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ABSTRACT

Immune system gene regulation perturbation has
been found to be a major cause of the develop-
ment of various types of cancer. Numbers of mech-
anisms contribute to gene expression regulation,
thus, systematically identification of potential regu-
lons of immune-related pathways is critical to cancer
immunotherapy. Here, we comprehensively chart the
landscape of transcription factors, microRNAs, RNA
binding proteins and long noncoding RNAs regula-
tion in 17 immune-related pathways across 33 can-
cers. The potential immunology regulons are likely
to exhibit higher expressions in immune cells, show
expression perturbations in cancer, and are signifi-
cantly correlated with immune cell infiltrations. We
also identify a panel of clinically relevant immunol-
ogy regulons across cancers. Moreover, the regu-
lon atlas of immune-related pathways helps priori-
tizing cancer-related genes (i.e. ETV7, miR-146a-5p,
ZFP36 and HCP5). We further identified two molec-
ular subtypes of glioma (cold and hot tumour phe-
notypes), which were characterized by differences
in immune cell infiltrations, expression of check-
points, and prognosis. Finally, we developed a user-
friendly resource, InmReg (http://bio-bigdata.hrbmu.
edu.cn/ImmReg/), with multiple modules to visual-
ize, browse, and download immunology regulation.
Our study provides a comprehensive landscape of
immunology regulons, which will shed light on fu-
ture development of RNA-based cancer immunother-
apies.

INTRODUCTION

Immune system dysregulation has been found to be a ma-
jor cause of the development of cancer (1,2). Immunother-
apy has been emerged as a promising cancer treatment
strategy (3). Knowledge underlying the dysregulation of
immune-related gene expression is critical for generating a
robust immunity and provides novel insights into cancer im-
munotherapy (3,4).

Numbers of mechanisms contribute to gene expression
regulation and ensure transcriptional response to external
signals (5). Important new insights have been gained in
identifying the regulators of gene expression through the
quantitative and computational analyses (5-7). Transcrip-
tion factors (TFs) are key regulators of gene expression
and several TFs have been demonstrated to play key roles
in immune regulation. For example, HIF and the hypoxia
pathway can control innate and adaptive immunity (8).
The functional roles of IRF family of TFs are becoming
clearer in immune responses and oncogenesis (9). Moreover,
STAT3 has dual role in tumor inflammation and immunity
and is a promising target for cancer therapy (10).

In addition to TFs, gene expression is found to be regu-
lated by other regulators, such as microRNAs (miRNAs),
RNA binding proteins (RBPs) and long non-coding RNAs
(IncRNAs) (11-13). MiRNAs act by negatively regulat-
ing the expression of key immune-related genes, thus con-
tributing important logic elements to the regulatory cir-
cuitry (14,15), such as miRNA-17-92 cluster (16). More-
over, several RBPs and IncRNAs were also revealed to play
fundamental roles in immune systems (17). For example,
RNA binding protein ZAP functioned as both a direct an-
tiviral restriction factor and an interferon-resolution factor
(18). One recent study has uncovered the role of YTHDF3
as a negative regulator of antiviral immunity through the
translational promotion of FOXO3 mRNA (19). Moreover,
IncRNAs NeST, NRON and LINK-A were also found to be
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critical for immune response regulation (20,21). We recently
proposed ImmLnc to identify IncRNA regulons and help
prioritize cancer-related IncRNAs (22). However, a compre-
hensive repertoire of immune regulators of immune-related
pathways is still lack.

To fill this gap, we systematically identified the poten-
tial regulons (including TFs, miRNAs, RBPs and IncR-
NAs) of immune-related pathways across 33 cancer types.
We found that immune regulons are likely to be highly ex-
pressed in immune cell populations, exhibited perturbed
expression in cancer and are correlated with immune cell
infiltration in cancer. These immune regulons help iden-
tify cancer-related genes and further identifying cancer sub-
types with distinct clinical characteristics. Comprehensive
knowledge of the complete repertoire of potential regulons
of immune-related pathways is an important prerequisite
for understanding the architecture of the regulatory net-
work under tumor microenvironment.

MATERIALS AND METHODS
Immune-related pathways

We first collected 17 immune-related pathways from the
ImmPort project (23), which were widely used in several
immune-related studies (22,24). We mapped all genes to En-
sembl IDs and obtained 1811 genes in 17 pathways.

Collection of TFs, miRNAs, RBPs and IncRNAs

The TF gene list was collected from several databases and
recent literature, including AnimalTFDB v3.0 (25), TR-
RUST v2.0 (26), Hocomoco (27), TFcheckpoint v3.0 (28),
HumanTFs (29) and Ravasi et al. (30). All TF symbols were
mapped to Ensembl ID. In total, we obtained 3178 TFs
in our analysis (Supplementary Table S1). For miRNAs,
we mapped ID to the symbol of miRBase (V22) and ob-
tained 2449 miRNAs in total. RNA binding proteins were
obtained from one of our recent study (31), which manu-
ally curated the RBPs from recently published literature.
The annotations of IncRNAs were downloaded from GEN-
CODE. Moreover, we obtained the regulator-target infor-
mation from hTFtarget (32), starBase (33), miRTarBase
(34) and LncRNA2Target (35).

Genome-wide mRNAs, IncRNAs and miRNAs expression
across cancer types

The genome-wide mRNA, IncRNAs and miRNAs expres-
sion across cancer types were obtained from the The Cancer
Genome Atlas (TCGA) (https://cancergenome.nih.gov/).
The expression profile data were downloaded via the R
package ‘TCGAbiolinks’. The fragments per kilobase of
transcript per million mapped reads (FPKM) were used to
measure the expression of mRNAs and IncRNAs. The an-
notations of IncRNAs were obtained from GENCODE and
further classified into different subtypes. The mRNAs and
IncRNAs with zero reads in all samples were excluded from
our analyses. Based on the hg38 reference genome informa-
tion from GENCODE, we obtained the expression values
of 19663 protein-coding RNAs, which contain 3178 TFs
and 1934 RBPs and 15 513 long non-coding RNAs.
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Identification of potential immunology regulons

The regulon in our study refer to a group of regulators that
can potentially regulate the immune-related pathways. To
identify immune-related regulons works in varied ways, we
modified the method ‘ImmLnc’ described in one of our pre-
vious studies (22). First, we calculated the partial corre-
lation coefficient (PCC) between the expressions of candi-
date regulons and other genes. Second, in order to apply the
method to four types of regulons with diverse functions, we
changed the thresholds for screening genes as follows: (a)
For TFs and RBPs which belong to protein coding genes,
we excluded low expression genes with 0 in >30% samples.
(b) For miRNAs, considering the lower expression level, we
excluded genes with 0 in >70% samples. (c) For IncRNAs,
we excluded genes with 90% quantile less than 0.1 or me-
dian = 0. Next, we computed for each regulon its activity in
immune pathways based on the pre-ranked gene set enrich-
ment analysis (GSEA). The P-value of GSEA was further
converted to a RES score and regulon-pathway pairs with
RES >0.995 and FDR <0.05 were selected in our analysis.

Immune cell infiltration in cancer

To explore the correlation of candidate regulons and
immune regulation, we obtained the infiltration of im-
mune cells from six data sources, including TIMER (36),
EPIC (37), MCP-counter (38), xCell, QUANTISEQ and
CIBERSORT (39-41). Here we mainly focused on B cell,
Macrophage/Monocyte, CD4 T cell, T helper, CD8 T cell,
T cell other, Endothelial, Dendritic, Treg, Granulocyte and
NK cell. We first calculated the Spearman correlation coef-
ficient (R) between the expressions of regulon and immune
cell infiltrations, separately. Based on P < 0.05 & IRl > 0.3,
we obtained the significantly correlated pairs of regulon-
immune cell for different computational methods. When an-
alyzing the correlations between immune cells and immune
regulons, we merged the regulon-immune cell pairs (union
sets) with same cell type belonging to different sources.

Prioritization of immunology regulons

Given that oncogenes induce tumor growth by influence
of immune response, we considered a regulon that was en-
riched in more immune functions may have an extensive
impact. For each regulon in one cancer, we ranked regu-
lons based on the number of potentially regulated immune-
related pathways. Furthermore, we calculated an average
rank of each regulon in all cancer types and performed ‘01’
normalization to the average ranks for four types of regu-
lons.

The known cancer-related TFs, RBPs and IncRNASs were
collected from ‘Cancer Gene Census’ (42), ‘CancerMine’
(43) and ‘Lnc2Cancer’ (44). The known disease-related
TFs and RBPs were collected from ‘DisGeNET’ (45).
The known disease-related miRNAs were integrated from
HMDD (46) and miR2Disease (47). The known disease-
related IncRNAs were collected from ‘LncRNADisease
v2.0’ (48) and ‘LncTarD’. We compared the normalized
ranks of known cancer/disease-regulons with those of other
candidate regulons by Wilcoxon rank-sum test.
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Differential expression of regulons

To perform the differential expression analysis, cancers with
more than five normal samples were analyzed. We estimated
the expression pattern of all genes between normal samples
and cancer samples. We used Fisher’s exact test and z-test
to obtain the statistical significance for the genes with 0 ex-
pressions in most samples and other genes, respectively (49).
Furthermore, we calculated the ratio of 0 expression sam-
ples and fold change, which were respectively to decipher
the differential direction.

Clinical relevance analysis of regulons

The clinical information including overall survival and state
of 33 cancer types were collected from TCGA. We applied
cox proportional hazards regression model to assess the in-
fluence power to prognosis of all genes, based on their me-
dian expression. The K—-M survival curves were generated
by the ‘ggsurvplot’ function with corresponding log-rank P
values. For the regulons with positive beta of ‘coxph’, we de-
fined them as prognosis-risky factors, and the negative ones
were prognosis-protective factors.

Subtype classification of glioma patients

Briefly, we classified samples from LGG and GBM based
on the similarity of integrated key regulons, including TFs,
RBPs and IncRNAs. We firstly filtered the regulons with
the following principle: (a) their immune regulations were
shared between cancers; (b) they were significantly corre-
lated with the infiltration of at least eight immune cells
in cancers. We then classified samples into optimal clus-
ters by referencing the expression of key regulons using the
R package ‘ConsensusClusterPlus’. The parameters were
‘maxK = 3, reps = 50, clusterAlg = pam, distance = pear-
son’.

To characterize the subtypes, we compared several clini-
cal characteristics of samples. For the immune features, we
obtained immune signatures from Takahiro et al. and calcu-
lated the ssGSEA score of samples by R package ‘ssgsea’.
In addition, we considered the expression levels of several
immune checkpoints and their ligands from CellPhoneDB
(50) and InnateDB (51). Moreover, we compared the infil-
tration of immune cells from TIMER and the stemness in-
dexes from Tathiane ez al. (52). For the clinical features, we
used the survival information with diverse therapy.

The validation dataset of glioma patients were obtained
from Chinese Glioma Genome Atlas (CGGA). We classi-
fied samples into different subtypes based on the expres-
sions of key regulons using the same methods above. The
clinical data, including mutations, recurrent and multiple
treatments were annotated by CGGA.

RESULTS
The landscape of immunology regulons across cancer types

To systematically understand the regulation of immune-
related pathways in cancer, we analyzed the genome-wide
expression of 10,363 cancer and 730 normal samples across
33 cancer types (Figure 1A). Next, we identified the poten-

tial regulons (including TF, miRNA, RBP, and IncRNAs)
for 17 immune pathways (Figure 1B) based on the ImmLnc
pipeline (22). In total, there were 382-2771 TFs, 225-1061
miRNAs, 182-1620 RBPs and 797-5627 IncRNAs regulons
identified across cancers (Figure 1C, top panel). We found
that the proportions of TF regulons (12.02-87.20%) were
higher than other regulons across cancers, suggesting that
TFs might play dominant roles in regulating gene expres-
sion. In addition, we found that there were more regulons
in testicular germ cell tumors (TGCT). This might be ex-
plained by the higher number of tissue-specific expressed
genes or IncRNAs observed in recent studies in TGCT (53—
55).

Moreover, we calculated the numbers of regulons for
immune-related pathways across cancer (Figure 1C, mid-
dle panel). We found that these pathways were potentially
regulated by various numbers of regulons. Particular, anti-
gen processing and presentation, cytokine receptors and cy-
tokines pathways were regulated by more regulons across
cancers (Figure 1C, bottom panel). On the other hand, we
investigated the components of regulons and found that
TFs in C2H2, bHLH, and homeobox families can poten-
tially regulate more immune-related pathways (Supplemen-
tary Figure SIA). For miRNA regulons, there were more
members from mir-154, let-7 and mir-8 families (Supple-
mentary Figure S1B). miR-369-3p in mir-154 family has
been demonstrated to play important roles in cell prolifera-
tion (56) and inflammatory response (57). miR-146a in mir-
146 family plays important roles in cancer development,
cell migration and invasion, as well as in innate immunity
(58). We also investigated the functions of RBP regulons
and found that they were involved in various types of func-
tions, such as RNA splicing, RNA catabolic process and
ribosome biogenesis (Supplementary Figure S1C and Ta-
ble S2). Moreover, we found that there were more IncRNA
regulons were located in intergenic regions and antisense of
protein coding genes (Supplementary Figure S1D). Taken
together, these results suggest that immune-related path-
ways were potentially regulated by various types of regu-
lons. The comprehensive regulons landscape provided valu-
able resource for understanding the immune regulation in
cancer.

Immunology regulons are likely to be dysregulated in cancer

Dysregulation of immune-related pathways has been linked
to the development of various types of cancers. We next in-
vestigated whether the expression of potential immunology
regulons were perturbed in cancer. We found that there were
hundreds of regulons exhibiting differential expressions
across cancers (Figure 2A, llog, FCI > 1 and FDR <0.001,
Supplementary Table S3). Particularly, TFs, miRNAs and
RBPs regulons were likely to exhibit higher expression in
cancer. In addition, there were more miRNAs and IncR-
NAs specifically differentially expressed in less cancers than
those of TFs and RBPs (Supplementary Figure S2A-D).
These results are consistent with the observations that non-
coding RNAs were with higher tissue specific expression
than protein coding genes. Although some regulons might
be up-regulated in some cancer types, and down-regulated
in other cancer types, we found that numbers of regulons
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Figure 1. The immunology regulons across cancer types. (A) Number of samples across 33 cancer types. The red and blue numbers imply the number of
cancer and normal samples, separately. (B) Immune-related pathways with different colors used in this study. (C) Overview of four type regulons identified
by extended ImmLnc across cancer types. The top panel showing the number of regulons enriched in immune pathways across cancers. The middle panel
showing the distribution of the number of regulons enriched in each immune pathway across cancer (log2 transformed). The bottom panel showing the

proportion of regulons enriched in each immune pathway across cancers.

exhibited consistent up-regulation or down-regulation in
more than two cancer types (Supplementary Figure S3).
When compared the proportion of differentially expressed
immunology regulons to all genes, we found that the im-
munology regulons were more likely to show expression per-
turbations than other genes (Figure 2A). For example, we
identified 605 and 1,325 immunology IncRNAs exhibited
higher or lower expressions in breast cancer; this is about
1.5-fold as high as expected proportion (P < 0.001, hyper-
geometric test). These results suggest that the immunology
regulons exhibited widespread expression perturbations in
cancer.

We next explored to what extent the potential immunol-
ogy regulons were associated with cancers. We hypothesized
that if a regulon potentially regulated more pathways and
observed in more cancer types, it is likely to be involved in
cancer. Thus, we ranked each regulon based on the num-
ber of potentially regulated pathways in each cancer (Sup-
plementary Table S4). The ranks across cancer types were
averaged and normalized to a value between 0 and 1. We
found that the cancer-/disease-related regulons (TFs, miR-
NAs and IncRNAs) have significantly higher ranks than
others (Figure 2B-E, P < 0.001, two-sided Wilcoxon’s rank-
sum test). Particularly, we analyzed the top ranked 50 TFs,
miRNAs, RBPs and IncRNAs in detail (Figure 3A and Sup-
plementary Table S5) and found that they were more likely
to regulate the cytokine/chemokine pathways and T cell

receptor (TCR) singling pathway. To systematically inves-
tigate the correlations among regulons, we further investi-
gated the co-expression of top-ranked regulons. We found
that the regulons were positively correlated with each other
in expression and the majority of correlations (96.88%) were
observed in at least two cancer types (Supplementary Fig-
ure S4). In particular, there were more correlations between
TFs and RBPs (Supplementary Figure S5). These results
suggest that different types of regulons can potentially syn-
ergistically regulate the tumor microenvironment.
Moreover, these regulons exhibited consistent higher or
lower expression across cancer types (Figure 3A). For exam-
ple, we found that ETV7 exhibited higher expression in 13
cancer types (Supplementary Figure S6A) and potentially
regulate TCR signaling pathway in several cancers (Figure
3B). Previous study has demonstrated that ETV7 particu-
larly showed a strong positive correlation with CD8 + T
cell infiltration in melanoma (59). Several studies have de-
termined singling cascades associated with miR-146a-5p,
such as toll-like receptor pathway and ErB pathway (60).
We found that miR-146a-5p can potentially regulating TCR
signaling pathways in 19 cancer types (Figure 3C) and
exhibited consistent higher expression in cancer (Supple-
mentary Figure S6B). Dynamic post-transcriptional con-
trol of RNA expression by RBPs and IncRNAs is critical
during immune response. We also identified RBP ZFP36
and IncRNA HCP5 can potentially regulate TCR signaling
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across cancers (Figure 3D-E). While ZFP36 exhibited lower
expression in 14 cancers, HCPS exhibited higher expression
in nine cancers (Supplementary Figure S6C-D). These re-
sults were consistent with previous observations that ZFP36
play important roles in regulating T-cell activation, prolif-
eration and effector functions in mouse (61). HCPS is also
a regulatory IncRNAs involved in adaptive and innate im-
mune response (62). Collectively, all these results suggest
that the immunology regulons are more likely to be dysreg-
ulated in cancer and the regulon-pathway pairs identified
in this study provide a pathway-based view to improve our
understanding of their regulatory roles in cancer.

Immunology regulons exhibit high expression in immune cells

It is reasonable to assume that the immunology regulons
have higher expression in immune cells as they play impor-
tant roles in immune regulation. We thus investigated their
expression in immune cells based on single cell sequencing
transcriptome in cancer. We first calculated the averaged ex-
pression of TFs, RBPs and IncRNAs across immune cells
in breast cancer (BC), colorectal cancer (CRC) lung cancer

(LC) and ovarian cancer (OvC). We found that the potential
immunology regulons have higher average expression lev-
els in immune cells when compared with other genes (Fig-
ure 4A-C, P-values < 0.005, two-sided Wilcoxon’s rank-
sum tests). Moreover, we particularly focused on the reg-
ulons that potentially regulate T cell receptor (TCR) or
B cell receptor (BCR) signaling pathways. We found that
these regulons were also exhibited significantly higher ex-
pression in T or B cells (Supplementary Figure STA-F), in
particular for TFs and IncRNAs. For example, BCL11B,
IKZF1, ETV7, IKZF3 and LINC00861, which potentially
regulated the TCR pathways, exhibited higher expression
in T cells across cancer types (Supplementary Figure S8).
These results suggest that the potential immunology regu-
lons have higher expression in immune cell populations.
Furthermore, it has suggested that genes whose expres-
sion is correlated with immune cell infiltration are also likely
to play critical roles in immunology. We thus estimated the
immune cell infiltration based on gene expression based on
several computational methods, such as CIBERSORT (40),
TIMER (63) and xCell (39). The associations between ex-
pression of regulons and immune cell infiltration levels were
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HCPs.

evaluated by Spearman’s rank correlation coefficient (IRl >
0.3 and P < 0.05). There were more TF and RBPs correlated
with immune cell infiltrations (Supplementary Figure S9).
We next used the Fisher’s exact test to investigate whether
the immunology regulons were likely to be associated with
immune cell infiltrations. We found that a significant higher
proportion of immunology regulons are correlated with im-
mune cell infiltrations in a majority of cancer types (Figure
4D-G and Table S6). In particular, the IncRNA regulons
(such as HCP5 and ITGB2-AS1) are more likely to be asso-
ciated with T help cells infiltration across cancer types. All
these results suggest that the potential immunology regu-
lons are likely to be associated with immune cell infiltration
in cancer, further demonstrated their roles in immunology.

Association of immunology regulons with clinical outcomes

To investigate the clinical relevance of the potential im-
munology regulons, we first identified all TFs, miRNAs,
RBPs and IncRNAs that correlated with patients’ overall
survival times across cancer types with p <0.05. We found
that hundreds of risky and protective regulons were iden-
tified across cancer types (Figure SA-D, bar plots panels,
Supplementary Table S7). Moreover, higher numbers of
risky miRNAs than protective miRNAs were identified in
cancer. For example, 451 risky and 48 protective miRNAs
were identified in lower grade glioma (LGG). Next, we cal-
culated the proportion of risky or protective immunology
regulons in cancer. We found that a significant proportion
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Figure 4. Immunology regulons exhibit higher expression in immune cell and correlated with immune cell infiltrations. (A—C) Distribution of average
expression for immunology regulons and other genes in single immune cells of BC, CRC, LC and OvC. (A) for TFs; (B) for RBPs and (C) for IncRNAs.
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of immunology regulons were likely to be correlated with
patients’ survival times across cancer types (Figure SA-D,
pie plots panels).

Next, we calculated the proportion of regulons that are
correlated with survival observed in different number of
cancers. We found that the majority of clinical associated
regulons were observed in only one cancer type (Figure SE,
solid lines). In contrast, the majority of clinical associated
immunology regulons were likely to be observed in more
than one cancer (Figure 5E, dash lines). For example, sev-
eral immunology TFs and RBPs (such as YBX1, TRIM38,
TRIM32 and CDK?2) were correlated with patients’ survival
in five cancer types. Moreover, there were three immunology
regulons (ZNF831, APOBEC3G and LINC00861) were
correlated with survival in even 11 cancers. In particular,
we identified that high expression of AEBP1 was correlated
with poor survival in LGG (Figure 5F, P < 0.0001, log-
rank test) and glioblastoma multiforme (GBM, Figure 5G,
P = 0.00099, log-rank test). AEBP1 downregulation has
been demonstrated to suppress cell proliferation and inva-
sion by inhibiting NF-kB signaling pathway (64). Another
example is PDLIM1, whose higher expression was associ-

ated with poor survival in LGG and GBM (Figure 5SH-
I, P = 0.00026 and 0.027, log-rank tests). PDLIM1 was a
novel signaling adaptor for p75 and played important roles
in glioblastoma (65). Together, these results suggest that im-
munology regulons were likely to be correlated with pa-
tients’ survival and provided candidate therapeutic strate-
gies for cancer.

Cancer subtyping based on immunology regulons

Distinct immune environment of cancer is important for im-
munotherapy. We next investigate to what extent the identi-
fied immunology regulons can be applied to molecular can-
cer subtyping. Glioma is the most prevalent type of cen-
tral nervous system malignant tumor. We thus investigated
the function of immunology regulons in LGG and GBM in
detail. First, we identified 36 regulons that potentially reg-
ulated at least one immune-related pathway and correlated
with eight immune cell infiltrations in both LGG and GBM
(Supplementary Figure S10A). We found that the expres-
sions of these regulons were significantly correlated with
each other (Supplementary Figure S10A), suggesting that
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they might play functions in a module pattern. Next, we
classified all the glioma patients (LGG and GBM) into two
subtypes based on the expression of 36 regulons (Figure 6A
and Supplementary Table S8). The patients in C1 subtype
were mainly from LGG, but C2 subtype was formed by both
LGG and GBM patients (Figure 6B). The majority of these
immunology regulons were highly expressed in C2 subtype
(Figure 6C).

Next, we compared the immune microenvironments of
patients in two subtypes. We found that C2 patients exhib-
ited higher immune cell infiltrations, such as CD4 and CDS§
T cells (Figure 6D). Moreover, the checkpoint genes exhib-
ited higher expression in C2 patients (Figure 6D). We also
evaluated the pathway activities in glioma patients by gene
set variation analysis (GSVA). We found that patients in
C2 subtype exhibited higher T cell and Treg pathway ac-
tivities (Figure 6D). However, patients in C2 subtype were
with relative lower stemness index (Figure 6E). These results
suggest that patients in C2 were likely to be ‘hot’ tumors
whereas patients in C1 tend toward a ‘cold’ tumor pheno-
type. Upon comparison of the survival rates among the two

subtypes, we found that C2 patients had poorer prognosis
than C1 patients (Figure 6F, log-rank test P < 0.0001).

To investigate whether the immunology regulons-based
classification could help clinical therapy of glioma, we in-
vestigated the survival rates in the context of clinical treat-
ment. We found that C1 patients who had received surgery
treatment exhibited the best survival (Figure 6G, log-rank
P < 0.0001). However, there were no differences in sur-
vival of C2 patients either received or not received surgery
treatments. When considering the radiation treatment, we
found that patients in C1 exhibited better survival (Fig-
ure 6H). But no differences were found between C1/C2 pa-
tients with radiation treatment or not. We next validated
these results in the Chinese Glioma Genome Atlas (CGGA)
dataset (Supplementary Table S9). We also revealed two
subtypes with distinct immune microenvironments and sur-
vival rates (Supplementary Figures S10 and S11). Taken
together, all these results suggested that the immunology
regulons identified could provide useful insights for can-
cer classification and had independent prognostic effect in
glioma.
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Figure 6. Immunology subtypes of glioma patients with distinct features. (A) The classification of glioma patients based on key regulons shared by LGG
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the sample subtypes and cancer types. (E) The Kaplan—Meier plot of glioma patients based classifications generated from consensus clustering. C2 patients
showing a significantly poorer prognosis than C1 patients. (F) Distribution of stemness indexes of samples in Cl and C2 subtypes. P-value for two-sided
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An interactive web portal for cancer immunology regulons

We developed a user-friendly data portal, ImmReg (http:
//bio-bigdata.hrbmu.edu.cn/ImmReg/), to facilitate visual-
izing, searching and browsing of immunology regulons data
by the biomedical research community (Figure 7). Several
entryways were provided for browsing and querying the
regulon-pathways, regulon-cells and regulon-cancer rela-
tionships across 33 cancer types. Users can enter different
browsing pages when click the human body map or bar
plots in the homepage (Figure 7A). Moreover, users can en-
ter querying pages to search regulon-pathway, regulon-cell

or regulon-cancer of interest from the menus of the home-
page. We provided a search section for users to query the
data based on regulons, cancer types, pathways, immune
cells or significant levels (Figure 7B).

For each browsing or querying record, we provided
the tables and diagram results for users (Figure 7C). The
gene set enrichment analysis (GSEA) diagram, scatter plot
and box plot were all embedded in each record to dis-
play the associations between immunology regulons and
immune-related pathways (Figure 7C). All the data gener-
ated in this study can be downloaded in the download page
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(Figure 7D-E) and figures of results can be downloaded as
PNG file. The help page includes an introduction and inter-
pretation guidance for this resource. The detail interpreta-
tion of each section was provided in Supplementary Figure
S12. This web portal is a valuable resource and will be of
great interest to the cancer immune community, which will
provide novel insights into cancer immunotherapy.

DISCUSSION

Increasing numbers of immunology regulons are being
identified in cancer. However, only a few candidates have
been investigated. In the present study, we systematically
identified the potential immunology regulons (including
TFs, miRNAs, RBPs and IncRNASs) across cancer types
based on ImmLnc method (22). Notably, there were hun-
dreds of regulons that potentially regulate immune-related
pathways in each cancer type. Moreover, we found that

immune-related regulons are likely to show expression per-
turbations in cancer, exhibit higher expression in immune
cells and their expression levels are significantly correlated
with immune cell infiltrations. We believe these results and
datasets allow us to comprehensive understand the poten-
tial immunology roles of regulons in cancer.

In addition to the transcriptional regulators, emerging ev-
idence has demonstrated that cancer immunology is com-
plicated in post-translational modifications (PTM) (66,67).
We thus applied the ImmLnc pipeline to identify the protein
kinase and protein phosphorylation enzymes that can po-
tentially regulating the expression of immune-related genes.
We first downloaded the protein kinase and phosphoryla-
tion enzymes from iEKPD database (68). Based on the com-
putational pipeline, we identified numbers of protein kinase
and protein phosphorylation enzymes can potentially regu-
late the immune-related pathways across cancer types (Sup-
plementary Figure S13). In particular, the antigen process-
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ing and presentation, cytokine receptors and cytokines were
regulated by more post-translational regulators. The iden-
tified PTM-related regulons provided ideal candidates for
cancer therapy. Indeed, we found that approximate 60% of
protein kinase regulons can be targeted by at least one drug
in DrugBank (Supplementary Figure S13 and Table S10).

Previous studies suggest that biomarkers always exhib-
ited tissue-specific expression patterns. Thus, we investi-
gated the expression of immunology regulons based on pub-
lic single cell sequencing datasets (69). We found that the av-
erage expressions of immunology regulons are significantly
higher that other genes, suggesting that immunology reg-
ulons exhibited higher expression in immune cells. Partic-
ularly, the regulons that potentially regulated T or B cell
signaling pathways also exhibited higher expression in T or
B cells (Supplementary Figures S7 and S8). These finding
strongly suggested their critical roles in immunology reg-
ulation. Moreover, the current pipeline is applied to bulk
RNA-seq data in various cancer types. Emerging single cell
sequencing data as well as computational methods for es-
timate the immune cell infiltrations, such as ImmCellAI
(70), have increased our understanding of immune regula-
tion in cancer (71). We posited that integration of single
cell sequencing data and the ImmLnc pipeline will promote
our understanding of tumoral genetic heterogeneity and im-
mune regulation.

ImmLnc is a model-free method for identifying immune
regulons in cancer. Although numbers of machine-learning
methods have been proposed to identify genes in cancer
(72), it is difficult to use in immune regulation. Because there
were limited numbers of experimentally validated immune
regulons reported in literature. To preliminarily validate the
results obtained with ImmLnc, we explored whether the
regulons—pathway pairs could be reproduced with differ-
ent datasets of the same cancer type. We found the iden-
tified regulons—pathway pairs were significantly overlapped
(Supplementary Figure S14), suggesting the pipeline is ro-
bust. We preliminarily identified the potential regulons for
further experimental validation; it is a critical step to iden-
tify the targets of these regulons. Here, we used the ex-
pression correlated genes rather than direct targets because
numbers of the regulons were with unknown targets. In ad-
dition, we obtained the regulator-target information from
hTFtarget, starBase, miRTarBase and LncRNA2Target.
We found that there were approximate 45% of predicted im-
munology regulon-pathway pairs with leading edge genes
were enriched in predicted targets, which were significantly
higher than other regulon-pathway pairs (Supplementary
Figure S15). These results suggest that the correlation-
based method might identify more candidate immune reg-
ulons for further functional validation. The leading edge
genes identified here can also help predicting the targets of
regulons. Increasing biotechnology has been proposed to
identify the targets of TFs, RBPs, miRNAs or IncRNAs.
For example, ChIP-Seq and CLIP-Seq were widely used for
investigating the TF and RBP targets. However, the TF or
RBP regulation is context specific; determining the specific
targets in cancer context remains a challenge. Moreover,
IncRNAs can exert their functions in many potential ways,
capturing their targets is difficult. Here, we identified genes
that are correlated with the expression of regulons and fur-
ther investigated the enrichment in immune pathways. With

the development of high throughput sequencing methods,
we will be able to identify the context-specific targets of im-
munology regulons and further improve our understanding
of their functions.

Moreover, we found the immunology regulons helps pri-
oritizing cancer-related biomarkers and cancer subtyping.
Based on the expression of immunology regulons, we identi-
fied two subtypes of glioma. Patients in C1 and C2 subtypes
were with distinct clinical features (Figure 6). The compo-
sition of immune cells in tumor microenvironment is also
known to affect patient prognosis (73). In this study, higher
infiltration of T cells, macrophage and dendritic cells was
identified in C2 subtype. It is apparent that patients in C2
subtype tend toward a ‘hot” tumor phenotype, suggesting
likely sensitive to immunotherapy. However, patients in C2
were with poor survival. These results are consistent with
one of recent studies that demonstrating that glioma pa-
tients with higher immune infiltrations were with high risk
scores (74). C2 patients were with higher immune cell infil-
trations and were likely to be with inflammation microen-
vironments. The majority of C1 patients were at the pri-
mary grades (LGGQG) of tumors. Moreover, we further di-
vided the patients into four groups considering the grades
and immune subtypes. We found LGG-hot patients tend to
have moderate CDS8 T cell infiltration, EMT scores, cell cy-
cle scores and hypoxia scores (Supplementary Figure S16).
These results suggest that LGG-hot patients were likely to
be the transitional subtypes from LGG to GBM. Together,
these results suggested that the model based on expression
of immunology regulons can be applied to predict survival
outcome and immunotherapy response.

In summary, our study highlights the functional and reg-
ulatory roles of TF, miRNAs, RBPs and IncRNAs in im-
munology regulation. It is important to understand the
function of immunology regulons in cancer. Identifica-
tion of the potential regulons provided the first step for
immunotherapy. Continued investigation of the immunol-
ogy regulons identified here will greatly promote our un-
derstanding of the mechanism of cancer and better im-
munotherapies.
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