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Abstract
Background: Unfolded protein response (UPR) pathway has attracted increasing attention in the last few
years for its close relation to cancer process like proliferation and drug resistance. However, few studies
reported its prognostic effect in gastric cancer (GC). The purpose of this study is to identify the UPR
expression in gastric cancer and construct a prognostic gene signature for clinical practice.
Method: TCGA-STAD (gastric cancer cohort) was set as the training group and GSE84437 for validation.
GSVA and GSEA was performed to identify the high expressed pathway in patients with gastric tumor.
Following that, cox proportional hazard regression was adopted to screen genes correlated with survival
in UPR path. Then, risk score for each patients was computed (FKBP14 value * (0.267719774) + TUBB2A
value * (0.193233442) + SLC1A4 value * (-0.246893982) + SEC11A value * (0.484354542) + IFIT1 value *
(0.152379968) + IGFBP1 value * (0.127045661)) and survival analysis was conducted between patients
in high and low risk group according to their median risk score. A nomogram was built accordingly to
guide clinical practice.
Result: The UPR path was identified as the most highly expressed hallmark in GC with β of 32.98. A 6
genes prognostic signature was constructed according to the Cox regression and survival analysis
obtained significant result where patients in low risk group showed longer OS (overall survival). The
signature demonstrated an independent prognostic effect cox regression with a HR of 1.8. The external
GSE84437 data proved the nomogram performed well in predicting 5 years OS.
Conclusion: Our study identified that UPR pathway was highly activated in GC and a UPR related 6 genes
prognostic signature demonstrated good performance. The 6 UPR related genes may serve as reliable
prognostic biomarkers and potential therapeutic targets for GC treatment.

1 Background

1.1 Gastric cancer
Despite much advances in immunotherapy and chemotherapy for GC (gastric cancer) in recent years, it
remains the fourth most common malignant disease worldwide.[1] What is noteworthy is that the
distribution of GC varies significantly: Asia accounts for about 70% cases.[2] Among the East Asian
countries, China occupies a big part, contributing around 40% every year.[3] Unfortunately, GC has a
extremely high mortality rate in China, partly due to the low rate of early diagnosis.[4]
Multiple causes are acting on the carcinogenesis of GC: the Helicobacter pylori infection [5] which induce
chronic inflammation and molecular events generating malignant transformation [6], the Epstein-Barr
virus (EBV) which alter a set of key genes to signal transduction [7], etc. Gastric adenocarcinoma (GAC),
the most common type of GC, containing four phenotypes of intestinal, diffuse and mixed one according
to the Lauren classification.[8] Recently, understanding of molecular subtypes of GC deepened along with
the construction of Cancer Genome Atlas (TCGA) [9] and a small part of patients acquired better survival
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outcome due to the usage of immune checkpoint inhibitors or other target drugs where related studies
have achieved encouraging therapeutic effects.[10] But surgical procedure, chemotherapy and
radiotherapy followed by guideline and staging system remains the main approach for GC clinical
practice.[2] So a precise predictive tool for prognosis and clinical practice of GC is still hot and needed.

1.2 Unfolded protein response and gastric cancer.
The endoplasmic reticulum works as a major compartment to fold and transport proteins where
synthesis of above one third proteome occurs.[11] UPR (unfolded protein response) is a key pathway in
endoplasmic reticulum which is responsible for protein folding and clearance of unfolded protein through
autophagy and degradation to maintain ‘proteostasis’.[12]
UPR has attracted increasing attention in the last few years for its close relation to cancer process like
proliferation and drug resistance, etc.[13] For example, elevated protein synthesis which results in UPR
overreaction has been associated with resistance to chemotherapy.[14] Accumulation of unfolded protein
generated in cancer cell with endoplasmic reticulum stress is a known cause of multiple malignant
tumors including GC.[15] To be more specific, while some UPR genes including GRP78, GRP94 and ERp19
have been identified as biomarker for poor overall survival, advanced clinicopathological features and
drug resistance in GC [16–18], others like ERp29, ERp57 and EMC6, etc have been demonstrated to inhibit
GC growth in several ways such as inducing apoptosis and cell cycle arrest.[19–21] So there are still a lot
unclear mechanisms between UPR and GC which needs further research.
In this study, we identified that UPR is highly activated in GC patients and a 6 gene signature related to
UPR pathway was constructed and validated to predict the overall survival of GC patients.

2 Materials And Methods

2.1 Data acquisition and procession
Gastric cancer cohort GSE84437 [22] including microarray and clinical data was obtained from GEO [23]
with R package GEOquery.[24] Likewise, RNA-seq data of FPKM type and clinical information for TCGASTAD cohorts were acquired from GDC Data Portal (https://gdc-portal.nci.nih.gov/) .[25] The 50 hallmark
of cancers gene sets and the ‘UNFOLDED_PROTEIN_RESPONSE’ gene list including 113 genes were
obtained from the Gene Set Enrichment Analysis (GSEA) database (http://softw are.broad
institute.org/gsea/index.jsp). Data were processed by perl script and R 3.6.2 software. The TCGA-STAD
data set were set as the training group to construct prognostic gene signature and GSE84437 cohort were
used for validation, patients with incomplete prognostic data deleted during analysis. The fpkm value of
TCGA-STAD can be used directly while microarray data of GSE84437 were processed with log2 (x + 1)
transformation and normalization by scale function to eliminate batch effect and filter extreme value. For
annotation, the average expression of same genes were calculated and gene symbol were annotated via
annotation packages.
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2.2 Gene set variation analysis (GSVA) and gene set
enrichment analysis (GSEA)
With the 50 hallmark of cancer gene sets as reference, obtained from the MSigDB database
(http://software.broadinstitute.org/gsea/msigdb/index.jsp), GSVA between normal and tumor sample in
TCGA-STAD were conducted to select significant differently expressed pathways by using the GSVA
package for R.[26] R package limma [27] was used to find the differently expressed pathway between
tumor and normal group by setting the ∣logFC∣ >0.2 and adjust P value < 0.05 as well as package
pheatmap [28] for the drawing of a heatmap to visualize the results. β value of GSVA was used to
identify the highest expressed pathway in GC group. GSEA was performed via java software GSEA4.0.[29]

2.3 Construction and validation of the prognostic UPR
signature.
UPR path was identified as the most highly activated pathway in STAD tumor group base on the GSVA
analysis where 113 genes in this set were adopted for further signature building. Screened UPR genes
were admitted to univariate Cox regression with the ‘survival’ package for R (version 3.1–11,
https://CRAN.R-project.org/package=survival) to select genes associated with overall survival. P < 0.1
was the threshold. Next, the multivariate Cox regression was employed to build the signature where a risk
score was calculated for each patient based on the following formula: risk scores = Σn i = Coefi ∗ Xi (Coefi
indicated the Cox coefficient of UPR genes and Xi meant the relevant expression levels of each UPR
gene). The patients were then divided into high risk and low risk groups according to the median risk
score and K-M curves of the two sets were plotted, log-rank test assessing the the difference.
Same process was adopted for GSE84437 datasets to verify the signature’s prognostic effect. To
investigate the predictive performance, time-dependent ROC analysis [30] were used to predict 1-year, 3year and 5-year survival rates using the ‘survivalROC’ package for R.[31]

2.4 Independence analysis of the UPR signature
To evaluate the independent effect of UPR signature. Risk score and clinical factors including age, gender,
pathological TNM stage of AJCC [32] and tumor grade were submitted to univariate and multivariate Cox
regression, testing their contribution to overall survival.

2.5 Construction of nomogram
A nomogram was used to visualize and compute prognostic factors where risk score and clinical factors
including age, gender, stage, T, N, M and tumor grade were adopted, using the survival and the rms
packages for R.[33, 34]

2.6 Statistical analysis
Continuous variable with normal distribution was expressed as mean ± standard deviation and data.
Categorical variable was showed as frequencies (proportions). All statistical analyses were conducted
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with the R software 3.6.2. Cox regression was employed to build prognostic and validate UPR signature.
Kaplan-Meier survival analysis and log-rank test to estimate survival rate of patients in high and low risk
groups. Time-dependent ROC curve was plotted to evaluate its performance. P < 0.1 was set as
statistically significant in univariate Cox regression to select UPR genes associated with OS and P < 0.05
for the other analyses.

3 Results

3.1 Clinical demographic characters and mRNA data
procession.
The baseline characters of patients in TCGA-STAD are presented in Table 1. While the fpkm value of
STAD can be directly used, the expression profile of array value for GSE84437 was transformed by log2
(x + 1) and normalized with scale function. The batch effect and the normalized data are shown in Fig. 1.
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Table 1
Clinical demographic characters of
TCGA-STAD cohort.
Cases
Total

406

Age
≤ 65

175

> 65

231

Female

150

Male

256

Stage I

53

Stage II

118

Stage III

164

Stage IV

39

T1

23

T2

82

T3

184

T4

101

N0

119

N1

109

N2

78

N3

77

M0

355

M1

27

MX

18

Gender

Stage

T(Tumor)

N(LymphNode)

M(Metastasis)
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3.2 The UPR pathway is highly activated in the tumor group
of STAD.
A heatmap was adopted to show the differently expressed 16 pathways between 375 tumor and 32
normal patients in STAD. Among them, the UPR signaling pathway was found most significantly
activated in the tumor group with the highest β value of 32.98 (Fig. 2A). The GSEA showed the top 6 high
expressed paths in GC patients (Fig. 3).

3.3 Establishment and validation of the prognostic UPR
related 6 gene signature.
A total of 102 genes in UPR gene set were intersected in both STAD and GSE84437. After screening them
to Cox regression in STAD cohort, 11 genes were selected in univariate Cox analysis (P < 0.1) and 6 genes
were used in multivariate Cox regression to construct prognostic gene signature for predicting patients’
OS (overall survival) in TCGA-STAD (Fig. 2). According to the multivariate Cox proportional hazard model,
risk score of each patient was calculated by the formula as follow: risk score = FKBP14 value *
(0.267719774) + TUBB2A value * (0.193233442) + SLC1A4 value * (-0.246893982) + SEC11A value *
(0.484354542) + IFIT1 value * (0.152379968) + IGFBP1 value * (0.127045661). The coefficients and
functions of these 6 UPR related genes were shown in Table 2. Among them, SLC1A4 with a coefficient <
0 acted as a protective gene while the others (FKBP14, TUBB2A, SEC11A, IFIT1, IGFBP1) were considered
as risk genes.
Table 2
Coefficient and functions of 6 UPR related genes in the prognostic signature.
Gene
symbol

Full name

Function

Coefficient

FKBP14

FK506-binding protein
14

Oncogene. Accelerate the folding of proteins
during protein synthesis

0.26772

TUBB2A

Tubulin beta-2A

Major constituent of microtubules

0.193233

SLC1A4

Neutral amino acid
transporter A

Transporter for glutamine, alanine, serine,
cysteine, and threonine

-0.24689

SEC11A

Signal peptidase
complex catalytic
subunit SEC11A

Component of the microsomal signal peptidase
complex which removes signal peptides

0.484355

IFIT1

Interferon-induced
protein with
tetratricopeptide repeats
1

Providing a molecular signature to distinguish
between self and non-self mRNAs by the host
during viral infection

0.15238

IGFBP1

Insulin-like growth
factor-binding protein 1

Inhibit or stimulate the growth promoting
effects of the IGFs on cell culture

0.127046
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Risk score of each patient in TCGA-STAD were calculated and patients were divided into high-risk and
low‐risk groups according to the median risk score. Survival analysis demonstrated that patients in lowrisk group had a higher survival rate than that of high-risk (Fig. 4A). Time‐dependent ROC showed the
prognostic accuracy of the 6 UPR related gene signature was 0.682 at 1 year, 0.602 at 3 years and
0.609 at 5 years (Fig. 4C). To validate the prediction effect, same formula were used to compute risk
score of GSE84437 patients and survival analysis also showed significant result (Fig. 4D).

3.4 Independence analysis of the UPR gene signature from
other clinical characteristics.
To evaluate if the 6 UPR related gene signature can work as an independent prognostic factor, risk score
and other clinical factors were submitted to univariate and multivariate Cox regression. UPR related 6
gene signature showed independent prognostic effect with a HR of 1.813 in TCGA-STAD patients and
1.831 in GSE84437 cohort. (Fig. 5).

3.5 Nomogram
A nomogram is a robust method applied to quantitatively visualize individuals’ prognostic risk by
integrating multiple factors.[35] We built a nomogram to predict the 1, 3, 5-year OS according to the risk
score and other clinical factors. Each factor was given a point in proportion to its risk contribution to
overall survival. Calibration curve for 5 years survival in the two data sets showed a good consistency
(Fig. 6).

4 Discussion
In our study, the UPR signal pathway was identified by GSVA analysis as a highly activated channel in
tumor cells of GC patient, which keeps consistence with former experiment.[36] It is reasonable that UPR
is extremely upregulated as a result of much new antigen generated by GC cell. Previous studies has
verified this upregulation is associated with several mechanism of GC such as the proliferation,
migration, and treatment resistance.[37–39] However, no research focused on the prognostic value of
UPR signal transduction pathway. In our study, a novel 6 genes signature selected from UPR gene set was
constructed and validated to well predict OS of GC patients. Then, a nomogram was built to predict 5years OS time of GC patients. To the best of our knowledge, this is the first UPR related prognostic gene
signature for GC, indicating that UPR path play an important role in GC and these 6 UPR related genes
(SLC1A4, FKBP14, TUBB2A, SEC11A, IFIT1, IGFBP1) are key molecules working in this process.
GC features by its highly heterogeneous genome variation and complex interplay in patients and
environmental factors such Helicobacter pylori, virus infection, dietary habits, tobacco and others.[40]
Accounting for carcinogenesis and progression of GC, widely genome aberrance and complex regulatory
networks are acting and changing all the time.[41] Consequently, multi-molecule models have
demonstrated better effect than single ones for diagnosis and prognosis of GC.
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There are several studies having established multi-molecule biomarkers for GC prognosis including
mRNAs, non-coding RNAs, DNA methylation, and so on.[42–48] All these models demonstrated good
prediction effect for OS or RFS (Recurrence free survival) of GC. But seldom of them provided a detailed
description of normalization process with GEO array express data. It is suggested that data normalization
is pretty significant to eliminate the impact of batch effect which can intensely influence the analyzing
result.[49] In our study, we presented the batch effect of GSE84437 and the normalized data after
overcoming this disadvantage, making our prognostic signature more robust and reliable. Although the
1-,3-,5-year AUC of our 6-URGs prognostic signature are lower than that of former studies [42–48] (most
AUC > 0.7), this doesn’t imply a lower prediction performance of it as a big sample size (406 and 431 in
our case) can strongly affect the AUC of a model and AUC can even close to 0.5 when sample size is
larger than 500.[50]
It is necessary to search the underlying mechanisms of the 6 UPR genes identified in our study. FKBP14,
also called FK506-binding proteins 14,having been reported to be an oncogene in certain human cancers,
can promotes colon cancer cells’ proliferation and migration through IL-6/STAT3 signaling pathway.[51]
In GC patients, FKBP14 is uprregulated and stands for a worse survival in experiment[52],which is in line
with our result. Further experiments are needed to explore the exact mechanism. TUBB2A, one major
constituent of microtubules, are reported to be high-expressed in colon cancer and associates with poor
survival outcome [53], without previous report of its relation with GC. SLC1A4, a neutral amino acid
transporter, works as the common target of MYC, AR (androgen receptor) and mTOR signaling pathways
to promote glutamine uptake and subsequent growth of prostate cancer.[54] The upregulation of SLC1A4
in pancreatic cancer helps to maintain the alanine concentration to stimulate cancer cell growth.[55]
Interestingly, SLC1A4 is a protective factor in our prognostic signature, indicating its unknown effects and
corresponding mechanisms in GC. SEC11A, one component of the microsomal signal peptidase complex,
can encodes the SPC18 protein which has been proven to promote gastric and colon cancer proliferation.
[56, 57] IFIT1 belong to IFIT (interferon-induced protein with tetratricopeptide repeats) gene family and are
also a subset of IRDS (interferon-related DNA damageresistant signature) which contributes to tumor
growth and drug resistance.[58] IFIT1 and IFIT3 can promote oral squamous cell carcinoma metastasis
through EGFR path [59], but no description of its effect on GC is reported. IGFBP1 is one of the cysteinerich proteins that bind to IGFs (insulin-like growth factor family) to modulate its function. It is considered
that IGFBP1 can promote or inhibit IGF path action.[60] In the breast cancer cell line of MCF-7, IGFBP1
can inhibits IGF1-induced tumor growth.[61] However, it was viewed as a risk factor in our model,
suggesting a complex underlying mechanism of IGFBP1 in GC. All in all, the 6 UPR related genes play
significant roles in GC and may serve as potential biomarkers and therapeutic targets for GC treatment.

Conclusion
In summary, the UPR path was identified as the most highly activated pathway in GC patients in our study
and a novel UPR related 6 genes signature showed good performance in predicting OS of GC patients.
Given the inherent limitation of bioinformatics tools, further biology experiment are needed to validate the
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performance of prognostic signature and the exact mechanism the 6 UPR related genes in GC which is
part of our team’s next research.
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Figures

Figure 1
The normalization of GSE84437 microarray data. A: data before normalization showed a batch effect. B:
normalized data without batch effect.
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Figure 2
The GSVA (Gene set variation analysis) result between normal and tumor group of TCGA-STAD. A: β value
of differently expressed pathways. B: heatmap showing the differently expressed pathways.
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Figure 3
GSEA (Gene set enrichment analysis) showed the top 6 activated pathways in tumor group of TCGASTAD.
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Figure 4
Survival analysis and ROC curve to exstimate the performance of risk score. A,D: survival analysis
between high and low risk group in TCGA-STAD and GSE84437 data sets, patiens in low risk group all
showed a longer survival time. B,E: survival state of patiens in the two cohorts. C,F: ROC curve of risk
score to predict 1, 3 and 5 year survival in the two cohorts.
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Figure 5
Independent analysis of risk score from other clinical characters. A,B: univariate and multivariate cox
analysis showed risk score had an independent prognostic effect in TCGA-STAD cohort. C,D: same
analysis for GSE84437 showed risk score can also be an independent prognostic factor.
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Figure 6
Nomogram to predict 1, 3 and 5 year survival for GC patients. A: each item and its score in nomogram, 04 representing for AJCC TNM staging system. B,C: calibration curve for 5 years survival in TCGA-STAD
and GSE84437 showed a good consistency.
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