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Selective poly adenylation predicts the efficacy of
immunotherapy in patients with lung adenocarcinoma by

multiple omics research

Liusheng Wu*®", Yanfeng Zhong®. Xiaoya Yu®, Dingwang Wu®,
Pengcheng Xu®, Le Lv®, Xin Ruan®®, Qi Liu®, Yu Fengb, Jixian Liu®

and Xiaogiang Li*°

The aim of this study was to find the application value

of selective polyadenylation in immune cell infiltration,
biological transcription function and risk assessment of
survival and prognosis in lung adenocarcinoma (LUAD).
The processed original mMRNA expression data of LUAD
were downloaded, and the expression profiles of 594
patient samples were collected. The (APA) events in
TCGA-NA-SEQ data were evaluated by polyadenylation
site use Index (PDUI) values, and the invasion of stromal
cells and immune cells and tumor purity were calculated
to group and select the differential genes. Lasso
regression and stratified analysis were used to examine
the role of risk scores in predicting patient outcomes.
The study also used the GDSC database to predict the
chemotherapeutic sensitivity of each tumor sample and
used a regression method to obtain an IC50 estimate
for each specific chemotherapeutic drug treatment. Then
CIBERSORT algorithm was used to conduct Spearman
correlation analysis, immune regulatory factor analysis
and TIDE immune system function analysis for gene
expression level and immune cell content. Finally, the
Kaplan—-Meier curve was used to analyze the correlation
between stromal score and the immune score of LUAD. In
this study, APA’s LUAD risk score prognostic model was
constructed. KM survival analysis showed that immune
score affected the prognosis of LUAD patients (P=0.027)
but the matrix score was not statistically significant
(P=0.1). We extracted 108 genes with APA events from
827 different genes and based on PUDI clustering and
heat map, the survival rate of patients in the four groups

Introduction

Lung cancer remains the world’s leading cause of death.
About 85% of lung cancers are nonsmall cell lung cancers,
which can be further divided into three subtypes: large
cell carcinoma, squamous cell carcinoma and lung ade-
nocarcinoma (LUAD) [1]. LUAD is the most common
histological subtype in most countries, as a result of the
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was significantly different (P=0.05). Multiple omics
studies showed that risk score was significantly positively
correlated with Macrophages MO, T cells Follicular helper,
B cells naive and NK cells resting. It is significantly
negatively correlated with dendritic cells resting, mast
cells resting, monocyte, T cells CD4 memory resting and
B cells memory. We further explored the relationship
between the expression of immunosuppressor genes
and risk score and found that ADORA2A, BTLA, CD160,
CD244, CD274, CD96, CSF1R and CTLA4 genes were
highly correlated with the risk score. Selective poly
adenylation plays an important role in the development
and progression of LUAD, immune invasion, tumor cell
invasion and metastasis and biological transcription,

and affects the survival and prognosis of LUAD patients.
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Author(s). Published by Wolters Kluwer Health, Inc.
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increased number of nonsmokers [2]. The current treat-
ment of LUAD includes surgical resection, radiotherapy
and chemotherapy, and great progress has been made.
However, tumor recurrence and drug resistance are still
inevitable [3]. Therefore, there is an urgent need to identify
new biomarkers to help elucidate the pathological mech-
anisms of LUAD and develop therapeutic strategies for
treating LUAD. The tumor microenvironment (TME) has
attracted more and more attention as a potential therapeu-
tic target for LUAD [4]. Various studies have demonstrated
the relationship between LUAD and TME, suggesting
that a better understanding of TME research can promote
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the progress of immunotherapy for LUAD. TME gener-
ally consists of a variety of cell types, including immune
cells, extracellular matrix and stromal cells. Several algo-
rithms have been developed to estimate stromal and
immune cells in malignant tumor tissues using estimate
and TIMER algorithms to estimate the abundance of
invasive immune cells and predict tumor purity based on
gene expression profiles [5]. Several studies have investi-
gated the role of immune infiltration in different types of
cancer, such as glioblastoma, breast cancer and melanoma.
Identification of immune-related genes can also provide a
better understanding of the LUAD microenvironment [6].

Selective polyadenylation is an important step in mRNA
maturation. Alternative polyadenylation (APA) is highly
present in more than 70% of human genes and is involved in
a variety of biological processes, such as cell differentiation
and proliferation and immune responses [7]. APA events
have a strong ability to predict clinical outcomes in a vari-
ety of cancers, indicating their potential as new prognostic
biomarkers [8]. APA events are also involved in reshaping
cellular pathways and regulating specific gene expression
in many cancers, providing new insights into the pathologic
mechanisms of cancer development. However, the role of
APA events in LUAD has not been fully elucidated [9].

In this study, we applied the estimated estimate algorithm
to calculate matrix and immune scores and to determine
the prognostic IRG of LUAD in the TCGA-LUAD dataset.
Further, we investigated the role of APA events in IRG in
RNA expression and clinical prognosis. Risk characteristics
were constructed based on IRG expressions with APA events
to identify the prognostic and predictive value of risk scores.
CIBERSORT algorithm was used to evaluate the immune
invasion of LUAD, and the relationship between risk score
and immune invasion was also discussed [10]. In addition, we
found that risk stratification can predict the efficacy of immu-
notherapy and provide reference for the treatment of LUAD.

Materials

Data acquisition

TCGA database (https://portal.gdc.cancer.gl.UADY/) is the
biggest cancer gene information database, including gene
expression data, miRNA expression data and copy num-
ber variation, DNA methylation, SNPs and other data.
We downloaded the processed original mRNA expression
data of LUAD, including 594 patient sample data expres-
sion profiles. Series Matrix File of GSE37745 was down-
loaded from NCBI GEO public database, annotated on the
GPL570 platform, and data of 106 LUAD patients with
complete expression profiles and survival information were
downloaded. APA events in TCGA-RNA-SEQ data were
evaluated by polyadenylation site use Index (PDUI) val-
ues. PDUI values represent the frequency of APA events
(on a scale of 0-1), where the larger the PDUI, the farther
the polyadenylation site using the transcript, and vice versa.
PDUI values for all genes per patient in the TCGA-LLUAD
dataset were downloaded from T'C3A (http://tc3a.org/).

Differential gene expression map

The R package ‘Estimate’ was used to calculate stromal
and immune cell invasion and tumor purity. All patients
according to immune score and score matrix group respec-
tively, divided into the high/low immune group and high/
low matrix, and then, using ‘limma’ package | analysis of
two groups of patients who were differentially expressed
logFC | > 1 & adj. P<0.05).

GO and KEGG function analysis

R package ‘ClusterProfliter’ was used for functional anno-
tation of differential genes to comprehensively explore
the functional correlation of these differential genes.
Then “GOSemSim” was used to cluster the enriched
pathways, and the semantic similarity between GO terms
was calculated to draw the enrichment analysis results.

Model construction and prognosis

Differential genes were selected and lasso regression was
used to construct prognostic correlation models. After
incorporating expression values for each specific gene, a
risk score formula was constructed for each patient and
weighted with its estimated regression coefficients in
lasso regression analysis. According to the risk scoring for-
mula, patients were divided into a low-risk group and a
high-risk group with the median risk scoring value as the
cutoff point. Kaplan-Meier was used to evaluate survival
differences between the two groups, and the log-rank
statistical method was used for comparison. L.asso regres-
sion and stratified analysis were used to examine the role
of risk scores in predicting patient outcomes. ROC curve
was used to study the accuracy of the model prediction.

Drug sensitivity analysis

Genomics database based on the largest drug (GDSC can-
cer drugs sensitivity genomics database, https://www.can-
cerrxgene.org/), we use R software package ‘pRRophetic’ to
predict chemotherapy sensitivity of each tumor samples; the
IC50 estimates for each specific chemotherapeutic agent
were obtained using a regression method, and the regres-
sion and prediction accuracy were tested using 10 cross-val-
idation tests using the GDSC training set. Default values
were selected for all parameters, including ‘combat’ for
batch removal and the average of duplicate gene expression.

Immune cell infiltration analysis

CIBERSORT algorithm was used to analyze RNA-SEQ
data of LUAD patients in different subgroups to infer
the relative proportion of 22 immune infiltrating cells,
and spearman correlation analysis was performed on gene
expression and immune cell content. P<0.05 was consid-
ered statistically significant.

GSEA enrichment analysis

Gene set enrichment analysis (GSEA) was performed on
the expression profile of LUAD patients (GSEA; http://
www.broadinstitute.org/gsea) to determine the high risk
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and low risk of differentially expressed genes between
the group of patients. The genes were ordered by their
degree of differential expression in the two types of sam-
ples and then tested to see whether the set of genes was
enriched at the top or bottom of the sequence. In this
study, GSEA was used to compare the difference in sig-
nal pathways between the high-risk group and the low-
risk group, to explore the possible molecular mechanism
of the difference in prognosis between the two groups, in
which the number of replacements was set to 1000, and
the replacement type was set to phenotype.

TISIDB analysis

TISIDB is an online site for tumor and immune system
interactions that integrates multiple heterogeneous data
types. The data were combined into 10 categories of infor-
mation for each gene. TISIDB integrates data from multiple
databases (TCGA, UniProt, GO and DrugBank, etc.) and isa
valuable resource for cancer immunology research and treat-
ment. This is used to study the interaction between tumor

and immune system genes data are downloaded from the
TISIDB website (http://cis.hku.hk/TISIDB/index.php).

Regulatory network analysis of key genes

The cukaryotic transcription initiation process is very
complex, and often requires the assistance of a variety of
protein factors, transcription factors and RNA polymerase
i1 form a transcription initiation complex, together partici-
pate in the process of transcription initiation. According to
the functional characteristics of transcription factors can
be divided into two types; the first is the universal tran-
scription factor, which, together with RNA polymerase ii,
forms a transcription initiation complex so that transcrip-
tion can begin at the correct location. Cis-acting elements
exist in peripheral sequences that can affect gene expres-
sion. Cis-acting elements include promoters, enhancers,
regulatory sequences and inducible elements, which par-
ticipate in the regulation of gene expression. Cis-acting
elements themselves do not encode any protein, but only
provide a site of action to interact with trans-acting fac-
tors. This analysis is mainly performed through R package
cisTarget, where we use rcistarget.hgl9.motifdb.cisb-
Pond.500bp for the gene-Motif rankings database.

Statistical methods

Survival curves were generated by Kaplan-Meier method
and compared by the log-rank method. Cox proportional
risk model was used for multivariate analysis. All statisti-
cal analyses were performed using the R language (ver-
sion 3.6). All statistical tests were bilateral, and P<0.05
was statistically significant.

Results

Lung adenocarcinoma matrix and immune score and
prognosis

We downloaded the raw mRNA expression data (FPKM)
of LUAD processed from the TCGA database and

calculated the patient’s stroma score and immune score
using the ‘Estimate’ package after removing the normal
sample. The stromascore ranged from -1783.99t02107.56.
Immunity scores ranged from -936.19 to 3453.01; LUAD
patients were divided into low group and high group
according to median values of matrix score and immune
score. KM survival analysis showed that immune scores
influenced the prognosis of LUAD patients. In this study,
according to matrix score and immune score, the infiltra-
tion of stromal cells and immune cells showed that the
TLRS8 gene ranked first in the heat map of differential
expression of stromal cells, but ranked third in the heat
map of differential expression of immune cells, showing
certain differences between the two genes (Fig. 1a and
b). The volcanic map of matrix score and immune score
indicated that the upregulated mutation genes accounted
for the majority, whereas the downregulated genes were
few. LRRC38 and I'TLLN1 were significantly upregulated
in matrix score, 'TLLN1 was significantly upregulated in
immune score and DKK4 was significantly down-regu-
lated in both of them (Fig. 1c¢,d). Kaplan-Meier curve
showed that stromal cell score had no significant dif-
ference in 5-year survival rate of LUAD (P=0.1), but
immune cell score had significant difference in 5-year
survival rate of LUAD (P=0.027) (Fig. le,f).

Explore the expression and pathway enrichment of
differential genes

We by ‘limma’ bag of two groups of patients with var-
iance analysis, gene screening conditions for | logFC |
>1 & adj. P<0.05, the difference matrix group identified
2046 genes, there are 1800 genes, 370 genes; A total of
1635 differential genes were identified by immunolog-
ical grouping, of which 1270 genes were up-=regulated
and 365 genes were down-regulated(Fig. 2a). We con-
ducted an enrichment analysis of 827 differential genes
with the intersection, and the results showed that differ-
ential genes were mainly enriched in adaptive immune
response, immunoglobulin complex, lymphocyte acti-
vation and hematopoietic cell (Fig. 2b). On lineage and
other pathways, cytoscape software was used to conduct
protein interaction network analysis for intersecting dif-
ferential genes (note: The heat map randomly showed
the expression of 20 differential genes)(Fig. 2¢).

Alternative polyadenylation events in differential genes
'To investigate the role of APA events in LUAD prog-
nosis, we extracted APA event data from The TCGA-
LUAD dataset from The Cancer 3 ‘UTR Atlas (TC3A)
database. The frequency of APA events is expressed as
a percentage of the remote PDUI, which is based on the
DaPars algorithm. The PDUI value represents the fre-
quency of APA events, ranging from 0 to 1. The larger the
PDUI, the farther the polyadenylation site of the tran-
script, and vice versa. We extracted 108 genes with APA
events from 827 different genes and made cluster heat
maps (clustering according to the PUDI value of each
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Fig. 2
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sample) (Fig. 2d). KM survival analysis showed that the
survival rates of patients in the four groups were signifi-
cantly different. To remove the multicollinearity of vari-
ables, we calculated the variance inflation factor (VIF) of
108 genes and selected 96 genes with VIF<10 for model
construction (Fig. 2e).

Prognostic genes were obtained and prognostic
models were constructed

To further identify the key genes in the differential
gene concentration, clinical information of LUAD
patients was collected. Cox univariate regression and
Lasso regression feature selection algorithm were
used to screen out the characteristic genes in LUAD
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(Fig. 3a). The results showed that a total of eight prog-
nostic genes were screened by Cox univariate regres-
sion (P value <0.05) (Fig. 3b). TCGA patients were
randomly divided into training set and validation set
in a ratio of 4:1. The best riskScore (Risk Score=BT
Kx(-0.26524) + FCN1 x (-0.13769) + MS4A7 x (-0.073
42)+ HLA_DQA1x (-0.03788) after Lasso regression
analysis + LTF x (-0.02093) + TESC x 0.02685 + S100P x
0.08172 + LAIR1x0.29365) for subsequent analysis(-
Fig. 3¢).Patients were divided into high-risk and low-risk
groups based on median risk scores and Kaplan-Meier
curve analysis was used. The OS of the high-risk group
in the training set and test set was significantly lower
than that of the low-risk group. In addition, ROC curve
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Fig. 2 (Continued)
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results showed that both the training set and the test set
had good validation efficiency (Fig. 3d,e).

Multi-omics study to explore the clinical predictive
value of the model

The tumor microenvironment is mainly composed of
tumor-associated fibroblasts, immune cells, extracellular
matrix, a variety of growth factors, inflammatory factors,
special physical and chemical characteristics and cancer

cells themselves, etc. the tumor microenvironment sig-
nificantly affects tumor diagnosis, survival outcome and
clinical treatment sensitivity. The relationship between
risk score and tumor immune invasion was analyzed to
further explore the potential molecular mechanism of
risk score influencing the progression of LUAD. The
results showed that risk score was significantly positively
correlated with Macrophages MO, T cells follicular helper,
B cells naive and NK cells resting. It is significantly
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negatively correlated with dendritic cells resting, mast
cells resting, monocyte, T cells CD4 memory resting and
B cells memory(Fig. 4c-f). In addition, we explored cor-
relations between risk score and matrix score, immune
score, composite score, immune checkpoint and inflam-
matory cytokines (Fig. 4g). The results showed that risk
score was significantly negatively correlated with matrix
score, immunity score and overall score. In addition, risk
scores were negatively correlated with immune check-
points and inflammatory cytokine expression. The effect

of operation combined with chemotherapy on ecarly
LUAD is clear. Based on the drug sensitivity data from
the GDSC database, we used R package ‘pRRophetic’ to
predict the chemotherapy sensitivity of each tumor sam-
ple and further explored the risk score and the sensitivity
of common chemotherapy drugs. The results showed that
risk score significantly affected the sensitivity of patients
to metformin, mitomycine C and gefitinib (Fig. 5b). We
further analyzed the genetic mutations of patients in the
high and low-risk groups, and the results were presented
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Fig. 5 (Continued)
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in the form of mutation maps(Fig. 5d). We also found
that the tumor mutation load was significant between the
high and low-risk groups(Fig. 5¢).

Study on specific signal mechanism related to
prognosis model

We study the specific signaling pathways involved in the
high-low risk correlation model and explore the poten-
tial molecular mechanisms by which risk score influences

tumor progression. Finally, we found significant enrich-
ment in many related pathways through GSEA analysis.
For example, GOBP LYMPHOCYTE ACTIVATION
INVOLVED IN IMMUNE RESPONSE, GOMF
IMMUNE RECEPTOR ACTIVITY and KEGG
CELL ADHESION MOLECULES CAMS, KEGG
HEMATOPOIETIC CELL LINEAGE. Some of these
highly significant pathways were shown separately
(Fig. 6a). These results suggest that the disturbance
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of these signaling pathways in patients with high and
low-risk groups affects the prognosis of patients with
LUAD(Fig. 6b).

External data sets validated the robustness of the
prognostic model

In this study, the data of LUAD patients with survival
data processed in the GEO database (GSE37745) were
downloaded, and the clinical classification of LUAD
patients in the GEO database was predicted according
to the model. The survival difference between the two
groups was evaluated by Kaplan-Meier to explore the
stability of the prediction model. The results showed
that the OS of the high-risk group of the GEO external
validation set was significantly lower than that of the low-
risk group (Fig. 6¢). To verify the accuracy of the model,
we used external data sets to perform the ROC curve
analysis on the model, and the results showed that the
model had a strong predictive efficacy for patient progno-
sis prediction(Fig. 6d).

Immunoregulatory factor analysis and TIDE immune
system function analysis

We further analyzed the interaction between tumor and
immune system with the help of the website TISIDB and
found that the differences of genes related to immune
regulation and chemokines between the high and low-
risk groups (Fig. 6¢). We further explored the relation-
ship between the expression of immunosuppressor genes
and risk score (Fig. 7a). Correlation analysis showed that
multiple genes such as ADORAZA, BTLA, CD160,
CD244, CD274, CD96, CSF1R and CTLA4 were highly
correlated with risk score (Fig. 7b).

Risk analysis, independent prognostic analysis and
correlation analysis of several clinical indicators
According to the median value of riskScore, the samples
were divided into high-risk and low-risk groups, and the
results of regression analysis were presented in the form
of a column plot. The results of logistic regression anal-
ysis showed that in all of our samples, the distribution of
different clinical indicators of LUAD and riskScore con-
tributed to the whole scoring process to varying degrees.
The distribution of riskScore values contributed to the
scoring process in each period of cancer (Fig. 7c,d). At the
same time, we also conducted a forecast analysis on OS
situation in 3years and 5years(Fig. 8a). Multivariate anal-
ysis showed that RiskScore and stage were independent
prognostic factors for LUAD patients (Fig. 8b). According
to the size of the clinical index values, we divided the
riskScore values corresponding to the samples into differ-
ent groups, and showed the results of grouping each clin-
ical index in the form of a violin diagram. Furthermore,
kruskal.test showed that the distribution of RiskScore
values in fuSTAT, GENDER, T, M, N and other clinical
indicators was significant (P<0.05) (Fig. 8c-f).

The prognostic model correlated with tumor stage
Subsequently, we discussed the significance of the prog-
nostic model in various stages of LUAD. The survival
analysis results of KM subgroup showed that the model
could predict the survival of patients with different
stages, " stages and MO, NO/N1 Stage, suggesting that
the prognostic model had good applicability (Fig. 9a).

Model gene transcriptional regulatory network

We applied eight model genes to the gene set for this
analysis and found that they are regulated by common
mechanisms, such as multiple transcription factors.
Therefore, the accumulative recovery curve of these
transcription factors utilization was analyzed for enrich-
ment (Fig. 9b). Motif-tf annotation, and selection of
important genes. The analysis results showed that tran-
scription factor NFATS was the main regulator of gene
concentration. MOTTF annotation was cisbp-M6366. A
total of 2 model genes were enriched in this motif. The
standardized enrichment score (NES) was 6.02. All the
motifs and corresponding transcription factors enriched
in the modeled genes were presented (Fig. 9c.).

Discussion

Lung cancer is one of the leading causes of tumor-related
death. LUAD is the most common histological type of
lung cancer, accounting for 40%, posing a great threat to
human health [11-13]. In recent years, due to the rapid
development of immunosuppressive therapy, the prog-
nosis of patients with LUAD has been greatly improved
[14]. However, only about one-third of patients with can-
cer receive a stable response from immunotherapy [15].
Therefore, how to predict the effect of immunotherapy
has become a focus of clinical attention. A single bio-
marker can no longer meet the needs of practical applica-
tion. The scoring system formed by integrating multiple
data types is attracting more and more attention [16].
Tumor stem cells are a group of highly heterogeneous
tumor cells in different states of differentiation. Although
tumor stem cells are a small cell population in tumor tis-
sue, they affect the efficacy of free treatment for cancer
patients. Tumor stem cells can induce the production of
more immunosuppressive M2 macrophages, and tumor
stem cells can directly impair the activity of cytotoxic T
cells to suppress the immune response [17]. In addition,
cancer stem cells also play an important role in the devel-
opment of cancer vaccines [18-20]. Therefore, tumor
stem cells may be used as predictors of the therapeutic
efficacy of immune checkpoint inhibition.

In this study, 106 differentially expressed tumor stem
cell-related genes in LUAD and paracancer tissues were
identified and their copy numbers were significantly
changed in LUAD samples [21-25]. This may be one of
the important reasons for the change of its expression in
the tumor. The results of univariate Cox regression analy-
sis showed that eight genes had a significant influence on
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the prognosis of LUAD, and there was a complex expres-
sion correlation network among the eight differentially
expressed genes [26], suggesting that these genes may
be closely related to the degree of tumor stem cell inva-
sion. Our results showed that risk score was significantly
positively correlated with Macrophages MO0, 'T" cells folli-
cular helper, B cells naive and NK cells resting [27-29]. It
is significantly negatively correlated with dendritic cells
resting, mast cells resting, monocyte, T cells CD4 mem-
ory resting and B cells memory. Our study was based on
drug sensitivity data from the GDSC database to further
explore the risk score and sensitivity to common chem-
otherapeutic agents [30]. We found that risk score signif-
icantly affected the sensitivity of patients to metformin,
mitomycine C and gefitinib.

Tumor dry scoring system for the treatment of immune
checkpoint inhibition effect evaluation in a number
of independent immunotherapy in the queue is good
forecast results were obtained and compared with the
existing immunotherapy predictor (such as the expres-
sion of immune checkpoints, immune cell infiltration
phenotype and cytotoxicity score, antigen presented,
et al.) to present a consistent correlation [31-33].

Therefore, the matrix score and the immune score
are expected to be a new predictors of the efficacy of
immunotherapy [34]. Although this study reveals the
predictive value of the matrix score and immune score
system for immune checkpoint inhibition treatment
to some extent, there are still some deficiencies in
the research. First, this study is based on the mRNA
expression data of TCGA and GEO, which has obvious
racial specificity, and whether it can be applied to other
races remains to be further verified [35]. Second, the
sample size of the immunotherapy validation cohort of
immune checkpoint inhibition therapy is small, so the
immunotherapy cohort with a larger sample size is still
needed for validation [36].

In summary, eight model genes were used in the gene
set for this analysis, and it was found that they were reg-
ulated by multiple transcription factors and other com-
mon mechanisms [37-39]. Transcription factor NFATS
was the main regulator of gene concentration, and there
was statistical significance in the difference of sur-
vival prognosis and immune cell infiltration in LUAD
(P<0.05). This study also constructed a matrix score
and immune score model, which has potential value
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in predicting the efficacy of immunocheckpoint inhi-
bition therapy in patients with LUAD [40]. Therefore,
research of APA is expected to provide a theoretical
basis for immune checkpoint inhibition therapy in
LLUAD patients, but more multicenter sample sizes are
needed for further experimental verification.
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