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Crosstalk of non-apoptotic RCD
panel in hepatocellular carcinoma reveals
the prognostic and therapeutic optimization

Shuo Li,"?® Yagi Xu,"?# Xin Hu,'?® Hao Chen,*® Xiaodan Xi,'? Fei Long,"? Yuan Rong,*? Jun Wang,>*
Chunhui Yuan,>?* Chen Liang,** and Fubing Wang'-?7.7.*

SUMMARY

Non-apoptotic regulated cell death (RCD) of tumor cells profoundly affects tumor progression and plays
critical roles in determining response to immune checkpoint inhibitors (ICls). Prognosis-distinctive HCC
subtypes were identified by consensus cluster analysis based on the expressions of 507 non-apoptotic
RCD genes obtained from databases and literature. Meanwhile, a set of bioinformatic tools was inte-
grated to analyze the differences of the tumor immune microenvironment infiltration, genetic mutation,
copy number variation, and epigenetics alternations within two subtypes. Finally, a non-apoptotic
RCDRS signature was constructed and its reliability was evaluated in HCC patients’ tissues. The high-
RCDRS HCC subgroup showed a significantly lower overall survival and less sensitivity to ICls compared
to low-RCDRS subgroup, but higher sensitivity to cisplatin, paclitaxel, and sorafenib. Overall, we estab-
lished an RCDRS panel consisting of four non-apoptotic RCD genes, which might be a promising predic-
tor for evaluating HCC prognosis, guiding therapeutic decision-making, and ultimately improving pa-
tient outcomes.

INTRODUCTION

Hepatocellular carcinoma (HCC), a prevalent type of primary liver cancer worldwide, is characterized by notable intratumoral heterogeneity,
the acquisition of therapeutic resistance, and a dismal prognosis.’ Although early-stage disease may be curable by the expanding implemen-
tation of surgical, locoregional, and transplantation therapies, most HCC patients presenting with unresectable disease (50-60%) will ulti-
mately be treated with systemic therapies.”

The emergence of immune checkpoint inhibitors (ICls) has completely revolutionized the systemic management of HCC, and multi-
pronged approaches involving the combination of ICIs with additional targeted agents are currently being tested to improve outcomes
of HCC patients.** Significantly, the combination of the anti-PD-L1 atezolizumab and the anti-VEGF bevacizumab has become the
preferred first-line therapy according to the latest National Comprehensive Cancer Network (NCCN) clinical practice guidelines for hep-
atobiliary cancers (Version 1. 2022).” However, the objective response rates (ORRs) of HCC were only approximately 35% after combination
treatment.® There still more than half of the patients did not derive benefit, and hyperprogressive disease (accelerated tumor growth) has
been further described in 12.7% of HCC patients following received PD-1/PD-L1-targeted ICls.” Thus, precise, and accurate predictive bio-
markers that could be utilized for optimal integration of ICls-based combination to maximize the efficacy is urgently needed in HCC
patients.

Response to ICls-based therapies can be determined by multiple factors, like mutational, transcriptomic, and epigenetic alterations, as
well as the fundamental tumor immune microenvironment (TIME).>’ The three clinical approved biomarkers, including tumor mutation
burden (TMB) and microsatellite instability (MSI) that closely linked to neoantigen load and expression of PD-L1 in tumor or immune cells,
have been confirmed to be significantly associated with ICls-based responses in multiple tumor types.” However, these biomarkers have
limited predictive value due to the low prevalence of high TMB, microsatellite instability (<1%), or PD-L1 expression (cutoff >1%) in
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HCC.? In the dose-expansion phase of multicohort trial CheckMate 040 (NCT01658878), PD-L1 positivity of less than 1% was observed in 140
of 174 HCC patients and did not have an apparent difference in ORR compared to PD-L1 expression greater than 1% (26/140 vs. 9/34).7 Thus,
the development of highly effective ICls-based therapies remains limited by the lack of validated predictors that can be used in the treatment
of routine HCC patients.

ICls-based therapies mainly act by reinvigorating tumor-immune interactions, and thus renewed interest has been focused on im-
mune-related signatures as a means of predicting response in HCC. An inflammatory 4-gene signature was shown to associate
with improved survival and nivolumab’s response in dose-escalation and -expansion phases of CheckMate 040.'° Similarly, an
11-gene signature including genes involved in infiltration of M1 macrophages and CD4" T cells was predictive of anti-PD1 response
in patients with HCC,"" while which was not able to identify responders among HCC patients that were pre-treated with tyrosine kinase
inhibitors (TKls).

Recently, many studies have confirmed that non-apoptotic regulated cell death (RCD) of tumor cells profoundly affects the progression,
TIME infiltration, and thus plays critical roles in determining response to ICls.'*'* Autophagy, ferroptosis, pyroptosis, necroptosis, and the
newly emerging cuproptosis all belonged to the subtypes of non-apoptotic RCD."® Notably, the type of non-apoptotic RCD executed not
only affects the lineage commitment in liver tumorigenesis,'® but also has double-edged sword effects for therapeutic responses in
HCC."""?° Therefore, the establishment of a predictive panel that incorporates non-apoptotic RCD may have profound implications for maxi-
mizing benefit of ICls-based therapies in HCC patients.

Here, we systematically analyzed the differences in biological functions, TIME characteristics, mutation patterns and epigenetic alterna-
tions between the two clusters of HCC patients based on non-apoptotic RCD genes classification. Meanwhile, we identified four key non-
apoptotic RCD genes and established a promising quantitative risk scores panel. Moreover, the reliability and accuracy of the panel were
verified by tissue samples and cohorts. These findings imply that the panel holds significant prognostic value and can be utilized to enhance
precision therapy for HCC patients, ultimately resulting in improved patient survival.

RESULTS

Two distinct HCC subtypes mediated by non-apoptotic RCD genes

We extracted 507 non-apoptotic RCD genes from published literature'® and performed consensus cluster analysis on 368 samples with com-
plete survival information screened from the TCGA database, and the results were shown non-apoptotic RCD genes could well classify HCC
patients into cluster1 (N = 177) and cluster2 (N = 191) groups (Figure 1A), and the cumulative distribution function (CDF) curves confirmed the
classification effect was the best (Figure 1B). Also we summarized the relationship between RCD subtypes and clinical indexes in TCGA LIHC
cohort (Table S1). To further evaluate the classification accuracy of these two clusters, principal components analysis (PCA) was performed and
showed a clear grouping division for two clusters (Figure 1C), which was further confirmed the two clusters are different. Heatmap results of
non-apoptotic RCD genes expression and clinical characteristics in HCC patients also showed that its expression was significantly different
from two clusters (Figure 1D). Comparing the survival probabilities, it was observed that the cluster 2 group had significantly better overall
survival as compared to the cluster 1 group. (Figure 1E). Taken together, our results provided preliminary evidence of the prognostic values
of non-apoptotic RCD in HCC patients. Furthermore, we compared the differences between the two subtypes in terms of biological charac-
teristics and prognostic signature (Figure S1).

Differentially biological function and TIME characteristics in two cluster subtypes

To gain a deeper understanding of the contrasting biological functions between the two clusters, GSVA enrichment analysis was per-
formed. The analysis revealed that cluster 1 exhibited an enrichment in the activation of cell proliferation-related signaling pathways,
including the mitotic spindle and G2M checkpoint signaling pathways. Conversely, cluster 2 showed enrichment in the inhibition of
KRAS signaling, as well as pathways associated with coagulation and xenobiotic metabolism. (Figure 2A). A basically consistent results
was observed in GSEA KEGG (Figure S2) and GO (Figure S3) analyses. To further observe the TIME characteristics between the two clus-
ters, we performed a score analysis of the infiltration of 28 types of immune cells in the HCC microenvironment, and showed that the clus-
ter 1 had a relatively higher immune score (Figure 2B). Infiltrating abundance analysis further showed that the relative infiltration abun-
dance of 11 types immune cells (such as T cells CD4 memory resting, T cells CD4 memory activated and T cells CD4 naive) was
significant higher in cluster 1 (Figure 2C). Therefore, these results further implied that non-apoptotic RCD was closely associated to tumor
proliferation, metabolism, and other cancer related pathways, and had synergistic or antagonistic effects with immune cell infiltration
in TIME.

Significant differences of mutation pattern in two cluster subtypes

To investigate the mutation patterns between the two clusters and their association with non-apoptotic RCD, we firstly performed signif-
icantly mutation genes (SMG) analysis based on the TCGA-LIHC cohort, the gene mutation ratio between the two clusters were shown by
waterfall plots, we could clearly see that several SMGs including TP53, ALB, OBSCN, and SPTA1 in cluster 1 had more significant mutations
compared with cluster 2 (Figure 3A). Based on the Catalogue of Somatic Mutations in Cancer database (COSMIC database: https://cancer.
sanger.ac.uk/signatures/signatures_v2/) revealed that the process of mutation operation of the cluster 1 group mainly showed signature 3
and 12 characteristics, but the cluster 2 group mainly showed signature 4 and signature 16 characteristics. (Figures 3B and 3C). Therefore,

2 iScience 27, 109901, June 21, 2024


https://cancer.sanger.ac.uk/signatures/signatures_v2/
https://cancer.sanger.ac.uk/signatures/signatures_v2/

iScience ¢? CellPress

Article OPEN ACCESS
A B c () Cluster1 @) Cluster2
consensus matrix k=2 consensus CDF , d
20
10
a .
o ®
S o
a
-10
o N < o © o
o o o o o = . r .
consensus index -20 0 20
PC1 (27.29%)
D E
I Subtype
QLRI 1 UTTIETO 11 [ TR IIII-_IIIIII'\Sntage S bt
1 1 1) I (RN | N ublype -s-Clustert =i Cluster2
01T T AT (0 YA Tl RN Ry Subtype
(TN T T I T T 1T G H Cluster! 1.00
Cluster2
Stage
Stage | > 0.75
Stage Il E= .
Stage lll g
Stage IV _8
] Na S 050
Mo g
M1 > —
i 2 025 Lo_g rank i
5 %) p=0.013 .
ENO
N1
N 0.00
T 0 25 5 75 10
T .
2 Number at risk
3 ol
lu > Cluster1{177 50 20 3 1
NA Qo
3 Cluster2{191 60 23 5 0
Gender 2]
female 0 25 5 75 10
Imale . .
Time in years
Age

<=55
>55

Figure 1. Non-apoptosis RCD genes cluster analysis classified HCC patients into two distinct subtypes

(A and B) The optimal number of clusters (K = 2) was determined from cumulative distribution function (CDF) curves, and the classification effect is the best.
(C) Principal component analysis (PCA) plot of GC samples.

(D) The patients were divided into two groups: Cluster1 and Cluster2. The RCD gene expression was normalized into Z score.

(E) Survival analysis of three RCD subtypes in the TCGA LIHC cohort was created using Kaplan-Meier curves. *p < 0.05.

these results indicated that HCC patients could be well divided into two clusters based on non-apoptotic RCD classification, and the two
clusters had their own distinctive gene mutation patterns.

Epigenetics differences between the two cluster subtypes

Resolving the epigenetic landscape of cancer cells is not only critical for a precise understanding of cancer etiology and progression,
but also has important implications for the potential development of cancer therapeutics.”’ Here, we first analyzed the differential
CNV alterations between the two clusters, the results showed significant differences, for example, cluster 1 had many copy-number de-
letions (e.g., 1p36.11, 4921.3, 4924, 4g35.1, and 14g23.3) and a small number of copy-number amplifications (1921.3, 5935.3, and
6p25.2) (Figure 4A). In addition, the clusterl group showed the highest overall burden of copy number gain and copy number
loss. Moreover, further focal and arm level CNV analyses also revealed that the cluster1 group showed the higher level of copy number
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Figure 2. Biological function and TIME characteristics of different RCD clusters in TCGA cohort

(A) The GSVA plot showed a differentially activated pathway between the two clusters. Each yellow bar showed an activated pathway, and each blue bar showed
an inactivated pathway. (|t value| > 5 and p < 0.05).

(B) The relative infiltration of each immune cell type and the expression of immune checkpoints were normalized into Zscore. *p < 0.05, **p < 0.01, ***p < 0.001.

gain and loss (Figure 4B). In additional, analysis of the methylation driver genes in TCGA-LIHC by MethylMix package also showed
that up to 24 methylation driver genes were significantly different between the two clusters (Figure 4C). And this difference is reflected
not only in the level of methylation modification (Figure 4D), but also in their own mRNA expression (Figure 4E). These results further
indicated that there was a close relationship between epigenetic alteration and non-apoptotic RCD in HCC patients.

RCDRS was established as an independent prognostic biomarker
With the above confirmation that HCC patients can be well divided into two cluster groups based on non-apoptotic RCD genes, we attemp-
ted to further constructing an expression pattern score that can accurately quantify individual tumor patients. 1188 genes from TCGA-LIHC
cohort and 507 non-apoptotic RCD genes from literature were analyzed, the significantly gene (Jlog2FC| >1 & p < 0.05) expression levels in two
clusters were presented by volcano plots (Figure 5A). Univariate Cox and lasso Cox regression analysis showed that nine genes had significant
prognostic significance (Figures 5B and 5C). Further stepwise multiple regression analysis showed that PLOD2, G6PD, FTCD and ADH4 were
the four most significant valuable genes in non-apoptotic RCD classification of HCC patients (Table S2). Meanwhile, heatmap analysis also
showed that the expression of these four genes was highly correlated with the HCC patients clinical characteristics, among which cluster 1
was mainly highly expressed with PLOD2 and G6PD, but cluster2 was mainly highly expressed with FTCD and ADH4 (Figure 5D). And based
on these findings, we established a prognostic panel that effectively classified HCC patients, as follows: RCDRS score = 0.2426 X exp
(PLOD2) + 0.1833 x exp (G6PD) - 0.0855 X exp (FTCD) - 0.0508 x exp (ADH4). The results revealed the high-RCDRS group had a markedly
lower survival probability than that the low-RCDRS group (Figure 5E), and cut-off value calculated by the R package survminer was 1.0239. The
accuracy of the panel for HCC prognosis was verified by ROC analysis, the AUC of 3- and 5-year survival predictive was 0.716 and 0.679,
respectively (Figure S4). Kaplan—Meir analysis showed that similar significant results into GEO cohort: GSE116174 (Figure S5). As shown by
multivariate Cox regression analysis, RCDRS was a remarkably independent predictor with higher indicating a worse prognosis (Figure 5F).
What's more, the nomogram of independent factors (age, gender, stage, and RCDRS) also revealed the same findings (Figure 5G). The
calibration curve further indicated a well predicted and prognostic observations at 3- and 5-year OS in TCGA cohort (Figure Sé). These results
illustrated that our prognostic risk panel (RCDRS) could effectively classify HCC patients into high and low risk groups.

Validation of the four non-apoptotic RCD genes in clinical tissues

To further investigate the role of the four non-apoptotic RCD genes in HCC patients, we performed real-time quantitative PCR (RT-gPCR) to
assess their expression levels in both HCC and adjacent normal tissues. The results demonstrated significantly higher relative expression
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Figure 3. Mutational landscape in two clusters

(A) Mutational landscape of gene between two RCD subtypes.

(B) Mutation signatures in cluster 1.

(C) Mutation signatures in cluster 2. *p < 0.05, **p < 0.01, ***p < 0.001.

levels of PLOD2 and G6PD in HCC tissues than in adjacent normal tissues, while the opposite trend was observed for FTCD and ADH4 (Fig-
ure 6A). Immunohistochemical staining was performed to validate the expression in protein level, coincidentally, there were consistent with
the above (Figure 6B). Moreover, multiplexed immunofluorescence staining further confirmed that PLOD2 and G6PD were higher expression
in HCC tissues, and FTCD and ADH4 were mainly verified accumulated in adjacent normal tissues (Figure 6C). In conclusion, our tissue vali-
dation results were highly consistent with the bulk RNA sequence, further indicating that the panel based on the four non-apoptotic RCD
genes could be used to distinguish HCC progression effectively.

The predictive value of RCDRS in chemotherapy drugs selection and response in two risk groups

Given the critical role of non-apoptotic RCD genes in HCC progression, we further evaluated the predictive value of RCDRS in optimizing
potential drugs selection and response to drug therapy in the TCGA-LIHC cohort. eXtreme Sum (XSum) algorithm analysis showed that
the small molecule drug STOCK1N. 35696 was the potential therapeutic agent that could benefit patients in high-RCDRS group (Figure 7A).
Prediction of response to conventional chemotherapy drugs for HCC by the R package pRRophetic showed that high-RCDRS groups had the
lower estimated IC50 for cisplatin, paclitaxel and sorafenib (Figures 7B, 7C, and 7D). This indicated that RCDRS can be used to optimize
appropriate chemotherapy drugs for patients with HCC.
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Figure 4. Epigenetic alternations in two clusters

(A) Detailed plots with copy number amplifications and deletions between two RCD subtypes.

B) Distribution of focal and broad copy number alterations (gain and loss) between two RCD subtypes.

(
(C) The correlation of Beta value and gene expression based on 24 methylation driven genes.
(D and E) The boxplot showed that methylation driven genes in different RCD subtypes. *p < 0.05, **p < 0.01, ***p < 0.001. Data are represented as mean (SD).
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Figure 5. ldentification of non-apoptosis RCD-related signatures (RCDRS) in LIHC

(A) The volcano plot showed that 1188 differentially expressed mRNAs and 507 non-apoptosis RCD genes between Cluster1 and Cluster2 subtypes. Red dots
indicated significant up-regulated of mRNA expression, blue dots indicated significant down-regulated of mRNA expression, and gray dots indicated no
significant changes of mMRNA expression.

(B and C) LASSO variables screening process.

(D) Survival analysis of RCDRS in the TCGA-LIHC cohort was created using Kaplan-Meier curves.

(E) Multivariate Cox regression analyses of the association between clinicopathological factors and OS of LIHC patients in TCGA cohort.

(F) The expression of four mRNAs in LIHC patients.

(G) The nomogram consists of the clinical characteristics (age, sex, stage) and risk score. The variable scores were summed to give the total points, and the total
point line is shown at the bottom of the nomogram. *p < 0.05, **p < 0.01, ***p < 0.001.
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GAPDH. *p < 0.05, **p < 0.01.
(B) Immunohistochemical staining showed the protein expression of PLOD2, G6PD, FTCD and ADH4 in adjacent normal tissues (NT) and HCC tissues. The nuclei

were stained with in blue and the positive cells were stained with brown.

(C) Multiplexed immunofluorescence staining showed the expression and location of PLOD2, G6PD, FTCD and ADH4 in adjacent normal tissues (NT) and HCC
tissues, The nuclei were stained with in blue. PLOD2 positive staining shown in the cytoplasm (Red). G6PD positive staining shown in the cytoplasm (Green). FTCD
positive staining shown in the cytoplasm (Pink), ADH4 positive staining shown in the cytoplasm (Orange), and the nuclear counter stain is DAPI (Blue).

The potential applications of RCDRS in immunotherapy

Next, we investigated the predictive value of RCDRS in HCC patient’s immunotherapy. The relative expression of key immune checkpoint: co-
inhibitory checkpoints (IAP) (Figure 8A), immune co-stimulator checkpoints (ICP) (Figure 8B), and major histocompatibility complex (MHC)
(Figure 8C) molecules showed that the expression levels were all higher in high-RCDRS groups and lower in low-RCDRS groups. These find-
ings indicate that patients categorized in the low-RCDRS groups have a higher likelihood of experiencing favorable outcomes with immuno-
therapy. Additionally, the results obtained from the utilization of the tumor immune dysfunction and rejection (TIDE) tool* provide strong
support for the proposition that patients in the low-RCDRS groups could potentially experience favorable outcomes with immunotherapy
(Figure 8D). The analysis of IPS revealed that the low-RCDRS groups displayed higher scores, whereas the high-risk group exhibited lower
scores, as depicted in Figure 8E. This finding provides additional confirmation for our previous hypothesis. Moreover, the correlation analysis
between RCDRS and immunotherapy-related pathways (Figure 8F) further supports a significant association between RCDRS and these path-
ways. More importantly, the predictor efficiency of the RCDRS in urothelial carcinoma (IMvigor210 cohort)”® and melanoma (Liu et al. cohort)?
with immunotherapy was validated, and the Kaplan-Meir analysis showed statistically significant difference between the two cohort which is
the patients with low-RCDRS had better overall survival (Figures 8G and 8H). The non-immunotherapy cohorts Kaplan-Meir results also further
showed a trend toward higher ICls efficacy in patients with low-RCDRS (Figures 8l and 8J). In summary, all consistent results demonstrated that
RCDRS might be a potential signature for predicting the response of chemotherapy and immunotherapy.

DISCUSSION
Although many guidelines (NCCN, ESAL, ESMO and CSCO, etc.) has been clearly suggested ICls-based immunotherapy as the first-line treat-
mentwhich could improve the survival rate in variety of cancer types, the tumor response rate of advanced HCC is still very limited (14%-23%).2>~°
The limits of current immunotherapies were closely related to the TMB, TIME and epigenetic modification.”” Several studies have revealed non-
apoptotic RCD can affect tumor progression and its responsiveness to therapy by modulating immune cells and their functional manifestations, '
but none of comprehensive analysis about the association between non-apoptotic RCD and HCC immune infiltration. Therefore, it is of great
significance to establish a more effective scoring panel which could provide guidance for predicting prognosis and ICls efficacy in HCC.

In recent years, molecular characterization based on genomics and bioinformatics has played a pivotal role in diagnosis, precision ther-
apeutic and prognosis monitoring in various types of malignancy.’*" Previous studies have identified great significance HCC subtypes
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Figure 7. The predictive value of RCDRS in chemotherapy drugs selection and responsiveness in two risk groups
(A) Top5 small-molecule compounds with RCDRS.

(B) The estimated IC50 of cisplatin with high- and low-RCDRS groups.

(C) The estimated IC50 of paclitaxel with high- and low-RCDRS groups.

(D) The estimated IC50 of sorafenib with high- and low-RCDRS groups. Data are represented as mean (SD).

through multiple modalities and revealed the complex interplay of the tumor ecosystem during HCC development and progression.®*** For
example, Chen et al.*® had constructed an effective classification strategy to predict HCC progression and immunotherapy response by
revealing metabolites and protein interactions (MPIs) in HCC development. However, there is still a lack of a systematic and comprehensive
potential efficacy marker to indicate the prognosis and ICls efficacy in HCC patients. Here, based on the critical roles of non-apoptotic RCD in
determining tumor progression, TIME infiltration, and ICls responsiveness, a total of 507 non-apoptotic RCD genes and 368 TCGA HCC sam-
ples were assigned into two optimal clusters, with better prognosis in cluster 1 groups than in cluster 2 groups. These results suggested that
non-apoptotic RCD genes could mediate the classification of HCC subtypes. Meanwhile, we further systematically analyzed the significant
differences in biological functions, TIME characteristics, mutation patterns, and epigenetic alternations between the two clusters, and estab-
lished areliable RCDSR panel. Moreover, the accuracy and predictive value of the panel in the prognosis and precision therapeutic of patients
was validated by tissue samples and two cohorts, respectively.

Now, there are two important strategies to target immunosuppression in HCC, one is targeting VEGF signaling and another is targeting
TGF-B signaling, whereas more than half of the HCC patients are still not responded to the combination targeted therapy.® Several potential
targeted signaling pathways have been proposed, such as Wnt/B-catenin activation involved in immune exclusion in HCC and considered as a
potential biomarker of immunotherapy resistance, but still need prospective confirmation.® In this study, we used GSVA to find significant
differences in TIME and biological characteristics of the non-apoptotic RCD clusters, it manifested that mitotic spindle was activated in the
cluster1 group, while KRAS signaling was downregulated in the cluster2 group. These meanings that mitotic spindle®” and KRAS signaling™
might be a critical pathway in targeting non-apoptotic RCD in HCC. Given the importance of immune cell infiltration for tumor immunotarget
therapy, we focus on the immune cells in TIME which might affect tumors’ behaviors and their responses to therapy. Besides, immune cell
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Figure 8. Continued

(H) Kaplan-Meier analysis of the high- and low-RCDRS subgroups in the Liu et al. cohort.

() Kaplan-Meier analysis of the high- and low-RCDRS subgroups in the non-immunotherapy cohorts (TCGA-BLCA).

(J) Kaplan-Meier analysis of the high- and low-RCDRS subgroups in the non-immunotherapy cohorts (TCGA-SKCM). ns = not statistically significant, *p < 0.05,
**p < 0.01, ***p < 0.001. Data are represented as mean (SD).

subtype analysis also revealed significant differences between the two clusters, including a variety of T cells, B cells, and DC cells. In summary,
these results demonstrated that non-apoptotic RCD could regulate the TIME characteristics and immune cells infiltrating in HCC. Unfortu-
nately, our understanding of the other cellular and non-cellular components in TIME and their mechanisms of action is insufficient.

HCC is an extremely heterogeneous tumor both in pathologically and molecular level, and this phenotype is closely related to gene mu-
tation and transcriptome classification, which also affects the biological behavior and clinical characteristics of cancer cells.®” Therefore,
further exploration of gene mutation and transcriptome analysis based on non-apoptotic RCD will be helpful for immunotherapy and prog-
nostic monitoring of HCC. Previous research has shown that the most common gene mutations in HCC were TP53,°® CTNNB1*? and
ARID1A.“% In our study, we determined four SMG including TP53, ALB, OBSCN, and SPTA1 in LIHC samples among non-apoptotic RCD sub-
types. TP53 mutation is mainly identified in multiple poorly differentiated cancers and its inactivation in HCC was noticeably linked with clinical
correlates, pathological and non-apoptotic RCD.""*? The mutational signatures extracted from COSMIC database showed that cluster1
groups were mainly related to DNA damage and repair, while cluster2 might associated with factors such as smoking. Moreover, we further
found 1921.3, 5935.3, and 6p25.2 amplifications, 1p36.11, 4921.3, 4924 deletions, and more copy number gain and loss in cluster! groups
besides 6p21 (VEGFA) and 11913 (FGF19/CNND1) amplifications and 9 (CDKN2A) homozygous deletions had previously reported in
HCC.”® In addition, we also found that non-apoptotic RCD could not only directly promote methylation modification in HCC cells, but
also promote the expression of methylation-modified genes. This further demonstrated that the role of non-apoptotic RCD in epigenetic
alterations in HCC progression could not be ignored.

There are many factors which impact on the overall survival of HCC. In our study, we found multiple differences between the two RCD
subtypes. The prognosis of the cluster! subtype was poorer compared to the cluster2 subtype. Meanwhile, we found higher mutation levels
of TP53 in the cluster1 subtype (Figure 3A). The mutation patterns also indicated that the cluster1 subtype may have a deficiency in DNA dam-
age and repair. In addition, cluster1 patients also had higher CNV, both at the arm and focal levels (Figure 4B). The results of the TIME showed
that there were differences in the levels of multiple immune cell types (T cells CD4 memory resting, T cells CD4 memory activated, T cells CD4
naive) between the two subtypes (Figure 2B). Overall, the prognostic differences between the two subtypes may be explained by the above
multiple-omics.

Through above studies, we can see clearly that non-apoptotic RCD had significant value in HCC classification. However, few tumors prog-
nostic models have focused on predicting HCC prognosis and ICls efficacy based on non-apoptotic RCD-associated markers. Therefore, it is
essential to construct a non-apoptotic RCD-based panel RCDRS as an independent prognostic biomarker for predicting HCC prognosis and
ICls efficacy. Here, we finally constructed an RCDRS which obtained four mRNAs by multiple regression analysis. PLOD2 and G6PD, the non-
apoptosis RCD (necroptosis, ferroptosis, autophagy)-related gene signature which can as an effective prognostic marker associated with
prognosis, immune landscape, drug sensitivity, and HCC tumorigenesis.” " And FTCD and ADH4(inflammation-associated ferroptosis
signature)’ as a tumor suppressor gene, over-expression of FTCD and ADH4 significantly inhibited the proliferation and promoted apoptosis
in HCC.*°" Most importantly, the expression and cellular localization of these four genes in HCC and adjacent normal tissues were verified in
detail from the perspective of gene expression and protein translation by multiple assays. All the results finally proved that non-apoptotic RCD
plays a critical role in HCC carcinogenesis. This further indicated that our RCDRS panel based on the four key non-apoptotic RCD genes was
reliable and effectivity.

Meanwhile, we used TCGA-LIHC patients for corresponding validation, and the results showed that high-RCDRS group had a markedly
lower survival probability than that the low-RCDRS group, and the calibration plots for the 3- and 5-year OS predicted well. Although the
3- and 5-year OS were not significantly different from those of many other reported models.>~>* The main advantage of our study is that
it combined TME characteristics and biological features, mutation patterns, genetic and methylation changes non-apoptotic RCD for
HCC patients. Therefore, this RCDRS panel still might be a promising tool for clinicians to comprehensively assess the patient’s prognosis
and chemotherapy and ICls efficacy in the future.

To further understand the clinical applicability and practicability of RCDRS, the relationship between RCDRS and clinical therapy was
explored by XSum algorithm and TIDE tool. The results showed that high-RCDRS group patients had drug benefits in STOCK1N.35696
and had the lower estimated IC50 in anti-tumor drugs (cisplatin, paclitaxel, and sorafenib) which can induce non-apoptotic RCD.>** These
findings provided a promising therapy opportunity for HCC patients, but further clinical validations are needed to verify. In addition, the
responsiveness analysis of immune checkpoint blockade also showed a trend toward higher ICls efficacy in patients with low-RCDRS. Amaz-
ingly, when we validated the predictor efficiency of RCDRS in two immunotherapy cohorts, it also showed that low-RCDRS patients had better
OS. This indicated that our RCDRS might be used as an effective predictor of prognosis and ICls efficacy not only in patients with HCC, but
also in patients with other cancers.

In conclusion, our preliminary analysis found that non-apoptotic RCD played a key role in HCC progression and prognosis. Based on this
clue, the significant differences in biological functions, TIME characteristics, mutation patterns, genetic and methylation alternations between
the two clusters were systematically analyzed. The RCDRS scoring panel for risk assessment of HCC patients was established, and the key
reliability was verified by HCC tissues. Moreover, we found that the scoring panel could screen better responsive chemotherapy and
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immunotherapy drugs for cancer patients and validated the scoring panel in two immunotherapy cohorts. In short, we established a panel for
predicting the prognosis and potential therapeutic drug selection in HCC patients, which may improve the clinical demand of HCC to a
certain extent.

Limitations of the study

However, our study still presents several limitations. First, these conclusions are mainly based on bioinformatics mining of public databases,
and their reliability still needs to be verified by more clinical HCC samples. Second, with the core research of non-apoptotic RCD, this study
has discovered many valuable results in HCC progression, such as various immune cell infiltration and epigenetic alternations. How they
interact with each other, and then affect the progression, therapy, and prognosis of HCC, which were not well elucidated in this study. Finally,
this study was only a preliminary finding of the importance of non-apoptotic RCD in HCC and its feasibility for the classification, However, the
underlying mechanisms of these RCDRS in HCC progression and immune escape have not been thoroughly studied.
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TCGA-LIHC clinical data UCSC Xena https://xenabrowser.net/datapages/
GSE116174 GEO https://www.ncbi.nlm.nih.gov/geo

Hallmark gene sets
Signaling pathways
Signaling pathways

Mutational Signatures

Molecular Signaling Database (MSigDB)
FerrDb
Human Autophagy Database (HADb)

Catalog of Somatic Mutations in Cancer

https://www.gsea-msigdb.org/gsea/msigdb
http://www.zhounan.org/ferrdb/current/
http://www.autophagy.lu/index.html

https://cancer.sanger.ac.uk/signatures/

signatures_v2/

Oligonucleotides

Primer for gRT-PCR assay

Sangon Biotech

Table S3

Software and algorithms

R (4.1.1)

ssGSEA

Chemotherapeutic response prediction
Consensus clustering analysis

GSVA

Somatic mutation gene analysis

Differential methylation-driven genes identification
Draw waterfall plot and heatmap

Matching method for drug retrieval

Cut-off value

R Core Team

‘GSEABase’ R package
‘PRRophetic’ R package
ConsensusClusterPlus package
‘GSVA' R package

‘maftools’ R package
‘MethylMix’ R package
‘Complex HeatMap' R package
eXtreme Sum algorithm

‘survminer’ R package

https://www.r-project.org/
http://www.bioconductor.org
https://github.com/
https://bioconductor.org/
https://bioconductor.org/
https://bioconductor.org/
https://bioconductor.org
https://bioconductor.org
https://github.com/

https://www.rdocumentation.org/

RESOURCE AVAILABILITY
Lead contact

Further information and requests for resources and materials should be directed to and will be fulfilled by the lead contact, Fu-Bing Wang

(wfb20042002@sina.com).
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Materials availability

This study did not generate new unique reagents.

Data and code availability
e Datasets analyzed during the current study are available from open-access databases. Accession numbers for these databases are
listed in the key resources table.
e Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.
e No custom codes were used in the study.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The samples were all from HCC tissues with precise histological and pathological diagnoses. All cases in this study were anonymous and pro-
cessed according to legal requirements and medical standards, approved by the Research Ethics Committees of Zhongnan Hospital (Ethical
Approval number: 2023013). Informed consent was obtained from all patients for being included in the study. The clinical information of all
HCC patients was summarized in Table S4.

Ethics statement

The human tissue sample used in this study were approved by the Research Ethics Committees of Zhongnan Hospital (Ethical Approval num-
ber: 2023013) and in accordance with the Helsinki Declaration of 1975, as revised in 2013. Informed consent was obtained from all patients for
being included in the study.

METHOD DETAILS

Publicly data collection and preprocessing

The TCGA and GEO databases were utilized to gather publicly available gene expression data and associated clinical information for liver
cancer. Here, we excluded patients with no survival information before analysis. The R software was employed to extract the RNA-seq frag-
ments per kilobase of per million (FPKM) values and clinical data for the TCGA-Liver Hepatocellular Carcinoma (TCGA-LIHC: https://portal.
gdc.cancer.gov/projects/TCGA-LIHC) cohort. Afterward, the FPKM values were transformed into transcripts per kilobase million (TPM)
values. The batch effects were corrected by ComBat method and verified by principal component analysis (PCA). The initial step involved
downloading the raw "CEL" files of the GEO microarray data. Subsequently, a robust multiarray averaging method was applied for proper
normalization purposes. In total, we obtained TCGA-LIHC (N = 368) and GEO cohort: GSE116174 (N = 64) datasets as the eligible liver cancer
cohorts for subsequent analysis. The workflow is shown in Figure S1 and the baseline characteristics of TCGA-LIHC cohort is summarized in
Table S1.

Consensus cluster of non-apoptotic RCD-related genes

We extracted 507 non-apoptotic RCD genes from published literature,'® FerrDb database: http://www.zhounan.org/ferrdb/current/, Human
Autophagy Database (HADb: http://www.autophagy.lu/index.html), and MSigDB database: https://www.gsea-msigdb.org/gsea/msigdb/
index.jsp (M24370 and M24779). The ConsensusClusterPlus package was employed to perform a consensus clustering analysis in order to
identify unique transcriptional regulation patterns associated with non-apoptotic regulated cell death (RCD). To ensure reliability, this
step was repeated up to 100 times.

TIME infiltration and immunophenoscore (IPS) analysis

Single sample gene set enrichment analysis (ssGSEA) was utilized to assess the relative infiltration levels of 25 various immune cell types in
HCC patients. The enrichment scores represented the relative infiltrating abundance of each immune cells. The IPS was created based on
immune-related genes as described previously.”® Higher IPS represents better ICls efficacy.

Geneset variation analysis (GSVA)

The "Hallmark gene sets" obtained from MSigDB were utilized for GSVA enrichment analysis performed with the "GSVA" R package. The
resultant GSVA scores reflect the differential biological pathways of gene sets in each sample across various non-apoptotic regulated cell
death (RCD) groups.

Genomic mutation, methylation diver gene and copy number variation (CNV) analysis

The significantly mutated genes were analyzed by comparing the somatic mutation data from the TCGA database using the R package "maf-
tools". The cosine similarity method was used to extract the difference between the obtained mutational signature and the mutation data-
base (COSMIC V2). The differential methylation-driven genes were identified by the methylation data (TCGA-LIHC Illumina Human
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Methylation 450) from the TCGA database using the MethylMix package. A waterfall plot and heatmap were drawn by the “"Complex
HeatMap"” R package to analyze the significantly variation CNV segments (alternation frequency >0.3) between two non-apoptotic RCD
subtypes.

Generation of non-apoptotic RCD-related signature in HCC patients

The relationship between non-apoptotic regulated cell death (RCD)-related mRNAs and overall survival (OS) in HCC patients was investigated
using univariate Cox regression analysis. Lasso Cox regression and multiple stepwise regression analysis were performed only for mMRNAs with
statistically significant differences. Afterward, multiple regression coefficients were used to establish non-apoptotic RCD-related signature
(RCDRS) evaluation panels based on four genes (PLOD2, G6PD, FTCD, and ADH4). Using the coefficients of four enrolling genes obtained
from the linear regression model, RCDRS score were calculated according to the following formula:

RCDRS score = ZCoei * Expi

i=1

The Coei and Expi represented the gene expression coefficients and the corresponding gene expression levels, respectively. RCDRS
scores were computed for patients with HCC, and subsequently, they were categorized into high- and low-RCDRS groups based on a
cut-off value determined using the survminer package in R. The OS efficiency of patients in the two groups was then evaluated through
Kaplan-Meier analysis. The GSE116174 cohort served as the independently validated cohort to verify the value of this RCDRS panel.

Prediction of chemotherapeutic responses and potential small molecule drugs

To predict the chemotherapy response in HCC patients, the R package "pRRophetic"? was employed. Ridge regression was utilized to es-
timate the half maximal inhibitory concentration (IC50), and the accuracy of the predictions was evaluated through a 10-fold cross-validation
using the GDSC training set.”” Potential small molecule drugs for HCC patients’ treatment were screened from the Connection graph (CMap)

database by eXtreme Sum (XSum) algorithm.®"

HCC patients tissue samples collection

20 pairs of HCC tumor tissues and the corresponding matched adjacent normal tissues were collected from all primary HCC patients under-
going surgery between January 2021 and June 2022 in Department of hepatobiliary and pancreatic surgery of Zhongnan Hospital of Wuhan
University. HCC was diagnosed according to the practice guideline by American Association for the Study of Liver Diseases (AASLD).* All
participants signed informed consent, none received local, systemic treatment before surgery, and tissues collected from the surgery
room were immediately stored in liquid nitrogen tanks. This study was approved by the Medical Ethics Committee of Zhongnan Hospital
of Wuhan University (Kelun [2021007-1K]).

Quantitative real-time PCR (qRT-PCR) analysis

Total RNAs were extracted from tissues with Trizol reagent (Thermo Fisher Scientific, USA), and then reverse transcribed cDNA was generated by
the HiFiScript gDNA Removal RT MasterMix kit (CWBIO, China). The gRT-PCR was performed using the CFX Connect real-time PCR system (Bio-
Rad, USA) and MagicSYBR Mixture kits (CWBIO, China). The GAPDH was used as a control in PCR runs. And the date was analyzed by the 2-AACt
method.®® All experiments were performed in triplicate independent. The gene-specific primer sequences are listed as follows in Table S3.

Immunohistochemistry staining

Immunohistochemical staining was performed according to the standard laboratory procedures. The tissue samples were fixed with parafor-
maldehyde, dehydrated with different concentrations of ethanol, and then embedded in liquid paraffin to make 5 pm thick sections. All these
reagents were provided by the Department of pathology, Zhongnan Hospital. Slides were nonspecifically covered with sodium citrate antigen
repair solution (pH 6.0) and 3% BSA before sequential incubation with anti-PLOD2 antibody (21214-1-AP, Proteintech), anti-G6PD antibody
(25413-1-AP, Proteintech), anti-FTCD antibody (21959-1-AP, Proteintech) and anti-ADH4 antibody (16474-1-AP, Proteintech) at 4°C overnight.
Then incubated with HRP-conjugated secondary antibodies, followed by the addition of 3,3' -diaminobenzidine and hematoxylin for chromo-
genic reaction, and the positive cells were observed and counted under a slice scanner (Pannoramic SCAN,3DHISTECH CaseViewer,
Hungary). The immunohistochemical staining images all originated from the same patient sample.

Multiplexed immunofluorescence staining

The expression of PLOD2, G6PD, FTCD, and ADH4 in HCC tissue microarray (D181Lv01, bioaitech, China) were detected by multiplexed
immunofluorescence staining. Multiplexed immunofluorescence staining was conducted as previously described.** Briefly, the slides were
deparaffinized and dehydrated, antigen retrieval, and endogenous peroxidase and antigen blocking followed by sequential incubation
with corresponding specific antibodies, and then tyramide signal amplification (TSA) systems was performed for multiplexed immunofluores-
cence staining, and nucleus DNA was counterstained with DAPI (Biosharp, Guangzhou, China) and then observed under a slice scanner (Pan-
noramic SCAN,3DHISTECH CaseViewer, Hungary) and the positive cells were counted.
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QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analyses were carried out using R4.1.1 software. Differences among three or more groups were assessed using the Kruskal-Wallis
test. The consensus clustering method was applied to cluster non-apoptotic regulated cell death (RCD), and Kaplan-Meier analysis was em-
ployed to generate survival curves for prognostic analysis of HCC patients. Fisher's exact test was used to examine the relationship between
clinical characteristics and the two clusters. Univariate and multivariate Cox regression analyses were performed to investigate the association
between RCDRS and the prognosis of HCC patients. Statistical significance was defined as p < 0.05. *p < 0.05, **p < 0.01, ***p < 0.001.

Additional resources
This study did not generate additional data.
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