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Abstract
Background Early diagnosis and effective treatment of liver hepatocellular carcinoma (LIHC) are keys to
improving the prognosis of patients. Increasing evidences clarify that autophagy-related genes (ARGs)
make great differences to the generation and progression of LIHC, and may serve as prognostic
biomarkers for LIHC.

Methods We randomly divided the LIHC patients in The Cancer Genome Atlas (TCGA) into the training
and testing group. Next, use the training group to perform univariate Cox, LASSO and multivariate Cox
analysis to construct our prognostic index (PI) model for LIHC; use the testing group and the whole TCGA
set to make internal validations; use the International Cancer Genome Consortium to make external
validations; and use the whole TCGA, GSE14520 and Oncomine to exam the expression patterns of the
�ve ARGs. Then, we performed the ROC curve as well as univariate and multivariate analysis to evaluate
the independent prognostic prediction power of the PI model, and made nomograms to estimate 1,3,5-
year survival rate of LIHC patients. Besides, we conducted functional enrichment analyses of
differentially expressed ARGs with GO, KEGG and GSEA, and made drug sensitivity analysis for the PI
model via the GDSC database.

Results A novel PI model which was composed of �ve key ARGs ( ATG9A , EIF2S1 , GRID1 , SAR1A and
SQSTM1 ) succeeded to be constructed. All the internal and external validations testi�ed that the PI
model could well distinguish high-risk patients from low-risk ones, with AUC values > 0.60. Further
comparison analysis showed that the PI model was no less than some common prognostic factors.
People can estimate the 1,3,5-year survival rate of individual LIHC patient with the nomograms.
Additionally, we obtained 62 differentially expressed ARGs and studied the potential mechanisms or
pathways. Furthermore, we also found some potential targeted drugs associated to the �ve ARGs for
LIHC patients.

Conclusions The novel �ve-ARGs PI model has great potential to serve as a diagnostic or prognostic
biomarker and therapeutic target in LIHC, which may guide future clinical applications to some extent and
improve the outcome of LIHC patients.

Background
In GLOBOCAN 2018, liver cancer occupied the 6th incidence (about 4.7%) and the 4th mortality (about
8.2%) all over the word, and more seriously, in males, its mortality was second only to lung cancer (1).
Liver hepatocellular carcinoma (LIHC) is the primary pathological type, accounting for about 85% − 90%
of liver cancer (2). Hepatectomy is the most important treatment for LIHC. However, because the early
symptoms of LIHC are not obvious, mostly patients have turned into the late stage at the diagnosis,
losing the opportunity of surgical resection (3). In addition, LIHC has low sensitivity to chemotherapy and
radiotherapy, recurrence and metastasis being the main causes of patients’ death (4). It’s well
acknowledged that early detection, diagnosis and effective treatment of LIHC are key to improving the
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prognosis of patients. The most effective way to achieve this goal is to screen and monitor LIHC people
at high risk. At present, imaging and three biomarkers, α-fetoprotein (AFP), des-γ-carboxy prothrombin and
lens culinaris agglutinin-reactive fraction of AFP, play the main roles in the surveillance and diagnosis of
LIHC (5, 6). But their sensitivity and speci�city remain insu�cient for clinicians. Therefore, to search for
better biomarkers for the diagnosis and prognosis of LIHC is particularly important.

Recently, some researchers have found autophagy-related genes (ARGs) may better guide patients’
prognosis in some cancers, such as clear-cell renal cell carcinoma, bladder cancer and serous ovarian
cancer (7–9). Autophagy generally refers to the cellular metabolic process in which damaged or
redundant large molecular components or organelles in cytoplasm are orderly transported to lysosomes
for degradation (10). It is an essential biological process for cell survival and is bene�cial to maintain cell
homeostasis, closely linked to various diseases, including cancer (11, 12). In recent years, a large number
of studies have shown that autophagy could play dual roles (inhibition or promotion) in the generation
and progression of LIHC by regulating immunity, oxidative stress, cell homeostasis and so on (13, 14). It
have been testi�ed that some ARGs, proteins and pathways had a certain relationship with LIHC, and
guided the diagnosis and prognosis of LIHC patients (15–17). Specially, Shanshan Wang et al. found
that AFP may be able to inhibit autophagy to promote the proliferation, migration and invasion of LIHC
via activating PI3K/AKT/mTOR signaling (18). However, those previous studies only examined a single
ARG in LIHC, which merely re�ected part of the autophagy function. Thus, we wondered whether some
ARGs could combine to better guide the diagnosis and prognosis of LIHC patients. We aimed to carry on
systematic and comprehensive analyses on the overall known ARGs so as to identify better prognostic
biomarkers in LIHC, which has not been studied before.

We found the most detailed and latest list of ARGs from the Human Autophagy Database (HADb),
including a total of 234 ARGs which have ever been directly or indirectly mentioned in literatures. Not long
ago, Wang et al. identi�ed three ARGs related to the prognosis of patients with bladder cancer among
these 234 ARGs(7). Hence, in this study, we used similar approaches to study the prognostic value of
these 234 ARGs in LIHC with the data of The Cancer Genome Atlas (TCGA) database, and conducted
repeated �ltration to identify the key ARGs in LIHC, which were further utilized to construct a novel
prognostic index (PI) model to serve as a prognostic biomarker for individual LIHC patient. Meanwhile, we
made repeated veri�cation for the predictive performance of the PI model and pictured the nomograms to
estimate the 1,3,5-year survival rate of individual LIHC patient. In addition, by functional enrichment
analysis and drug sensitivity analysis, we made primary explorations on the potential mechanism and
pathways as well as potential targeted drugs associated to the ARGs in LIHC. Our study may be helpful to
early diagnose the prognosis and improve the survival outcomes in LIHC patients.

Methods
Data preparation
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The main data were downloaded from the cohort labeled as LIHC in the TCGA dataset
(http://cancergenome.nih.gov/), including the transcriptome data and patients’ clinical information (19).
It covered a total of 374 tumor samples and 50 normal samples. Then, we randomly divided the overall
LIHC patients of the TCGA database into two parts with creatDataPartition R package: the training group
and the testing group. Besides, we also obtained another set of the transcriptome data and clinical
information of 243 LIHC patients from the International Cancer Genome Consortium (ICGC) database
(https://icgc.org/), which was used as external validations. The list of the 234 ARGs was downloaded
from the HADb website (http://www.autophagy.lu/clustering/index.html/). Then, we extracted the gene
expression levels of the 234 ARGs in each sample, and arranged the expression levels of ARGs and the
patients’ OS into matrixes.

Prognostic index model construction based on ARGs

We used the training group to construct a PI model as a novel prognostic marker in LIHC. We �rstly
carried on univariate Cox regression analysis to primarily screened out candidate prognostic ARGs from
the whole ARGs, which were statistically associated with the OS of LIHC patients (p < 0.05).
Subsequently, the Least Absolute Shrinkage and Selector Operation (LASSO) algorithm was used to
further �ltrate prognosis-related ARGs. LASSO regression can make variable selection and adjust
complexity, so as to better avoid over�tting of high-dimensional predictors (20). Ten-fold cross validation
method was set to make penalty parameter turning and to determine the optimal parameter for the
smallest partial likelihood deviance. Lastly, in order to ensure the accuracy and validity of the model, a
multivariate Cox regression analysis was conducted to remove the ARGs that didn’t belong to
independently prognostic biomarkers, the rest key ARGs entering the construction of the PI model. The PI
model was showed with a sum formula in which expression level of each prognostic ARG was multiplied
by its regression coe�cient.

Veri�cation of the prognostic index model

First of all, we veri�ed the expression pattern of the key ARGs in the PI model in LIHC compared to non-
cancer liver tissues. It was �nished in the GSE14520 database and the whole TCGA database. The
samples of GSE14520 database came from the Gene Expression Omnibus (GEO,
https://www.ncbi.nlm.nih.gov/geo/), covering 220 non-tumor liver tissues and 225 LIHC tissues.
Meanwhile, we also observed the differential expression of the key ARGs in many other cancers with the
help of Oncomine database (http://www.oncomine.org) (21). The thresholds of p-value, fold change (FC)
and gene rank were set as 1E-4, 2 and top 10%, respectively.

Next, we performed the internal validations (in the training group, the testing group and the whole TCGA
database, respectively) and the external validations (in the ICGC database) for the PI model, all according
to the following four steps. Firstly, according to the PI model formula, every LIHC patient got a risk score
and divided into high-risk group or low-risk group, the median risk score set as the cutoff value. Specially,
among the 243 LIHC patients from ICGC database, 64 were judged as low-risk and 179 as high-risk.
Secondly, receiver operating characteristic (ROC) curve for one-year overall survival time (OS) with

http://cancergenome.nih.gov/
https://icgc.org/
http://www.autophagy.lu/clustering/index.html/
https://www.ncbi.nlm.nih.gov/geo/
http://www.oncomine.org/
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survivalROC R package was plotted to assess the sensitivity and speci�city of the PI model. The closer
the ROC curve was to the upper left corner, the larger the AUC value, indicating that the PI model had a
better prediction power on OS. Thirdly, Kaplan-Meier survival curve was drawn to judge the OS change
trend between high-risk group and low-risk group. Fourthly, we also directly observed the association
between patients’ survival status, the expression patterns of prognostic ARGs and the risk score of LIHC
patients.

The evaluation of the independent prognostic prediction power of the prognostic index model

For better assessing our PI model, we investigated the association between the risk score and some
common clinicopathologic features in LIHC patients, including primary tumor staging (T), regional lymph
node staging (N), distant metastasis staging (M), grade, stage, gender, age, survival state and survival
time. The statistical method to identify the correlation between PI model and these clinicopathologic
features was chisq.test. Then, we pictured multivariate ROC curves to quanti�cationally compare the
prediction power of these prognostic markers. The higher the area under the ROC curve (AUC) value, the
stronger the power. Finally, we also conducted univariate and multivariate independent prognostic
analyses to judge whether they belonged to independent prognostic marker correlated with OS in LIHC. In
addition, nomograms can be developed to quantize the prognosis of individual patient by integrating
multiple risk factors (22). Here we added age, gender, grade, stage and risk score into the nomograms to
individually estimate 1,3,5-year survival rate of LIHC patients.

Functional enrichment analyses for ARGs

First of all, we conducted differential expression analysis to screen out the differentially expressed ARGs
between LIHC and normal tissue. It was realized by R programming language, the statistical method
being Wilcoxon signed-rank test. The threshold of false discovery rate (FDR)for �ler was set as 0.05, and
that of FC was 2 (8). Next, functional enrichment analyses of differentially expressed ARGs were made
with two methods: gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis.
Here clusterPro�ler R package was utilized (23). The screening conditions were p-value < 0.05 and q-value
< 0.05. In GO analysis, all the GO terms were divided into 3 groups: biological processes (BP), cellular
components (CC) and molecular function (MF). We also pictured the circle graph of the top ten GO terms
with GOplot package (24). The procedure and screening conditions of KEGG enrichment analysis were
basically the same as those of GO analysis. Both of the two methods played important roles in helping us
to understand the dominating biological attributes of ARGs.

Furthermore, we carried onthe Gene Set Enrichment Analysis (GSEA,
http://software.broadinstitute.org/gsea/) to explore the enrichment of KEGG pathways in which high and
low risk groups. It mainly contains several key steps: calculation of Enrichment Score (ES), assessment
of the signi�cance of ES and corrective multiple hypothesis testing (25).

Drug sensitivity and resistance analysis

http://software.broadinstitute.org/gsea/
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Aiming to uncover the potential targeted drugs in LIHC, we used the Drug Sensitivity in Cancer (GDSC)
database (https://www.cancerrxgene.org/) to make the drug sensitivity and resistance analysis for the
prognostic index model (26). Correlation coe�cient (Cor) < 0 represented the resistance of LIHC cell lines
to the drug increased, and Cor> 0 represented the sensitivity of LIHC cell lines to the drug increased. The
cutoff of p value was 0.05.

Results
Construction of the �ve-ARGs prognostic index model

On the base of the training group, 222 ARGs were statistically associated with OS of LIHC patients in the
univariate Cox regression analysis (p < 0.05), becoming candidate prognostic ARGs (Additional �le 1).
Subsequently, by the further �ltration of a LASSO algorithm, only 16 ARGs may be related to prognosis
(Additional �le 2 and 3). Lastly, multivariate Cox regression analysis ultimately identi�ed �ve
independently prognostic key ARGs —— genes ATG9A (autophagy related 9A), EIF2S1 (eukaryotic
translation initiation factor 2 subunit alpha), GRID1 (glutamate ionotropic receptor delta type subunit 1),
SAR1A (secretion associated Ras related GTPase 1A) and SQSTM1 (sequestosome 1) —— which made up
the PI model (Additional �le 4).

The formula of our PI model was: . The �ve key ARGs were all characterized by hazard ratio (HR)> 1 and
the positive coe�cient, indicating that they all belonged to the risk factors for LIHC patients.

Veri�cation of the key ARGs and prognostic index model

There was no data on gene GRID1 in the GSE14520 database. Fig 1a-d showed that in the whole TCGA
database, the expression levels of genes ATG9A, EIF2S1, SAR1A and SQSTM1 were all increased in LIHC
compared to non-cancer liver tissues (p < 0.05). The veri�cation results in GSE14520 database were
generally consistent, except gene ATG9A being slightly decreased however without statistical signi�cance
(p = 0.307) (Fig 1e-h). The validation in Oncomine database showed that the expressions of the �ve key
ARGs were also generally increased in many other cancers (Additional �le 5).

In the ROC curve analysis, the AUC values of the PI model were 0.841, 0.724, 0.787 and 0.678 in the
training group, the testing group, the whole TCGA database and the ICGC database, respectively (Fig 1i-l).
It suggested that the PI model should possess a good sensitivity and speci�city. Subsequently, in the
Kaplan-Meier survival analysis, we all got statiscial difference no matter in the internal validations of the
three TCGA sets or in the independently external validations of the ICGC database, revealing that low-risk
group patients always had signi�cantly longer OS than high-risk group ones (p < 0.05, Fig 1m-p). In
addition, as expected, the higher the risk scores of LIHC patient, the lower the survival rate and the shorter
the OS. And the expressions of the �ve prognostic ARGs were obviously increased in high-risk LIHC
patients (Fig 1q-t). In conclusion, both the internal and external validations supported that our PI model
manifested excellent predictive performance in predicting the survival of LIHC patients.

https://www.cancerrxgene.org/
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Prognostic index model being an excellent independent prognostic marker in LIHC

Fig 2a displayed the association between the PI model and some common clinicopathologic features in
LIHC patients, including T, N, M, grade, stage, gender, age, survival state and survival time. It was showed
that the PI model was signi�cantly correlated to T (p = 0.016), stage (p = 0.011) and survival state (p =
0.004). It's worth noting that, in multivariate ROC curves analysis (Fig 2b), the AUC value of risk score
(AUC = 0.792) was distinctly higher than that of age (AUC = 0.534), gender (AUC = 0.512), grade (AUC =
0.505), stage (AUC = 0.665), T (AUC = 0.670), N (AUC = 0.448) and M (AUC = 0.479). It revealed that using
our PI model may improve the power to predict survival of LIHC patients when compared to using other
clinicopathologic features. Finally, univariate independent prognostic analysis showed that the PI model,
stage, T and M were signi�cantly correlated to the patients’ OS in LIHC (Fig 2c). Multivariate independent
prognostic analysis showed that the PI model and M were signi�cantly correlated to the patients’ OS in
LIHC (Fig 2d). Therefore, we determined that the PI model might be an excellent independent prognostic
marker of OS in LIHC. In addition, Fig 3a-b were the nomograms of the training group and the testing
group, which could be used to estimate the 1,3,5-year survival rate of individual LIHC patient with the data
of age, gender, grade, stage and risk score.

Exploration on enriched function and pathways

Via differential analysis, we obtained 62 differentially expressed ARGs between LIHC and normal tissue in
all (Additional �le 6). Looking at the heat map (Fig 4a), the volcano �gure (Fig 4b) and the box plot (Fig
4c), we found there were 4 ARGs down-regulated and 58 ARGs up-regulated. The 4 ARGs down-regulated
were genes DIRAS3, FOS, FOXO1 and NRG1.In GO analysis, the top 5 BP terms were all related to
autophagy, the top 5 CC terms all related to membrane (autophagosome is a kind of vacuolar membrane)
and the top 2 MF terms all related to kinase regulator activity (Additional �le 7). As known in the circle
graph of the top ten GO terms (Fig 5a), the top ten GO terms all had z-scores greater than zero, which
meant the dominating biological attributes of the 62 differentially expressed ARGs were increased in
LIHC. In brief, autophagy was upregulated in LIHC. In addition, KEGG analysis revealed that these
differentially expressed ARGs focused on the pathways associated to the cell cycle, including autophagy
and apoptosis (Additional �le 8). Similarly, the z-scores of the top 10 KEGG terms were also greater than
zero, corresponding functional pathways being upregulated in LIHC (Fig 5b).

Furthermore, GSEA analysis suggested that in TCGA1 database, there were 155 KEGG pathways
upregulated in high risk group (Additional �le 9) and 23 KEGG pathways upregulated in low risk group
(Additional �le 10). With FDR< 0.05 as criterion, 77 KEGG pathways in high risk group and one KEGG
pathway in low risk group were signi�cantly enriched. Fig 5c displayed the �ve leading-edge subsets
(including thyroid cancer, oocyte meiosis, RNA degradation, ubiquitin mediated proteolysis and aminoacyl
tRNA biosynthesis) in high risk group and one leading-edge subset (complement and coagulation
cascades) in low risk group.

Exploration on potential sensitive or resistant drugs of LIHC cell lines
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With the help of GDSC database and R package, we observed the association between the expression of
the �ve key ARGs in the PI model and the sensitivities of LIHC cell lines to some common drugs. As the
�ve key ARGs all belonged to risk factors, high expression of them would increase the resistance of LIHC
cell lines to some drugs which were shown as red points in Fig 6 or carried with Cor > 0 in Table 1, and
increase the sensitivity to some drugs which were shown as green points in Fig 6 or carried with Cor < 0 in
Table 1. For example, high expression of gene ATG9A increased the resistance of LIHC cell lines to HG-5-
113-01 and HG-5-88-01, and increased the sensitivity to OSI-930, SL 0101-1, selumetinib, EHT 1864,
CCT018159, trametinib, selumetinib and  RDEA119 (p < 0.05).

Discussion
LIHC is always a chief lethal malignant tumor worldwide (1).Early detection, diagnosis and effective
treatment of LIHC are key to improving the prognosis of patients. To look for better biomarker for the
diagnosis and prognosis of LIHC has been a research hotspot. More and more evidences clarify that
autophagy makes a great difference to the generation and progression of carcinoma. As previously
mentioned, by bioinformatics analyses for the high-throughput sequencing data of the whole ARGs,
several essential ARGs could be screened out and make up a novel prognostic model, which might better
guide the prognosis of patients (7–9). Previous studies have also testi�ed that some individual ARGs
were related to the prognosis of LIHC patients (15–17). Thus, we have reasons to believe that, with the
similar bioinformatics analysis for the global ARGs, we could construct an autophagy-related prognostic
index model which may better help clinicians to monitor the prognosis of LIHC patients. This method was
�rst applied in LIHC but theoretically feasible.

Under the convenience of the big data era, we acquired the transcriptome data and clinical information a
total of 424 LIHC patients from TCGA database, which was randomly divided into the training group and
the testing group. With a series of �ltration (Univariate Cox regression, LASSO regression and multivariate
COX regression analysis) for the training group, we ultimately identi�ed 5 independently prognostic ARGs
(genes ATG9A, EIF2S1, GRID1, SAR1A and SQSTM1) to made up our PI model. Subsequently, we
conducted repeated validation on the expression patterns of the �ve key ARGs in the PI model via the
testing group, the TCGA database, GEO database and the Oncomine database. Subsequently, we
observed the expression patterns of the �ve key ARGs in the PI model via the testing group, the whole
TCGA database, GEO database and the Oncomine database, and conducted the internal and external
validations for performance of the PI model. In the internal validations with the training group, the testing
group and the whole TCGA database, the AUC value of the PI model was 0.724–0.841; and in the
independently external validations of the ICGC database, the AUC value of the PI model was 0.678:
Therefore, we thought there was a good sensitivity and speci�city of the PI model for predicting
prognosis of LIHC patients. In the Kaplan-Meier survival analysis, we all got statistical difference in both
the internal and external validations, showing that low-risk LIHC patients had signi�cantly longer OS than
high-risk ones. Meanwhile, the higher the risk scores of LIHC patient, the lower the survival rate and the
shorter the OS. Further studies showed that the PI model may be an excellent independent prognostic
marker in LIHC, with a signi�cantly higher AUC value (AUC = 0.792) than other clinicopathologic features.
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Therefore, we determined that the PI model might be a potential prognostic marker for LIHC. In addition,
in the model formula, the coe�cients of the 5 prognostic ARGs were all positive, indicating that they all
belonged to the risk factors for LIHC patients. In other words, when the expression levels of the 5
prognostic ARGs were increased, the LIHC patient would be likely to have a poor prognosis. The preceding
validation also showed that the �ve prognostic ARGs were generally high expressed in high-risk LIHC
patients. Thus, we regarded genes ATG9A, EIF2S1, GRID1, SAR1A and SQSTM1 as oncogenes of LIHC.

Besides, we made primary exploration on the potential mechanism and pathways of ARGs in LIHC. Via
differential analysis between tumor and normal samples, we obtained 62 differentially expressed ARGs,
four genes being down-regulated and 58 ARGs up-regulated. The results of functional enrichment
analysis for the 62 differentially expressed ARGs showed that most of the dominating GO and KEGG
terms were directly or indirectly involved in autophagic mechanisms or pathways. In addition, the circle
plots indicated that all the dominating biological attributes of the 62 differentially expressed ARGs were
increased in LIHC. Therefore, we speculated that autophagy was likely to be increased in LIHC. It's worth
noting that, except autophagy, these differentially expressed ARGs were yet in touch with apoptosis,
longevity regulating pathway and other pathways. Under normal circumstances, autophagy is a
mechanism to resist the occurrence of cancer. The mechanism is that autophagy can remove damaged
and unnecessary macromolecules or organelles, reduce intracellular pressure and stabilize the genome,
so as to reduce the cancerization. Moreover, autophagy can also eliminate cancerous cells through
mediating apoptosis and immune response (11, 27). Yet, once the carcinogenesis occurs, the role of
autophagy would turn into promote the development of tumors. The main mechanism is that the
proliferation of cancer cells is accompanied by the increase of nutritional requirements, so that
autophagy will be activated to provide tumor cells with nutrients and energy (28). Meanwhile, autophagy
can enhance the chemoradiotherapy resistance of tumor cells (29). With our results, we guessed that
autophagy may play a role in promoting the developing of LIHC, or the existence of LIHC may enhance
the autophagy. Furthermore, we also made exploration on potential sensitive or resistant drugs of LIHC.
However, the roles of autophagy in LIHC remain unclear and to be explored further.

Autophagy is mediated by autophagic vacuole, the formation of which relies on a series of autophagy-
related proteins (30). Among them, autophagy-related protein 9A (ATG9A protein) is the unique
transmembrane protein (31). Under normal circumstances, ATG9A protein chie�y exists in trans-Golgi
network and endosomal system, whist it instantly partially localizes to the autophagy membranes after
the induction of autophagy (32, 33). ATG9A protein plays crucial roles in mediating membrane tra�cking
from the recycling endosomes to the autophagosome (34). It has been found that the expression of gene
ATG9A was increased in LIHC cells compared to normal human liver epithelial cell (35). Kunanopparat et
al. attributed it to the autophagy activation of tumor cells under innutrition (35). It is necessary to conduct
further mechanism research about the actions of gene ATG9A in LIHC autophagy.

Gene EIF2S1 (also called as EIF2A) is a kind of protein coding gene, coding EIF2S1 protein. EIF2S1
protein is the alpha subunit of EIF2, phosphorylation of EIF2S1 subunit making the action of EIF2
inhibited (36). It was reported that EIF2A may be involved in the regulation of autophagy in yeast and
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mammals (37). Upon various stress stimulations, such as oxygen de�ciency and endoplasmic reticulum
stress, EIF2AK4-EIF2A-ATF4 pathway would be activated, then EIF2A be phosphorylated, transcription
factor ATF4 bind to the promoter of some ARGs, thereby activating their transcription (38). In addition,
studies havefound that endoplasmic reticulum stress may activate the formation of autophagosome with
LC3 conversion via PERK-EIF2A pathway (39). Above all, gene EIF2S1 indeed plays an important role in
autophagy, however the roles in autophagy of LIHC remain unclear. Combined with our results, we
speculated that the phenomenon that the increasing expression of gene EIF2S1 was associated with a
poor prognosis of LIHC patients may be put down to the launch of autophagy by cancer cells.

Gene GRID1 is located on chromosome 10q23 and encodes glutamate receptor δ1, a subunit of
glutamate receptor channels. glutamate receptor δ1 is mainly distributed in plasma membrane, acting as
an excitatory neurotransmitter of many synaptic transmission in the central nervous system(40).It was
reported that GRID1 was associated with schizophrenia, bipolar I disorder and Rett Syndrome (41, 42).
GRID1 was involved in MECP2 pathway, peptide ligand-binding receptors pathway and associated Rett
Syndrome pathway. MF annotations of GO related to gene GRID1 mainly included glutamate receptor
activity, ionotropic glutamate receptor activity and transmitter-gated ion channel activity involved in
regulation of postsynaptic membrane potential. However, there is a lack of researches on the association
between gene GRID1, autophagy and LIHC.

Gene SAR1A is also a protein coding gene, located on chromosome 10q22. GO annotations related to
gene SAR1A mainly included GTP binding and obsolete signal transducer activity. It was reported that
gene SAR1A was involved in the transportation between the endoplasmic reticulum and the golgi
apparatus (43). Petrosyan et al. thought that downregulation of gene SAR1A is the key event leading to
ethanol-induced Golgi fragmentation in hepatocytes (44).Likewise, there is a lack of researches on the
association between gene SAR1A, autophagy and LIHC.

Gene SQSTM1 has been widely studied, with a number of alternative names, such as P62, A170, DMRV,
OSIL, PDB3, ZIP3, p62B, NADGP, FTDALS3 and so on. This gene encodes a multifunctional protein
(SQSTM1 protein),which is an adaptor protein to bind ubiquitin and LC3, and selectively targets
polyubiquitinated cargo to the autophagosome(45).It was studied that, in autophagy-defective tumor
cells, P62/SQSTM1 was preferentially accumulated, and promoted tumor growth by cooperating with
autophagy-de�ciency(46). Combined with our results, we speculated that the increasing expression of
gene SQSTM1may lead to tumor deterioration by selective autophagy pathways, and be linked to a poor
prognosis of LIHC patients. The speci�c mechanisms remain to be further studied.

There also exist some limitations in this study. First, our results were calculated on basis of the public
TCGA database, and needed to be veri�ed in further prospective clinical trials, that was the main
limitation of our study. Second, it required further investigation on the mechanisms of the PI model in the
initiation and progression of LIHC, which was limited by limited �nancial support but was our later
research direction.
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Conclusions
All in all, the novel �ve-ARGs PI model has great potential to serve as a diagnostic or prognostic
biomarker and therapeutic target in LIHC, improving the outcome of LIHC patients. It may guide clinical
applications to some extent in the future, and remain to need further investigated and substantiated.
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Table 1 Drug sensitivities analysis of the five key ARGs in LIHC in the GDSC database
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Drug name Drug
ID

Synonyms Target Target pathway Cor P-value

A OSI-930 298  KIT, VEGFR, PDGFR RTK signaling -0.295 0.030595896
SL 0101-1 1039  RSK, AURKB, PIM3 ERK MAPK

signaling
-0.256 0.045780241

selumetinib 1062  MEK1, MEK2 ERK MAPK
signaling

-0.36 0.014806353

EHT 1864 1069  Rac GTPases cytoskeleton -0.385 0.010997744

HG-5-113-01 1142  LOK, LTK, TRCB,
ABL(T315I)

ABL signaling 0.988 0.001107525

HG-5-88-01 1143  EGFR, ADCK4 EGFR signaling 0.921 0.002897228

CCT018159 1170  HSP90 other -0.258 0.044870223

Trametinib 1372 GSK1120212 MEK1, MEK2 ERK MAPK
signaling

-0.278 0.036580048

selumetinib 1498  MEK1, MEK2 ERK MAPK
signaling

-0.435 0.005884497

RDEA119 1526  MEK1, MEK2 ERK MAPK
signaling

-0.322 0.022820074

1 GSK1070916 226  AURKB mitosis -0.584 0.026060806

GSK429286A 230  ROCK2 cytoskeleton -0.518 0.048848921

AICAR 1001 N1-(b-D-Ribofuranosyl)-5-
aminoimidazole-4-carboxamide

AMPK agonist metabolism -0.683 0.009096679

Methotrexate 1008  Dihydrofolate reductase
(DHFR)

DNA replication -0.524 0.046247672

PD-0325901 1060 PD-0325901 MEK1, MEK2 ERK MAPK
signaling

0.579 0.022900437

XMD11-85h 1158  BRSK2, FLT4, MARK4,
PRKCD, RET, SPRK1

other 0.498 0.049803199

ZG-10 1161  IRAK1 other 0.539 0.033980264

XMD8-92 1164  ERK5 other 0.767 0.002676975

QL-VIII-58 1166  mTOR, ATR TOR signaling 0.655 0.010193816

PFI-1 1219  BRD2, BRD3, BRD4 chromatin     other 0.507 0.045882005

Trametinib 1372 GSK1120212 MEK1, MEK2 ERK MAPK
signaling

0.607 0.017151605

selumetinib 1498  MEK1, MEK2 ERK MAPK
signaling

0.655 0.010193816

RDEA119 1526  MEK1, MEK2 ERK MAPK
signaling

0.499 0.049354077

1 Mitomycin C 136 Mytozytrex,NSC-26980 DNA crosslinker DNA replication 0.672 0.039483588

LFM-A13 192 DDE-28 BTK other -0.421 0.022404029

OSI-930 298  KIT, VEGFR, PDGFR RTK signaling -0.543 0.005637357

AICAR 1001 N1-(b-D-Ribofuranosyl)-5-
aminoimidazole-4-carboxamide

AMPK agonist metabolism -0.429 0.020600244

Methotrexate 1008  Dihydrofolate reductase
(DHFR)

DNA replication -0.704 0.00065483

AZD6482 1066 WO2009093972 PI3K beta (P3C2B) PI3K signaling -0.472 0.012916124

XMD11-85h 1158  BRSK2, FLT4, MARK4,
PRKCD, RET, SPRK1

other 0.817 0.008408638

ZG-10 1161  IRAK1 other 0.839 0.006476792

XMD8-92 1164  ERK5 other 0.966 0.001250116

QL-VIII-58 1166  mTOR, ATR TOR signaling 0.883 0.003762365

CCT018159 1170  HSP90 other -0.366 0.038929729

Bleomycin
(50 uM)

1378  DNA damage DNA replication -0.374 0.036018954

A PF-562271 158 KIN001-205 FAK cytoskeleton 0.533 0.016339843
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JQ12 164 JQ12 HDAC chromain     
histone
acetylation

0.585 0.008638969

FH535 173 FH535 unknown other 0.431 0.049959577

Tipifarnib 204  Farnesyl-transferase
(FNTA)

other 0.453 0.039839286

Bosutinib 1019 SKI-606 SRC, ABL, TEC ABL signaling 0.549 0.013496219

CEP-701 1024 CEP-701 FLT3, JAK2, NTRK1, RET RTK signaling 0.528 0.017330455

JNK Inhibitor
VIII

1043 JNK Inhibitor VIII JNK JNK and p38
signaling

-0.542 0.024718826

PD-0332991 1054 Palbociclib Isethionate CDK4, CDK6 cell cycle 0.528 0.017330455

HG-5-113-01 1142  LOK, LTK, TRCB,
ABL(T315I)

ABL signaling -0.523 0.030492325

XMD11-85h 1158  BRSK2, FLT4, MARK4,
PRKCD, RET, SPRK1

other -0.614 0.010557622

Tamoxifen 1199  ER other -0.523 0.030492325

QL-XII-61 1203  BMX, BTK other -0.96 5.06E-05

YK 4-279 1239  RNA helicase A other 0.445 0.043297466

M1 GW-2580 193 GW-2580 cFMS RTK signaling -0.458 0.016334934

AICAR 1001 N1-(b-D-Ribofuranosyl)-5-
aminoimidazole-4-carboxamide

AMPK agonist metabolism -0.855 9.00E-05

Cisplatin 1005 cis-Diammineplatinum(II)
dichloride

DNA crosslinker DNA replication -0.351 0.046250063

Cytarabine 1006 Ara-Cytidine,Arabinosyl
Cytosine,U-19920

DNA synthesis DNA replication -0.442 0.019268282

ATRA 1009 Tretinoin Retinoic acid and retinoid
X receptor agonist

other -0.379 0.035734704

SL 0101-1 1039  RSK, AURKB, PIM3 ERK MAPK
signaling

0.766 0.023291098

PD-0332991 1054 Palbociclib Isethionate CDK4, CDK6 cell cycle -0.657 0.001574464

selumetinib 1062  MEK1, MEK2 ERK MAPK
signaling

0.698 0.044517742

XMD11-85h 1158  BRSK2, FLT4, MARK4,
PRKCD, RET, SPRK1

other 0.716 0.037722355

QL-XII-61 1203  BMX, BTK other 0.755 0.025970206

CHIR-99021 1241 CT 99021 GSK3B WNT signaling -0.535 0.007036208

Talazoparib 1259 BMN-673 PARP1, PARP2 Genome integrity -0.443 0.019072299

rTRAIL 1261  DR4, DR5 apoptosis
regulation

-0.657 0.001574464

Olaparib 1495 KU0059436, AZD2281 PARP1, PARP2 Genome integrity -0.391 0.031895533

 

Figures
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Figure 1

The veri�cations of the PI model. a-d: the expression patterns of genes ATG9A (a), EIF2S1 (b), SAR1A(c)
and SQSTM1(d) in LIHC and non-cancer liver tissues in the whole TCGA dataset. e-h: the expression
patterns of genes ATG9A (e), EIF2S1 (f), SAR1A(g) and SQSTM1(h) in LIHC and non-cancer liver tissues
in GSE14520 dataset. (i-l): the ROC curves in the training group (i), the testing group (j), the whole TCGA
dataset (k) and the ICGC database (l). (m-p): the Kaplan-Meier survival curves of high-risk and low-risk
groups in the training group (m), the testing group (n), the whole TCGA dataset (o) and the ICGC database
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(p). In the risk score analysis of LIHC patients in the training group (q), the testing group (r), the whole
TCGA dataset (s) and the ICGC database (t), the distribution of risk score of LIHC patients was ranged in
the upper panel; the survival state of LIHC patients was ranged in the middle panel, with red pot as dead
and green pot as alive; and the expression patterns of the �ve key ARGs in our PI model was ranged in the
bottom panel. p < 0.05 was viewed as statistically signi�cant. ICGC: International Cancer Genome
Consortium; PI: prognostic index; ROC: receiver operating characteristic; AUC: the area under the ROC
curve.

Figure 2

Comparison between the PI model and common clinicopathologic features in LIHC patients. a: the
heatmap of the distribution of the risk score and some common clinicopathologic features in the whole
TCGA database, including age, gender, grade, stage, T, N, M, survival state and survival time. b: the
comparisons of the ROC curves of our PI model and some common clinicopathologic features. c: the
univariate independent prognostic analysis. d: the multivariate independent prognostic analysis. p < 0.05
was viewed as statistically signi�cant; *: p <0.05; **: p <0.01. T: primary tumor staging; N: regional lymph
node staging; M: distant metastasis staging; ROC: receiver operating characteristic; AUC: the area under
the ROC curve.
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Figure 3

Nomograms to predict the 1,3,5-year survival rate of individual LIHC patient. a: nomogram based on the
training group; b: nomogram based on the testing group.

Figure 4

The expression patterns of 62 differentially expressed ARGs in LIHC and normal tissues. a: the heat map
of 62 differentially expressed ARGs in LIHC and normal tissues. The blue type was on behalf of the non-
tumor sample, and the pink type was on behalf of LIHC sample. The expression pattern of ARGs was
shown from red to green: red denoted up-regulated and green denoted down-regulated. b: the volcano
�gure of 62 differentially expressed ARGs in LIHC and normal tissues. The horizontal axis is logFC, and
the vertical axis is -log10(FDR). The red dots represent upregulated genes, the green dots downregulated
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genes; and the black dots represent genes without statistical expressed difference between LIHC and
normal tissues. c: the boxplot of expression level of 62 differentially expressed ARGs in LIHC and normal
tissues. The x-axes showed the 62 differentially expressed ARGs and the y-axes showed their expression
levels. The green type was on behalf of the non-tumor sample, and the red type was on behalf of LIHC
sample. FC: fold change; FDR: false discovery rate.

Figure 5

The functional enrichment analyses. a: the circle graph of the top 10 GO terms. b: the circle graph of the
top 10 KEGG terms. In the circle graphs, the inner ring showed the z-score of the corresponding pathway
which re�ected their increase or decrease amplitude, and the outer ring showed the logFC scatter plots of
assigned genes in each term. Red dots represented upregulation and blue dots downregulation. c: GSEA
analysis of KEGG pathways in the training group. The KEGG pathway with ES > 0 is activated in high-risk
group, while the KEGG pathway with ES < 0 is activated in low risk group. Each dot represents one gene
involved. GO: gene ontology; KEGG: Kyoto Encyclopedia of Genes and Genomes; FC: fold change; GSEA:
Gene Set Enrichment Analysis.
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Figure 6

Drug sensitivity analyses in the GDSC database. (a-e) respectively displayed the correlation between the
expression of genes ATG9A, EIF2S1, GRID1, SAR1A and SQSTM1 and the drug sensitivities in LIHC cell
lines. The drug of which the half maximal inhibitory concentration (IC50) value was negatively correlated
to the expression of the according gene (p < 0.05) was represented by the green dot; and the drug of
which the IC50 value was positively correlated to the expression of the according gene (p < 0.05) was
represented by the red dot; and the drug of which the IC50 value was not statistically correlated to the
expression of the according gene (p > 0.05) was represented by the black dot. GDSC: Drug Sensitivity in
Cancer.
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