriguingly, this 
prognostic model was confirmed in the validated and 
combined sets (Figure 7).

To further explore the potential molecular mechanism 
underlying the prognostic effects of the five-gene signa-
ture, GSEA analysis was performed according to the stra-
tification of risk scores. Attractively, the low-risk score 
group was mainly enriched in immune-related pathways 
such as chemokine signaling pathway, cytokine-cytokine 
receptor interaction, and primary immunodeficiency 

Figure 10 Higher risk scores in the male or high-grade patients. (A) Male patients had apparently higher risk scores; (B) high-grade patients presented obviously higher risk 
scores. *p < 0.05, **p < 0.01, ***p < 0.001. 
Abbreviation: ns, no significance.
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(Figure 8). Using the ESTIMATE algorithm and ssGSEA 
method, the infiltrating degree of immune and stromal 
cells was apparently elevated in the low-risk score group, 
while tumor purity was significantly reduced (Figure 9). 
The TME is a complex environment surrounding tumor 
cells that embodies various immune cells, stroma, and 
assorted molecules, and so on.45 It not only regulates 
tumor proliferation and metastasis, but also has 
a considerable influence on treatment outcome.46 The 
immune system plays a pivotal role in countering tumor 
development and metastasis in multiple cancers, including 
PAAD.47 Adile et al demonstrated that high infiltration of 
CD8+ CD3+ lymphocytes increased the survival time of 
patients with resected PAAD. Conversely, FoxP3+ Tregs 
function as immunosuppressants, and their high infiltration 
in the TME indicates an inferior prognosis.48 Notably, NK 

cells and CD8+ T cells directly lead to apoptosis of tumor 
cells by mediating perforin and granzyme, which conse-
quently prevents tumorigenesis and development.49 

Nevertheless, B cells play controversial roles in the onset 
of cancers.7 In this study, further exploration for the asso-
ciation between B cells and risk scores was performed, and 
the resulting activated B cells and immature B cells were 
both markedly ascending in low-risk score group. To some 
extent, these results hinted at the possible anti-tumor 
effects of B cells in PAAD.

Based on the above findings, we hypothesized that the 
five-gene signature from the B cells-related module had 
a favorably predicted prognosis value. This signature 
included ARID5A, CLEC2B, MICAL1, MZB1, and 
RAPGEF1. Interestingly, we observed that these five 
genes were indeed significantly relevant to B cells 

Figure 11 Association between the five genes in the prognostic signature and immune cell subsets based on different databases. (A) Heatmap of correlation between the 
five genes and twenty-eight immune cells from the TISIDB database. Blue: Positive correlation; Yellow: negative correlation; Size circle: the stronger the correlation, the 
larger the circle. (B–F) relevance between expressions of these five genes and B cells using MCPcounter. (G–K) relevance between expressions of these five genes and 
B cells using EPIC. 
Abbreviations: TME, tumor microenvironment; MCPcounter, Microenvironment Cell Populations-counter; EPIC, Estimate the Proportion of Immune and Cancer cells.
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(Figure 11), and analogous results were discovered using 
divergent algorithms and databases (Figure 11). 
Additionally, ARID5A, MICAL1, and RAPGEF1 showed 
an obvious decline in PAAD tumor tissues compared to 
adjacent normal tissues; moreover, high expression of 
ARID5A and MICAL1 resulted in a longer survival time. 
Several studies have emphasized the immunological func-
tion of AT-rich interactive domain-containing protein 5a 
(ARID5A), an RNA-binding protein (RBP).50 The synth-
esis and degradation of ARID5A is regulated by Toll-like 
receptor 4 (TLR4)-induced NF-kB and MAPK 
pathways.51 Upon inflammation, ARID5A can translocate 
from the nucleus to the cytoplasm, which aims to stabilize 

inflammatory mRNA transcripts, such as IL-6, Stat3, Ox40 
and T-bet.52–55 As reported, ARID5A can bind to the 3ʹ- 
untranslated region of IL-6, advancing the production of 
IL-6 and protecting IL-6 from degradation.52 Another 
study found that ARID5A has a direct effect for the 
differentiation of naïve CD4+ T cells to inflammatory 
CD4+ T cells, especially Th 17 cells, via selective stabili-
zation of Stat3.52 However, studies on the association 
between ARID5A and B cells and their functions in can-
cers remain rare. CLEC2B, a member of the C-type lectin 
domain family 2, first called activation-induced C-type 
lectin (AICL), has been identified as a protein encoded 
by the natural killer (NK) gene complex proximal CD69, 

Figure 12 Expressions and survival curves of the five genes of the prognostic signature in PAAD. (A–E) Expressions of the five genes in PAAD and adjacent-normal tissues: 
(A) ARID5A, (B) CLEC2B, (C) MICAL1, (D) MZB, (E) RAPGEF1; (F–J) Survival analysis of the five genes: (F) ARID5A, (G) CLEC2B, (H) MICAL1, (I) MZB1, (J) RAPGEF1.
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and has a high expression level during lymphocyte activa-
tion. Recent studies have revealed that members of the 
CLEC-2 family actively participate in inflammation, 
immune response, and cell adhesion. Gao et al reported 
that CLEC2B acts as one of the genes in a 6-gene signa-
ture to predict the survival of melanoma patients. 
MICAL1, a multidomain flavoprotein monooxygenase, 
has been well documented to have a favorable effect on 
breast cancer cell proliferation by enhancing the expres-
sion of CDK4 and cyclin D through ROS-sensitive PI3K- 
AKT pathways.56 In addition, research has shown an inter-
action between MICAL1 and NEDD9 in promoting gastric 
cancer cell invasion and metastasis upon hypoxia.57 

During the differentiation of B cells into plasma cells, 
Marginal zone B- and B1-cell-specific protein (MZB1) 
can influence the secretion of IgM.58 Multiple studies 
have illustrated that MZB1 acts as an inhibitor of the 
onset of various cancers.59–61 RAPGEF1, also known as 
C3G, an exchange factor for Rap1 and Ras family, pre-
sents considerable and controversial functions in the pro-
liferation, invasion, and apoptosis of cancer cells. It acts as 
an oncogene in small cell lung carcinomas62 and has 
a protective function against squamous cervical 
carcinogenesis.63 In brief, although some studies have 
reported the association between these five genes and the 
occurrence of cancers, the concrete mechanisms of action 
of these genes, as well as their relationship with B cells in 
the onset of PAAD, remain to be further explored.

This study has some limitations. Larger specimen size, 
including clinical parameters and gene expression profiles 
of patients, were supposed to be used for data processing 
as well as final results. In addition, it would be more 
convincing if cell and animal experiments were conducted 
to verify the roles of B cells in the occurrence of PAAD 
and the relevance between these five genes and B cells 
along with cancer. Lastly, the five-gene signature related to 
B cells to predict prognosis of patients with PAAD needs 
to further explore their molecular mechanisms and clinical 
applications of this signature.

Conclusion
This is the first attempt to focus on B cell related genes in 
the TME of PAAD utilizing WGCNA and ssGSEA algo-
rithms along with TCGA and TISIDB databases. Findings 
from the present work established and verified B cells 
related five-gene signature for assessing the survival time 
of patients, also initially exploring the possibly involved 
pathways of this five-gene signature in the occurrence and 

development of PAAD. Our work provided a novel point 
to study prognostic biomarkers and targeted agents of 
PAAD.
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