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Abstract

Background Cancer cell growth, metastasis, and drug resistance are major challenges in treating liver hepatocellular carci-
noma (LIHC). However, the lack of comprehensive and reliable models hamper the effectiveness of the predictive, preventive,
and personalized medicine (PPPM/3PM) strategy in managing LIHC.

Methods Leveraging seven distinct patterns of mitochondrial cell death (MCD), we conducted a multi-omic screening of
MCD-related genes. A novel machine learning framework was developed, integrating 10 machine learning algorithms with
67 different combinations to establish a consensus mitochondrial cell death index (MCDI). This index underwent rigorous
evaluation across training, validation, and in-house clinical cohorts. A comprehensive multi-omics analysis encompassing
bulk, single-cell, and spatial transcriptomics was employed to achieve a deeper insight into the constructed signature. The
response of risk subgroups to immunotherapy and targeted therapy was evaluated and validated. RT-qPCR, western blotting,
and immunohistochemical staining were utilized for findings validation.

Results Nine critical differentially expressed MCD-related genes were identified in LIHC. A consensus MCDI was con-
structed based on a 67-combination machine learning computational framework, demonstrating outstanding performance
in predicting prognosis and clinical translation. MCDI correlated with immune infiltration, Tumor Immune Dysfunction
and Exclusion (TIDE) score and sorafenib sensitivity. Findings were validated experimentally. Moreover, we identified
PAKI1IP1 as the most important gene for predicting LIHC prognosis and validated its potential as an indicator of prognosis
and sorafenib response in our in-house clinical cohorts.

Conclusion This study developed a novel predictive model for LIHC, namely MCDI. Incorporating MCDI into the PPPM
framework will enhance clinical decision-making processes and optimize individualized treatment strategies for LIHC
patients.

Keywords Liver hepatocellular carcinoma - Predictive preventive personalized medicine (PPPM / 3PM) - Ulti-omic - Ell
death - Achine learning - Orafenib - Mmunotherapy
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CcC Consensus clustering

CI Confidence interval

CNV Copy number variation

DCA Decision curve analysis

EPO Erythropoietin

G6PD Glucose-6-phosphate dehydrogenase

GDSC Genomics of Drug Sensitivity in Cancer

GEO Gene Expression Omnibus

GINS1 GINS complex subunit 1 (SId5 homolog)

GO Gene ontology

GSVA Gene set variation analysis

HR Hazard ratio

IHC Immunohistochemistry

1ICGC International Cancer Genome Consortium

KEGG Kyoto Encyclopedia of Genes and
Genomes

LASSO Least absolute shrinkage and selection
operator

LOOCV Leave-one-out cross-validation

LIHC Liver hepatocellular carcinoma

MCD Mitochondria-associated cell death

MCD-DEGs Mitochondria-associated cell death differ-
entially expressed genes

MCDI Mitochondrial cell death index

MCDS Mitochondria-associated cell death signa-
ture genes

NC Normal controls

OS Overall survival

PAK1IP1 P21-activated kinase 1 interacting protein 1

PCA Principal component analysis

PPPM Predictive, preventive, and personalized
medicine

RFS Recurrence-free survival

RT-qPCR Reverse transcription-quantitative polymer-
ase chain reaction

ROC Receiver operating characteristic

RSF Random survival forest

TIDE Tumor Immune Dysfunction and Exclusion

TIMER Tumor Immune Estimation Resource

UMAP Uniform Manifold Approximation and
Projection

SD Standard deviation

Introduction

Liver hepatocellular carcinoma (LIHC) is a highly preva-
lent malignancy worldwide and ranks as the third most
common cause of cancer-related deaths globally [1].
Despite substantial advances in cancer diagnosis and
therapy, most LIHC patients are diagnosed at an advanced
stage, precluding the possibility of curative interventions
and resulting in dismal clinical outcomes. Therefore,
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identifying more sensitive diagnostic and prognostic bio-
markers, as well as effective predictors to stratify patients
for personalized therapy, is of great scientific signifi-
cance and clinical importance in the treatment of LIHC.
Immunotherapies, such as immune checkpoint blockade
(ICB) therapy, have exhibited clinical efficacy in a sub-
set of LIHC patients. However, due to the intricate tumor
immune microenvironment (TME) and the high hetero-
geneity of LIHC, the cellular mechanisms of the LIHC
response to immunotherapy remain poorly understood,
and only a minority of patients respond favorably to ICI
treatment [2]. Sorafenib was the first approved first-line
targeted therapy for advanced LIHC; nevertheless, the
inevitable development of acquired resistance limits its
efficacy [3]. Therefore, the exploration of the underlying
mechanisms concerning the response to immunotherapy
and targeted therapy in LIHC can provide potential tar-
gets and a theoretical basis for drug design and clinical
treatment.

Mitochondria play a significant role in regulating cell
death-related pathways, and dysregulation of mitochon-
drial function can activate alternative cell death signals,
including those related to apoptosis, autophagy, necropto-
sis, ferroptosis, pyroptosis, cuproptosis, and disulfidptosis,
which are implicated in the development and progression
of various cancers, such as LIHC, lung cancer, and breast
cancer [4-9]. Apoptosis is a well-studied form of pro-
grammed cell death (PCD) that prevents cancer develop-
ment by eliminating damaged or abnormal cells through
a series of morphological and biochemical changes [7, 9,
10]. Multiple experiments, both in vivo and in vitro, have
demonstrated that defects in apoptosis are closely associ-
ated with the proliferation and differentiation of hepato-
cellular carcinoma cells [9, 10]. Autophagy is a cellular
process in which damaged organelles and proteins are
degraded, and this process plays a crucial role in main-
taining cellular homeostasis. Dysregulation of autophagy
is also connected with the development and progression
of multiple cancers [11, 12]. Accumulating evidence
demonstrates that autophagy can affect various biological
behaviors of LIHC, including occurrence, development,
recurrence, metastasis, and drug resistance [13]. Ferrop-
tosis is another type of proinflammatory cell death char-
acterized by the accumulation of lipid peroxides and iron-
dependent reactive oxygen species [14], which correlates
with the occurrence and development of various diseases,
such as Parkinson’s disease, ischemia—reperfusion injury,
and tumors. It has been reported that LIHC shows varying
degrees of iron metabolism disorders and ferroptosis char-
acteristics, such as lipid peroxidation accumulation lead-
ing to the progression of LIHC and resistance to sorafenib
treatment [15]. Recently, Xiaoguang Liu et al. identified a
new type of mitochondrial metabolism-related PCD named
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disulfidptosis [5]. According to the study, high expression
of SLC7A11 in kidney cancer cells accelerates the deple-
tion of NADPH in the cytoplasm under glucose-deprived
conditions, which results in an inalterable accumulation
of disulfides and induces disulfide stress, ultimately lead-
ing to disulfidptosis. However, the role of disulfidptosis-
related genes in LIHC remains unclear. In addition, there
are also various forms of PCD that are related to mitochon-
drial metabolism function, including necroptosis, pyrop-
tosis, and cuproptosis, which also play a significant role
in the carcinogenesis and development of LIHC [6, 11].
Although the role of the main mitochondrial cell death
forms in cancers has been widely studied, the associa-
tion between these death forms as a whole and antitumor
immunity in LIHC requires further elucidation.

Working hypothesis

In the field of modern medicine, the concept of 3P medi-
cine, encompassing predictive, preventive, and personalized
strategies, has emerged as a pivotal approach to enhancing
patient care. Predictive medicine aims to forecast disease
risk and therapeutic outcomes, preventive medicine focuses
on measures to avert disease onset or progression, and per-
sonalized medicine tailors treatments to an individual’s
genetic and lifestyle factors. By integrating these principles,
we can better address the challenges posed by LIHC, where
early detection and effective, tailored interventions are cru-
cial for improving patient outcomes. Therefore, exploring
the role of mitochondrial cell death (MCD)-related genes in
LIHC could provide a better understanding of the molecular
mechanism of LIHC carcinogenesis and a novel perspec-
tive for personalized LIHC therapy in the context of 3P
medicine.

Study design

In the present study, we identified nine mitochondria-asso-
ciated cell death signature genes (MCDS) in LIHC and con-
structed a mitochondria cell death index (MCDI) to explore
the association of MCDS and MCDI with the carcinogenesis
of LIHC at the bulk, single-cell, and spatial transcriptomic
levels. The genetic and mutation landscape of these genes
in LIHC was investigated, and a predictive model for LIHC
was constructed. Moreover, the association of MCDS levels
and the MCDI with the immune system features was exam-
ined. In addition, the immunotherapy and targeted therapy
response of MCDS/MCDI in LIHC was also investigated
and verified. The purpose of our study is to offer guidance
for prognosis forecasting and therapeutic strategies, align-
ing with the principles of 3P medicine. The workflow of our

study is visually represented in the graphic abstract, illustrat-
ing the methodological approach undertaken.

Materials and methods
Data acquisition and preprocessing

RNA-sequencing (RNA-seq) expression data (log2 con-
verted) of 371 LIHC patients and 276 normal samples were
obtained from The Cancer Genome Atlas (TCGA): https://
portal.gdc.com and the GTEx databases: https://commo
nfund.nih.gov/GTEX, respectively. Transcriptomic expres-
sion profiling data of three LIHC cohorts were downloaded
from the Gene Expression Omnibus (GEO): https://www.
ncbi.nlm.nih.gov/geo/ (GSE14520), International Cancer
Genome Consortium (ICGC): https://dcc.icgc.org/ (ICGC-
LIRI), and Wang’s study: [16—19], respectively. In addition,
the corresponding clinicopathological characteristics of the
LIHC patients from the cohorts mentioned above were also
obtained. Single-cell RNA sequencing (scRNA-seq) data of
LIHC patients were collected from the GSE156625 data-
set: https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=
GSE156625.

MCD gene list

The MCD-related genes were collected from the KEGG,
GSEA gene sets, and previous articles by combining seven
mitochondria-associated cell death forms, namely, disulfidptosis
(1771 genes), cuproptosis (14 genes), necroptosis (101 genes),
autophagy (367 genes), ferroptosis (88 genes), pyroptosis (52
genes), and apoptosis (580 genes) [5, 6, 8] (Table S1).

Identification of the MCD-DEGs in LIHC

Transcriptome data of 371 LIHC patients and 276 normal
samples from the TCGA and GTEx cohorts were com-
pared using the “limma” package in the R software with
adjusted p-value <0.05 and l1og2FCI|> 1. We performed
Cox regression analysis on the TCGA-LIHC, ICGC-
LIRI, and GSE14520 cohorts to identify genes associated
with prognosis, using a p-value threshold of < 0.05. The
intersecting genes of the above analyses were identified
as differentially expressed genes (DEGs). After intersect-
ing the screened DEGs with genes associated with each
type of mitochondrial-associated cell death, the MCD-
DEGs were obtained.

Identification of the MCDS

To further identify the MCD-DEGs that are associated
with the prognosis of LIHC patients, 10 machine learning
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algorithms were integrated, including survival support vec-
tor machine (survival-SVM), generalized boosted regres-
sion modeling (GBM), supervised principal components
(SuperPC), partial least squares regression for Cox (plsR-
cox), CoxBoost, stepwise Cox, Ridge, the least absolute
shrinkage and selection operator (LASSO), elastic network
(Enet), and random survival forest (RSF) (a total of 67
combinations) [20]. To develop the consensus MCD-DEGs
signature with high stability performance, the 67 machine
learning algorithm combinations were fitted in the leave-
one-out cross-validation (LOOCV) framework. According
to Harrell’s C-index of each algorithm combination, the final
suitable model was selected.

Variation analysis of the MCDS

The cBioPortal (http://www.cbioportal.org/) database [21]
was used to explore the mutation landscape of MCDS in
LIHC based on 348 LIHC samples (with full expression,
mutation, and copy number variation data) from the TCGA
database. The coexpression patterns of the MCDS in LIHC
and their varied characteristics are shown as a Circos plot.

Consensus clustering and principal component
analysis

Consensus clustering (CC) analysis was carried out using the R
package “ConsensusClusterPlus” [22]. The algorithmic model
was configured to implement agglomerative “pam” clustering,
utilizing a Spearman correlation distance metric and resampling
80% of the sample population for a total of 1000 iterations.
Using the R package “stats,” we conducted principal compo-
nent analysis (PCA), whereby the expression data were normal-
ized by calculating the z score, and a dimensionality reduction
analysis was performed using the prcomp function to obtain
an optimized low-dimensional matrix for downstream analyses.

Functional enrichment analysis

Encyclopedia of Genes and Genomes (KEGG) and Gene
Oncology (GO) analyses of the DEGs were performed using
the “clusterprofiler” and “ggplot2” R packages. The differ-
ent HALLMARK functions between the MCDI-high and
MCDI-low groups in the three cohorts were explored using the
“GSVA” package of R with the “h.all. v2022.1.Hs.symbols.
gm” (https://www.gsea-msigdb.org/gsea/msigdb/collections.
jsp) database [23].

Construction of the nomogram model based
on MCDS

MCDS and relevant clinical features were set together to con-
struct the prognostic nomogram model to predict the overall
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survival (OS) of LIHC patients in three cohorts [24]. Cali-
bration analysis, decision curve analysis (DCA), and receiver
operating curve (ROC) analysis were performed using the
“rms,” “survival,” and “timeROC” R packages [25, 26].

Single-cell sequencing analysis of the MCDS

Single-cell RNA-seq data from the GEO database
(GSE156625) for LIHC was downloaded and analyzed using
the “Seurat” package (version 4.4.1). After a series of stand-
ard quality procedures using the “NormalizeData,” “Find-
VariableFeatures,” “ScaleData,” “RunPCA,” “FindNeigh-
bors,” “FindClusters,” “RunUMAP,” and “FindAllMarkers”
functions, a total of 78,274 cells were included for further
analysis. The “SingleR” function and the known markers
from the literature were used to assign cell types [27]. The
biological function of the marker genes in each cell type
was identified using the “ClusterGVis” and “org.Hs.eg.db”
R packages and the “enrichCluster” function [28]. Using the
“inferCNV” package in R [29], epithelial cells were identi-
fied as either malignant epithelial cells or normal liver cells.
The CNVs of malignant cells in the epithelial cells were
calculated with fibroblasts as a reference. Pseudotime analy-
sis was conducted using the R packages “CytoTRACE” and
“Monocle2” [30, 31]. Moreover, the “AddModuleScore”
function was used for the signature-specific score calcula-
tion based on the MCDS.

Tumor microenvironment analysis

The expression data of MCDS and the levels of various
infiltrating immune cells in the TCGA-LIHC and ICGC-
LIRI LIHC cohorts were downloaded and analyzed using the
TIMER, CIBERSORT, EPIC, and MCPcounter algorithms
via the “IOBR” package [32].

Immunotherapy and targeted therapy response
prediction

Accumulating evidence suggests that the immune checkpoint
mechanism plays a crucial role in suppressing the T-cell-
mediated antitumor immune response within the tumor
microenvironment [33]. To evaluate the association between
the MCDS/MCDI and the level of immune checkpoint mol-
ecules in LIHC, we selected eight immune checkpoint-
related transcripts, namely, CD274, CTLA4, HAVCR2,
LAG3, PDCD1, PDCD1LG2, TIGIT, and SIGLEC15, and
extracted their respective expression values for the corre-
sponding cohorts. The Tumor Immune Dysfunction and
Exclusion (TIDE) algorithm [34] was then used to predict
the immunotherapy response between the MCDI-high and
low groups, while the Genomics of Drug Sensitivity in Can-
cer (GDSC) database [35], accessed via https://www.cance
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rrxgene.org/, was utilized to predict the efficacy of sorafenib
in LIHC patients with varying MCDI values.

Analysis of spatial transcriptomics

Spatial transcriptomics (ST) data pertaining to LIHC were
retrieved from the Mendeley Data (https://data.mendeley.
com/datasets/skrx2fz79n/1) [36] and subsequently reana-
lyzed utilizing the “Seurat” package (version 4.4.1). The
process of quality control was meticulously executed in
accordance with methodologies delineated in previously
published literature [36]. Additionally, the signature score
of the MCDI was incorporated into the metadata of the ST
dataset employing the “AddModuleScore” function, utilizing
default parameters within “Seurat.” To visualize the spatial
expression patterns, the “SpatialFeaturePlot” function of
the “Seurat” package (version 4.4.1) was employed. Spots
exhibiting an MCDI score exceeding 0 were classified as
positive.

Validation of the immunotherapy response of MCDI

Seven ST samples were included in the current study, com-
prised of five LIHC ICB non-responders and two respond-
ers. After calculating the MCDI score within each sample,
the ratio of MCDI-positive spots could be obtained. To
further validate the value of the MCDI index in predict-
ing the response to ICB therapy, we also incorporated 298
bladder cancer patients with complete treatment response
information from the IMvigor210 dataset who received anti-
PD-1 treatment [37]. The MCDI was recalculated using Cox
regression analysis, and the sensitivity of patients with dif-
ferent MCDI scores to ICB therapy was examined.

Reverse transcription-quantitative polymerase
chain reaction (RT-qPCR)

We used the RT-gPCR analysis to detect and compare the tran-
script levels of nine MCDS between normal liver samples (nor-
mal controls: NCs) and three liver cancer cell lines, including
HepG2, HCCLM3, and Huh7. The total RNA was isolated with
an RNA extraction kit (Fastagen), and cDNA was synthesized
by using a reverse transcriptase M-MLYV kit (Takara, Japan)
according to the manufacturer’s instructions. RT-qPCR was
performed on the ABI PRISM 7500 sequence detector (Applied
Biosystems) with an RT-qPCR kit (Promega). The data were
calculated by a standard curve method and normalized to the
expression of the gene-encoding f-actin (human) [38].

Western blotting

The protein level of PAK1IP1 was measured by western blot
analysis using previously described procedures [39]. Briefly,

the samples were denatured by boiling in 1 X SDS loading
buffer. Following electrophoresis on 8—-12% SDS-PAGE
gels, the samples were transferred onto nitrocellulose mem-
branes. Blocking was performed using 5% non-fat dry milk
in PBS with 0.1% Tween 20 for 60 min at room tempera-
ture. Subsequently, specific primary antibodies (PAK1IP1:
Affinity, Df2563) were incubated with the blots overnight
at 4 °C. Washing was performed in PBS with 0.1% Tween
20, followed by incubation with HRP-conjugated secondary
antibodies against rabbit. Finally, the detection was carried
out using an ECL Western Blotting kit (Pierce) after washing
the blots with PBS with 0.1% Tween 20. The signal intensity
was determined using the Tanon 5200 s Chemiluminescent
Imaging System (Tanon).

Immunohistochemistry (IHC)

To assess the prognostic significance of PAK1IP1 in LIHC
patients, a 68-patient clinical cohort (cohort-1) diagnosed
with LIHC was recruited, while a separate cohort (cohort-2)
comprising 90 LIHC patients receiving sorafenib treatment
was used to investigate the treatment effect of Sorafenib
on LIHC among patients with varying levels of PAK1IP1
expression. The clinical characteristics of the enrolled LIHC
patients are presented in Table S2. All participants were
recruited from the Eastern Hepatobiliary Surgery Hospital
(EHBH, Shanghai, China), and the ethical committee of
EHBH approved the sample collection protocol.

The standard immunohistochemistry method [39] was
employed to evaluate gene protein levels across the LIHC
patients in both cohorts. In brief, formalin-fixed liver sec-
tions that were 4 um thick were subjected to immunostaining
for PAK1IP1. The positive area was quantified using Image-
Scope software, as outlined in the manufacturer’s instruc-
tions. The primary antibodies (as used in western blotting)
and the secondary antibodies (anti-rabbit) were employed
according to the manufacturer’s guidelines. Hematoxylin
was utilized as a counterstain for liver slides.

To minimize the bias caused by perioperative death,
patients who died within 30 days were excluded from both
cohorts. The optimal cutoff values of PAK1IP1 expres-
sion were determined to classify the patients into high- and
low-expression groups, and subsequently, the association
between PAKI1IP1 expression and 5-year OS in LIHC
patients was evaluated by comparing these cohorts.

Statistical analysis

Statistical analyses were performed using R software
(v.4.2.1). Differences between the two groups were analyzed
using either Student’s #-test (2-tailed) or Wilcoxon’s rank-
sum test (Mann—Whitney U-test), while the Kruskal-Wal-
lis test was used for comparisons among multiple groups.
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Survival curves were generated using Kaplan—Meier analy-
sis and compared using the log-rank test. Spearman’s rank
test and correlation coefficient were utilized to assess and
quantify the correlation between continuous variables. The
threshold for statistical significance was set at p < 0.05.

Results
Identification of MCDS and model construction

In the study, we utilized a total of 371 patients (368 with
clinical information) from the TCGA database as the train-
ing cohort, while the validation cohorts comprised 243
patients from the ICGC-LIRI and 221 patients from the
GSE14520. The clinical parameters of these patients from
three cohorts are presented in Table S3, and the workflow
of this study is shown in the Graphic abstract. To ensure the
representativeness of the identified DEGs, we took the inter-
section of DEGs from the above three cohorts, and a total
of 246 common DEGs were identified (Fig. 1A, Table S4-
S7). According to the GO and KEGG enrichment analy-
sis, the DEGs were closely associated with the response to
cell cycle and DNA replication-related activity processes
(Fig. 1B, Table S8). After intersecting the DEGs identified
by screening of genes associated with each type of mito-
chondrial cell death, 22 genes related to disulfidptosis, one
gene related to pyroptosis, five genes related to ferroptosis,
seven genes related to apoptosis, and four genes related to
autophagy were identified (Fig. 1C, Figure S1, Table S9).
After removing the repeated genes, 35 MCD-related DEGs
were included for further analysis (Table S9).

As shown in Fig. 1D, StepCox, RSF + StepCox, and
LASSO + StepCox presented the highest c-index in both
datasets (Table S10). To avoid the variable selection bias, we
intersected the RSF and LASSO algorithms (using repeated
tenfold cross-validation) to identify the most suitable MCDS
signature, while the multivariate Cox regression analysis was
implemented for model construction. The model exported the
MCDI of each patient was calculated by adding the products
of gene expression and corresponding coefficients, and the
LIHC patients were divided into MCDI-high and MCDI-low
subgroups based on the median value of the MCDI. Accord-
ing to LASSO regression analysis, nine genes were identified,
including TRIM21, SPC25, CCT6A, GINS1, PAK1IP1, CBS,
G6PD, SFN, and EPO (Fig. 1E, F). Based on the Cox regres-
sion analysis, a nine-gene signature was constructed (Fig. 1G).
The chromosomal location and coexpression pattern of each
MCD-DEG are shown in Fig. 1H. We found that almost all the
MCDS were positively correlated with each other in LIHC,
except for CBS (Fig. 1H). The expression levels of the MCDS
were compared between LIHC samples and normal samples in
the TCGA-LIHC cohort. Our results consistently showed that
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most MCDS (except for CBS and EPO) were overexpressed in
LIHC tissues compared to normal samples (Figure S2A), and
their upregulation in LIHC was significantly associated with
worse clinical outcomes (Figure S2B). To further substantiate
the prognostic value of the nine MCDS in the context of 3P
medicine for LIHC, we initially utilized the Kaplan—Meier
Plotter (https://kmplot.com/analysis/) [40] to assess the rela-
tionship between these MCDS and patient prognosis in the
TCGA-LIHC cohort (Figure S3). Consistent results were
observed in the ICGC-LIRI and GSE14520 validation cohorts
(Figure S4). Additionally, we incorporated a newly published
multi-omics cohort study of 228 HCC patients [16], analyzing
the association between MCDS and clinical features of LIHC,
including Barcelona Clinic Liver Cancer (BCLC) stage and
recurrence-free survival (RFS) (Figure S5-7). The findings
indicated that most MCDS, particularly CCT6A, G6PD, and
PAKIIPI, displayed consistent behavior across all cohorts,
further validating their potential as biomarkers.

In addition, we used the cBioPortal database to evaluate
the alteration landscape of MCDS in LIHC. As shown in
Figure S8A and B, the alteration frequency of the MCDS
in LIHC is low, with PAKIIP1 possessing the highest
mutation frequency (7%).

Construction of MCDI and its association
with clinical characteristics of LIHC

The multivariate Cox regression analysis was performed to
calculate the coefficient of each MCDS in the TCGA-LIHC
cohort. The following formula was employed: MCDI=TRI-
M21.,,%0.15707 — — SPC25.,,%x0.0087927 + CCTO6A-
exp X 0.061738 + GINS1,,,x 0.071776 + PAKII-
PI.,x0.35471 — = CBS.,,%x0.24494 + G6PD-
exp X 0.098825 + EPO,, ;X 0.15885 + SFN,, X 0.025531. A
high MCDI value correlated with worse clinical outcomes,
such as high tumor grade and stage and worse survival, in
the three LIHC cohorts (Fig. 2A—C, G). Based on the expres-
sion data of MCDS, the TCGA-LIHC cohort was classified
into two clusters (C1 and C2) according to the CC analysis
(Fig. 2D). Kaplan—Meier survival analysis was utilized to
explore the association between the OS time and the two
clusters, and we found that patients in C1 had better survival
(Fig. 2E, p <0.001). Moreover, the alluvial diagrams showed
that the majority of the C1 cluster was associated with low
tumor grade, low tumor stage, and low MCDI (Fig. 2F, G).

A high MCDI correlates with worse LIHC patient
survival and with the enrichment of cell
cycle-related pathways

Based on the calculated MCDI value, the LIHC patients in
the TCGA-LIHC cohort, ICGC-LIRI cohort, and GSE14520
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Fig. 1 Identification of MCD-
DEGs and the construction of
consensus MCDI model. A
Three LIHC cohorts were uti-
lized to identify the DEGs, and
the intersection of these genes
was obtained (246). B GO and
KEGG enrichment of the 246
DEGs. C The MCD gene list
contains 35 genes, of which 22
genes from Disulfidptosis, one
gene from Pyroptosis, five genes
from Ferroptosis, seven genes
from Apoptosis, and four genes
from autophagy were identi-
fied. D A total of 67 kinds of
prediction models via LOOCV
framework and further calcu-
lated the C-index of each model
in TCGA-LIHC and ICGC-LIRI
datasets. E RSF algorithm
presents the relative impor-
tance of the MCD-DEGs in the
prognosis of LIHC. F Cross-
validation of the constructed
signature via LASSO regression
analysis. G Univariate Cox
regression analysis for the nine
genes in the TCGA cohort. H
The location, expression, and
correlation of MCD-DEGs in
the TCGA cohort
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cohort were divided into the MCDI-high and MCDI-low
groups, and a high MCDI correlated with worse clinical out-
comes (Fig. 3A, B). The MCDI-high and MCDI-low groups
were effectively separated in all three cohorts using PCA
(Fig. 3C). In a further study, we applied GSVA to explore
the differences in HALLMARK functions between the
subgroups classified by the MCDI. The statistical HALL-
MARK pathways identified in the ICGC-LIRI cohort are
shown in Fig. 3D. Notably, we found that the most com-
mon HALLMARK pathways among the three cohorts were
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ACID_METABOLISM (Fig. 3E). The detailed HALL-
MARK functions are shown in Table S911-13.

Validation of the prognostic ability of MCDI in LIHC

cohorts

We conducted univariate and multivariate Cox regression
analyses to investigate whether MCDI could indepen-
dently predict the prognosis of LIHC. Our results showed
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«Fig.2 Association between MCDI and the clinical features of
LIHC. A—C Raincloud plots of the relationship between MCDI and
different LIHC molecular subtypes in three cohorts. D Unsupervised
clustering of MCD-DEGs in TCGA-LIHC cohort. Patients were
grouped into two molecular clusters when k=2. E Kaplan—Meier
analysis of the prognosis of LIHC patients in different molecular clus-
ters. F Alluvial diagram shows the interrelationship between MCDI
groups, tumor grade, tumor stage, molecular clusters, and survival
status in LIHC patients. G Heatmap of nine MCD-DEGs and clinical
features

that MCDI was a significant risk factor in the univariate
Cox regression model (HR=2.716; 95% CI, 2.077-3.553;
p<0.001, Fig. 4A). After adjusting for potential confound-
ing variables, the multivariate model demonstrated that
MCDI was still a significant independent predictor of LIHC
prognosis (HR=2.475; 95% CI, 1.854-3.304,; p <0.001,
Fig. 4A). In a further study, we developed a nomogram
model in the TCGA cohort to predict the 1-, 3-, and 5-year
OS using multivariable Cox and stepwise regression analy-
ses. The model incorporated stage, T stage, and MCDI as
risk factors (Fig. 4B). Calibration curves demonstrated the
excellent accuracy of this model (Fig. 4C). Furthermore,
DCA revealed that the nomogram model and the MCDI
outperformed the other predictors employed in this study
(Fig. 4D). Based on the nomogram score, significant dif-
ferences in survival were observed between the high- and
low-risk groups (Fig. 4E). The prognostic function of the
MCDI was also validated in the other two LIHC cohorts, and
the nomogram models are displayed in Figure S9A and B.
We also evaluated the area under curve (AUC) values in the
three LIHC cohorts and found that the nomogram exhibited
superior accuracy in predicting the OS of LIHC patients
(Fig. 4D). These findings highlight the potential clinical util-
ity of the nomogram model and MCDI in identifying LIHC
patients at high risk of mortality, facilitating personalized
treatment strategies, and improving patient outcomes. Fur-
thermore, we compared the performance of the constructed
nomogram index and the MCDI against a trivial model using
only age, sex, tumor stage, and tumor grade as predictors.
The DCA curves over 1, 3, and 5 years demonstrate that
our model consistently performs better than these individual
predictors in all LIHC cohorts (Figure S10A-C).

Single-cell analysis suggested MCDS score
correlates with the development of LIHC

To further investigate the expression and distribution of
MCDS at a single-cell resolution, we analyzed scRNA-seq
data for LIHC (GSE156625). After applying several standard
quality control procedures to the data, a total of 78,234 cells
were included in our analysis (Figure S11A-E). The cells were
classified into 28 clusters and annotated into eight cell types
(Fig. 5SA). The marker genes of each cell type are shown in

Fig. 5B, C, and the top five biological processes enriched for
each cell type’s marker genes are also presented. We noticed
that MCDS were enriched in epithelial, fibroblast, and NK
cells (Figure S11F and G). We used inferCNV, an algorithm
that detects cells with significant copy number variations by
sorting expressed genes based on their chromosomal locations
and applying a sliding window of 100 genes within each chro-
mosome to the relative expression values, to identify malig-
nant epithelial cells (Fig. 5D). Accordingly, the epithelial cells
were separated into normal epithelial cells (cluster 8 and 21)
and malignant cells (cluster 7: low malignancy; cluster 15, 20,
22, and 23: middle malignancy; cluster 14, 16, and 24: high
malignancy) (Fig. SE). Subsequently, we predicted the differ-
entiation states of epithelial cells using CytoRACE and Mon-
ocle 2 pseudotime trajectory analyses, and we observed a clear
lineage trajectory stemming from normal cells to malignant
cells and from low/middle malignant cells to high malignant
cells (Fig. 5F, G). Based on the “AddModuleScore” function,
the MCDS score in each cell was calculated, and the expres-
sion levels of the MCDS and the MCDS score in various cell
types are shown in Figure S4F and G. Of notice, we observed a
significant correlation between MCDS score and the malignant
degree of tumor cells (Fig. 5H).

MCDI can predict immunotherapy response in LIHC

The association between the levels of MCDS/MCDI and the
enrichment scores of various immune cells were measured
using various algorithms. Interestingly, we found that most
MCDS expression as well as MCDI was positively associ-
ated with the infiltration of B cells, CD4* T cells, CD8* T
cells, neutrophil, macrophage, and myeloid dendritic cells in
the TCGA-LIHC cohort (Fig. 6A, Table S14). The interaction
between MCDS and the immune cell infiltration in LIHC was
facilitated in the ICGC-LIRI cohort (Table S15). As shown
in Fig. 6B, we noticed that the levels of most MCDS and
MCDI were positively associated with the expression levels
of immune checkpoint molecules both in TCGA-LIHC and
ICGC-LIRI cohorts. Moreover, a high MCDI was also associ-
ated with a high TIDE score both in all three LIHC cohorts,
suggesting that patients with a high MCDI may derive less
therapeutic benefit from immunotherapy than those with a low
MCDI (Fig. 6C).

To validate the utility of MCDI in predicting the response
of LIHC patients to ICB therapy, we conducted ST analy-
sis on tumor sections from seven LIHC patients undergoing
anti-PD-1 treatment, categorized into non-responders (n=5)
and responders (n=2), as depicted in Fig. 7A. Notably, we
observed that the counts of Unique Molecular Identifiers
(UMIs) in ICB non-responders (#P11_T and #P3_T) were
higher than those in responders (#P7_T and #P9_T), suggest-
ing a more complex TME in the non-responders (Fig. 7B).
Further, considering that each spot contained multiple cells,
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Fig.3 Performance of the gene signature prediction model in the
internal training and external validation cohorts. A Distribution of
MCDI according to the survival status and time in TCGA-LIHC,
ICGC-LIRI, and GSE14520 cohorts. B Kaplan—Meier analysis of the
overall survival in the MCDI-high and MCDI-low groups in the three
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independent cohorts. C Principal component analysis (PCA) plot
based on the MCDI in the three independent cohorts. D GSEA analy-
sis of the HALLMARK functions between two MCDI groups in the
ICGC-LIRI cohort. E The interaction of enrichment HALLMARK
functions among the three independent cohorts
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Fig.4 Construction and evaluation of the prognostic nomogram
model. A Univariate and multivariate Cox regression analysis for
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curve analysis (DCA) of a nomogram predicting the 3-year survival
in TCGA-LIHC cohort. E Kaplan—Meier analyses for the two LIHC
groups based on the nomogram score. F Time-dependent receiver
operator characteristic (ROC) analysis of nomogram in TCGA-LIHC,
ICGC-LIRI, and GSE14520 cohorts

and 5-year overall survival in the TCGA-LIHC cohort. D Decision
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«Fig.5 Exploration of MCDI with scRNA. A Louvain clustering of
78,234 cells identifies 28 mega-clusters in the liver. B The heatmap
of the average expression of top ten DEGs among eight cell types of
liver tumor cells. The top five biological processes enriched for each
cell type’s marker genes were presented. C Expression of genes cor-
related with stromal, epithelial, and immune cell types. D The hierar-
chical heatmap showing large-scale CNVs in liver cancer epithelial
cells. E UMAP (Uniform Manifold Approximation and Projection)
plot showing the three sub-clusters of malignant cells. F Predicted
ordering by CytoTRACE, which orders the epithelial cells based
on their developmental potential from normal hepatocyte to malig-
nant cells. Boxplots show the median and interquartile range and
whiskers extend from min to max. G Trajectory analysis by Mono-
cle 2 combining three malignant sub-clusters. H Comparison of the
MCD-DEGs score between the sub-clusters with low/middle and high
degrees of malignancy

we proposed a signature-based strategy to evaluate the enrich-
ment degree of different cell types in each spot (Fig. 7C) [41].
It can be seen that the malignant cells exhibit a high degree of
patient heterogeneity, while stromal and immune cells dem-
onstrate co-localization (Fig. 7C). After calculating the MCDI
score in each ST sample, we found both the MCDI score and
the MCDI-positive cell ratio in ICB non-responders were
higher than that in ICB responders (Fig. 7D-H, Figure S12).

To further elucidate the predictive value of the MCDI in
determining patient responses to ICB treatment, we incor-
porated an additional bladder cancer cohort (the IMvigor210
cohort). As illustrated in Fig. 71, patients exhibiting higher
MCDI scores were associated with reduced OS and a dimin-
ished response to immunotherapy.

In vitro experiments validation of the clinical
significance and targeted therapy response of MCDS
in LIHC

We utilized RT-qPCR analysis to validate the differential
mRNA expression of multiple MCDS between normal liver
cells and liver cancer cell lines. The PCR primer sequences
for each MCDS are shown in Table S16. As depicted in
Fig. 8A to F, the mRNA expression levels of CCT6A,
TRIM21, SPC25, GINS1, G6PD, and PAKIIP1 were found
to be significantly higher in liver cancer cells than in normal
liver cells. Conversely, the expression levels of EPO and
CBS were decreased in liver cancer cells, which was con-
sistent with the bioinformatic analysis results (Fig. 8G and
H). However, it is noteworthy that the expression level of
SFN was found to be decreased in liver cancer cells, which
was not concordant with the bioinformatic findings (Fig. 8I).

Given that sorafenib is commonly prescribed as an ini-
tial treatment for advanced-stage LIHC patients, we lever-
aged the publicly accessible GDSC database to investigate
the correlation between sorafenib IC50 (Sorafenib_30 in
GDSC version 1 and Sorafenib_1085 in GDSC version 2)
and MCDS expression in individuals with LIHC. Strikingly,

the levels of seven of the MCDS and the MCDI were nega-
tively associated with the sorafenib IC50 in LIHC, implying
that patients with a high MCDI might respond favorably to
sorafenib treatment (Fig. 8J).

Since PAKIIP]I presents the highest correlation with
sorafenib IC50 level in LIHC, we thus measured the protein
levels of PAKIIP]I in three different liver cancer cell lines
and in our EHBH cohorts and assessed its potential util-
ity in stratifying individuals who may respond to sorafenib
treatment (Fig. 8K). Our results, as illustrated in Fig. 8L
and M, demonstrated that higher expression of PAKI1IP1
was associated with poorer survival outcomes in cohort 1,
while in the sorafenib-treated cohort (cohort 2), elevated
expression levels of PAK1IP1 was associated with improved
survival outcomes.

Discussion

The novelty of this study within the context of 3P
medicine

To our knowledge, this is the first study that comprehen-
sively explored seven diverse patterns of mitochondrial-
associated PCD, identified nine MCD-DEGs in LIHC, and
constructed a MCDI signature in LIHC in the framework of
the 3P medicine approach. By integrating predictive analyt-
ics, preventive strategies, and personalized approaches, we
have validated the MCDI signature’s performance in two
external cohorts (ICGC-LIRI and GSE14520), underscor-
ing the predictive power of our model. This aligns with the
preventive aspect of 3P medicine by potentially identify-
ing early biomarkers that could aid in early detection and
prevention of disease progression. Moreover, the clinical
applicability of our nomogram model, which combines the
MCDI with relevant clinical parameters, exemplifies the
personalized approach of 3P medicine, offering a tailored
prognostic assessment and therapeutic guidance for LIHC
patients. Importantly, our findings demonstrated a significant
correlation between the MCDI and the tumor microenvi-
ronment as well as drug sensitivity in LIHC. These results
emphasize the potential value of the MCDI in stratifying
patients for better personalized therapy.

The prognostic value of MCDS in LIHC

PCD involves a series of biological or pathological processes
that participate in normal physiological processes and dis-
ease development by regulating tissue homeostasis, stress
response, and cell proliferation, which is significantly associ-
ated with immune responses against many human cancers [7,
11, 42]. Previous studies have reported the role of multiple
PCD patterns in several human cancers [42-44]; however,
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Fig.6 Association of the MCD-DEGs and the immune features of
LIHC A Heatmap presents the association between the MCD-DEGs/
MCDI and the infiltration of various immune cells. B Associa-
tion between the levels of MCD-DEGs/MCDI and the expression of
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immune checkpoint monocles. The differences of the seven immune
checkpoint monocles expression in MCDI-high and MCDI-low groups.
C Comparison of the TIDE score between MCDI-high and low groups
in TCGA-LIHC, ICGC-LIRI, and GSE14520 cohorts, respectively
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the genetic landscape, the multimolecular mechanism, and
the immune function of MCD-related genes in LIHC remain
incompletely understood. Herein, we constructed a MCDI
signature based on nine MCDS (TRIM21, SPC25, CCT6A,
GINS1, PAKIIPI1, CBS, G6PD, SFN, and EPO) to predict
the prognosis and personalized therapy response of individ-
ual LIHC patients, exemplifying the predictive capabilities
of 3P medicine. This model not only enhances our under-
standing of the genetic landscape of MCD-related genes in
LIHC but also provides a foundation for the development of
targeted preventive and therapeutic strategies.

Several molecules, including TRIM21, SPC25, GINSI,
CBS, G6PD, EPO, and SFN, have been extensively stud-
ied in various cancers; nonetheless, how these molecules
play their roles and the related regulatory mechanisms in
LIHC remains incompletely known. To verify our bioin-
formatic findings, RT-qPCR was applied to compare the
expression of MCDS between normal liver cells and three
liver cancer cell lines. Consistently, the results were in line
with expectations except for SFN at the mRNA level, which
needs further verification at the protein level. SPC25, a
component of the NDC80 complex, has been reported to
be associated with a poor prognosis in LIHC [45]. GINS1,
a protein complex involved in DNA replication, plays a role
in cancer cell growth, migration, invasion, and chemore-
sistance in several cancers, such as glioma, lung, and colon
cancers [46, 47]. CBS is an enzyme involved in methionine
metabolism, the downregulation of which was associated
with poor survival and high tumor-infiltrating Tregs in LIHC
[48]. G6PD belongs to a pivotal enzyme in glucose metabo-
lism, playing a crucial role in cancer cell reprogramming and
malignant transformation [49]. EPO, an apoptosis-related
gene, has been studied in chemotherapy-induced anemia in
cancer patients and related to adverse outcomes [50]. The
SFN protein is widely involved in various cellular biologi-
cal processes, including cell proliferation, apoptosis, signal
transduction, and cell cycle regulation. It has been reported
that the upregulation of SFN associates with the progression
and poor prognosis of LIHC [51], while the other report
probes that SFN could regulate the expression of CDK1 and
CCNBI to inhibit the growth of LIHC cells [52]. PAK1IP1
is one of the adaptor proteins of PAK1 which is closely
involved in cancer cell survival, proliferation, migration,
and invasion of LIHC [53], while the role of PAKIIPI in
the carcinogenesis and prognosis of LIHC remains unclear
and requires further study.

CCT6A is a component of the chaperonin complex
involved in protein folding and quality control, which has
been implicated in various cellular processes, including
cytoskeleton organization, cell signaling, and gene expres-
sion. TRIM21 has been extensively studied concerning
immune response, intracellular signaling, and protein ubiqui-
tination, and its overexpression was found to be a prognostic

risk factor [54]. Although it has been reported that higher
CCT6A and TRIM?21 expression contribute to LIHC cell pro-
liferation and a poorer prognosis [55], the underlying mech-
anisms remain unclear. Besides, the value of CCT6A and
TRIM?2] in stratifying LIHC patients to improve personal-
ized therapy has not been evaluated. In the current study, we
found that most MCDS were overexpressed in LIHC patients
and that such upregulation was associated with worse sur-
vival. Based on the formula determined via multivariate Cox
regression analysis, the MCDI for each LIHC patient was
calculated, and the MCDI-based nomogram presented with
great clinical performance, suggesting that the MCDI could
be a potential prognostic biomarker in LIHC patients.

The dinical translational significance of MCDS
in LIHC within the 3P medicine framework

An increasing number of studies have suggested that tumor
cells may influence T-cell infiltration into the TME and the
function of immune regulatory cells through their interac-
tions with the TME, which is relevant to cancer immuno-
therapy [2, 56]. The significant correlations between MCDS/
MCDI levels and immune cell infiltration into the TME
highlight the complex interplay between tumor genetics
and the immune microenvironment. Our study revealed sig-
nificant positive correlations between MCDS/MCDI levels
and the presence of infiltrating immune cells, underscor-
ing a profound genetic-immunological interaction. Notably,
patients with elevated MCDI levels demonstrated increased
expression of immune checkpoint molecules, suggesting a
heightened potential for immune evasion or immunosup-
pression. In line with this, the TIDE score, indicative of
potential resistance to immunotherapy, was also elevated in
patients with high MCDI levels. These observations were
consistently validated by results from both the LIHC spatial
transcriptomics cohort and the IMvigor210 bladder cancer
cohort. These findings are particularly relevant to the pre-
ventive and personalized arms of 3P medicine, as they sug-
gest potential avenues for modulating immune responses in
LIHC. As the first-line treatment of advanced LIHC, the
response to sorafenib could primarily affect the clinical
outcome of LIHC patients [3]. Herein, we found that the
levels of the MCDS and MCDI were negatively associated
with the sorafenib IC50 in the TCGA-LIHC cohort, suggest-
ing that MCDI-high patients might benefit from sorafenib
treatment compared with MCDI-low patients. Given the
observed significant correlation between PAK1IP1 levels
and the sorafenib IC50 in LIHC, the clinical significance
of PAKIIPI in LIHC was further verified in our enrolled
clinical cohorts, suggesting its great potential in predicting
the prognosis and sorafenib sensitivity in LIHC. This aligns
with the preventive and personalized goals of 3P medicine,
where the identification of biomarkers and the stratification
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«Fig.7 Validation of MCDI in predicting the ICB treatment response.
A, B UMAP (Uniform Manifold Approximation and Projection)
plots showing spots from all sections, color-coded according to their
sample source, with annotations for the number of expressed unique
molecular identifiers (nUMI) and genes (nGene), respectively. C A
UMAP plot illustrating cell type enrichment scores across all sec-
tions, where each dot represents a spot from ST sections, and the
intensity of the color denotes the enrichment score and spot density
of the corresponding samples. D Dot plots highlighting the average
expression levels of MCD-DEGs and the MCDI score across each ST
sample. E-H Left: spatial distribution of cell types for each patient
across different sections. Middle: dot plots displaying the average
expression of the top 3 differentially expressed markers in specified
cell types. Right: the distribution and quantification of MCDI score
within each sample. In the dot plots, the size of each dot indicates the
proportion of cells expressing the marker in each cell group, while
the color signifies the intensity of expression

of patient populations can lead to more targeted and effec-
tive therapeutic strategies. However, further studies are
warranted to explore the underlying molecular mechanisms
through which PAKIIP]I contributes to the prognosis of
LIHC.

Limitations

Several limitations of the study need to be recognized
despite the great potential value of our model in the three
LIHC cohorts. Firstly, the retrospective nature of our study
may introduce inherent biases, which could affect the gener-
alizability of our findings. Secondly, the utility of our model
in clinical decision-making has yet to be validated in phase
3 randomized controlled trials, a necessary step to confirm
its efficacy and reliability in clinical settings. Furthermore,
we acknowledge the need for further validation of our model
in larger, multicentric clinical cohorts. This should include
comparisons of different cross-validation methods such as
LOOCYV, holdout, tenfold, and stratified cross-validation, as
well as different versions of the C-index to thoroughly assess
the impact on model prediction capabilities. Additionally, it
is imperative to conduct further research and seek validation
through well-designed prospective clinical trials and sophis-
ticated bioinformatics analyses to accurately determine the
model’s predictive efficacy, particularly with regard to its
ability to forecast differences in progression-free survival
in the context of immunotherapy treatment. Moreover, our
validation of the differential expression of the MCDS was
limited to in vitro experiments and the protein level analysis
of PAK1IP1. This approach does not fully explore the prog-
nostic or predictive value of the identified genes, and future
studies should extend these findings through more com-
prehensive molecular and cellular experiments. Such stud-
ies could include knockdown, overexpression, and rescue
experiments aligned with sorafenib response assessments
in both cell lines and animal models, as well as potential

mechanistic studies identifying relevant upstream and down-
stream molecules.

Conclusion

In alignment with the predictive aspect of 3P medicine, this
study leverages multi-omics to develop a novel predictive
model, the MCDI, which is based on mitochondria-associ-
ated cell death genes. By focusing on the prognostic potential
of these genes and their response to immunotherapy and tar-
geted therapy, this research aims to provide a more precise and
individualized prognosis and treatment response prediction
for LIHC patients. The identification of several biomarkers,
particularly PAK1IP1, may serve as a cornerstone for clinical
utility in predicting prognosis and guiding personalized treat-
ment decision-making, thereby fulfilling the preventive and
personalized goals of 3P medicine.

PPPM innovation highlights
Working hypothesis in the framework of PPPM

Predictive, preventive, and personalized medicine (PPPM)
represents an advanced healthcare concept, focusing on
predicting patient prognosis and guiding therapeutic strat-
egies based on novel technologies, including public data-
bases and multi-omics [57-59]. This approach facilitates
the development of precise preventive interventions and
the provision of customized healthcare solutions [60].
To achieve its goals, PPPM relies on identifying a range
of molecular biomarkers through extensive multi-omics
analyses. These biomarkers are crucial for early detection
of individuals requiring intervention, predicting patient
survival, and determining the effectiveness of targeted
therapies and immunotherapies. This knowledge allows
for the personalization of treatment approaches. Utilizing
these biomarkers, PPPM aims to customize therapeutic
interventions based on each individual’s unique molecu-
lar profile, optimizing clinical results, minimizing side
effects, and ushering in a new era of precision in patient
care [57-60]. Moreover, bioinformatics plays a pivotal
role in the discovery of these disease markers and in tran-
sitioning from conventional medical practices to a more
PPPM-oriented model. In this context, we postulate that
the mitochondrial cell death (MCD) is intricately linked
to the progression and prognosis of LIHC. Its pronounced
association with immune responses and sensitivity to tar-
geted therapy underscores its potential in guiding person-
alized treatment strategies. Through a synthesis of multi-
omics data and advanced machine learning techniques,
our research endeavors to develop a MCDI, which aims to
refine the accuracy of prognosis estimations, enable the
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«Fig. 8 In vitro experiments and in-house clinical cohorts’ validation
of the significance of MCD-DEGs in LIHC. A-I RT-qPCR analysis
of MCD-DEGs mRNA expression in normal liver cells (NC), HepG2,
HCCLM3, and Huh7 cells. Data in (A-I) are presented as mean+SD
(n=3 per group) and p-values by two-tailed unpaired Student’s -test
are indicated. J Association between MCD-DEGs/MCDI and the
sorafenib IC50 values in GDSC database. K Western blot analysis
of PAK1IP1 protein expression in NC, HepG2, HCCLM3, and Huh7
cells. L Kaplan—Meier curves of 5-year Overall Survival (OS) of
LIHC between PAK1IP1-high and PAK1IP1-low groups from clini-
cal cohort 1. M Kaplan—Meier curves of 5-year OS of LIHC between
PAK1IP1-high and PAK1IP1-low groups from the sorafenib cohort
(clinical cohort 2)

implementation of targeted preventive measures, and fos-
ter the development of personalized therapeutic strategies
within the 3P medicine framework.

Expert recommendations and innovation
towards 3P medicine

LIHC ranks as the third leading cause of cancer-related
deaths worldwide, with both its incidence and mortal-
ity rates continuing to rise [1]. The evolution from con-
ventional medical practices towards the 3P medicine
framework is required. The advent and integration of
multi-omics technologies have catalyzed a transformative
approach to biomarker discovery across an array of bio-
logical dimensions, including bulk, single-cell, and spatial
transcriptomics, as well as DNA, proteins, and metabo-
lites. This technological revolution holds the promise of
enhancing the ability in predicting and preventing onco-
logical diseases through the identification of novel diag-
nostic and prognostic biomarkers.

In the context of LIHC, the application of multi-omics
methodologies under the framework of 3P medicine offers a
comprehensive exploration of the disease’s molecular archi-
tecture [61]. By integrating multi-omics profiles, clinicians
can obtain critical information for treatment selection, which
can facilitate the development of targeted interventions and
personalized therapy strategies.

Predictive medical approach

In this study, we pioneer the exploration of the potential
application of MCD in LIHC. To this end, we have devel-
oped an innovative approach that integrates multi-omics
data with a large-scale machine learning framework. Subse-
quently, we identified a MCDI characterized by its high pre-
dictive accuracy and significant potential for clinical transla-
tion. By leveraging the MCDI, it becomes possible to predict
the survival outcomes of LIHC patients across both training
and validation cohorts, thus establishing a foundation for the

use of MCDI in forecasting adverse clinical outcomes. We
also introduce an MCDI-integrated nomogram as a practical
tool for quantifying the expected survival rates of patients in
clinical settings. Based on our findings, we suggest empha-
sizing the potential value of MCD in predicting the prog-
nosis and treatment responses of LIHC patients, with the
aim of improving clinical outcomes and optimizing the cost-
effectiveness of treatments.

Targeted prevention

Despite significant advancements in the fields of cancer
diagnostics and therapeutics, the majority of patients with
LIHC are diagnosed at advanced stages of the disease. This
circumstance effectively precludes the option for curative
interventions, culminating in suboptimal clinical outcomes.
Recognizing individuals at risk of developing LIHC and
implementing early interventions is crucial for alleviat-
ing the burden of LIHC. Adopting advanced preventive
measures for individuals at high risk represents a more
cost-effective approach. Our study leverages novel machine
learning techniques to stratify LIHC patients based on their
risk levels. This enables clinicians to devise personalized
intervention strategies for each risk category, including per-
sonalized screening schedules and detailed health guidance
recommendations, to facilitate early detection and prevent
disease progression. The biomarker signature developed in
this study serves as a simple, economical, and broadly feasi-
ble tool for assessing the individual risk of patients, thereby
preventing the onset and progression of LIHC.

Personalized medicine

LIHC manifests marked heterogeneity and harbors a com-
plex TME, characterized by distinct molecular features,
diverse natural progression, and varied biological behaviors
[2, 4, 36, 56]. This complexity poses significant challenges
for clinicians in the management of cancer patients. Notably,
while conventional histopathological evaluations and com-
parable therapeutic approaches may lead to remission in cer-
tain patients, others may suffer premature mortality. There-
fore, it is quite necessary to identify specific patient groups
that are superior to targeted therapy or immunotherapy. Our
research emphasizes the crucial importance of multi-omics
approaches in advancing personalized medicine for LIHC
under the 3P medicine framework, aiming to improve patient
outcomes and minimize unnecessary treatment expenditures.
Through the integration of genomics, single-cell, spatial,
and bulk transcriptomics data of LIHC, we discovered that
patients in the high-risk category exhibited an increased
potential for immune evasion or immunosuppression and
showed resistance to anti-PD-1 treatment. However, they
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might benefit from sorafenib treatment. Given the variabil-
ity in treatment responses among patients with different
molecular backgrounds, these multi-omics strategies offer a
molecular basis for the tailored selection of treatment. Lev-
eraging the MCDI, clinicians can stratify LIHC patients into
two subgroups with distinct molecular features, thereby pro-
viding essential information for personalized treatment deci-
sions and advancing the practice of 3P medicine in LIHC
management.

How does the presented innovation go
beyond the state of the art contributing

to the paradigm shift from reactive medicine
to PPPM?

The presented innovation significantly advances the field of
LIHC treatment by introducing a novel signature, namely
MCDI, which is a multi-omic, machine learning-driven tool
for prognosis prediction and therapy response assessment. This
work goes beyond the state of the art by actively contribut-
ing to the paradigm shift from reactive medicine to predictive,
preventive, and personalized medicine in several key ways:

(1) Predictive aspect: The MCDI model leverages a com-
prehensive multi-omic approach, integrating data from
bulk, single-cell, and spatial transcriptomics, to predict
patient outcomes. By identifying critical genes associ-
ated with MCD and constructing a prognostic index,
this model provides a predictive tool that can fore-
cast survival outcomes and therapy response in LIHC
patients with high accuracy. This predictive capability
is a significant step towards the PPPM approach, as
it allows for early intervention and tailored treatment
strategies based on individual patient profiles.

(2) Preventive aspect: The study’s identification of MCD-
related genes that are associated with LIHC progression
offers potential targets for early detection and interven-
tion. By understanding the molecular mechanisms that
drive cancer growth and metastasis, this research can
inform the development of preventive strategies that
may reduce the incidence of LIHC or delay its progres-
sion. The MCDI could be used to stratify patients into
risk categories, enabling personalized screening and
preventive measures for those at the highest risk.

(3) Personalized medicine: The integration of the MCDI
with clinical parameters in a nomogram model exem-
plifies the personalization aspect of PPPM. By provid-
ing a quantitative basis for predicting individual patient
responses to personalized therapies, including sorafenib
and ICB treatment, the MCDI facilitates the selection
of the most effective treatment for each patient. This
personalized approach can facilitate clinicians for deci-
sions making and alleviate the burden of LIHC.

@ Springer

(4) Integration of advanced technologies: The use of
machine learning algorithms to analyze and interpret
complex multi-omic data represents a cutting-edge
approach that is becoming increasingly important
in biomarker discovery and drug development. This
integration of advanced technologies into the PPPM
framework is a significant innovation that enhances the
precision and reliability of prognostic models.

In summary, our research demonstrates the potential of
PPPM strategies in the field of LIHC by showcasing the
MCDI as a transformative tool that aligns with the PPPM phi-
losophy. This data-driven, individualized approach to LIHC
management provides valuable insights into the progress in
prediction, prevention, and personalized medicine. The MCDI
has the potential on guiding personalized therapy strategies
selection, enhance treatment efficacy, and ultimately contrib-
ute to better clinical outcomes in LIHC patients.
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