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Abstract
Background

Lactate-derived lysine lactylation has emerged as a link between tumor metabolism and gene regulation.
In hepatocellular carcinoma (HCC), however, the cellular distribution of lactylation-related transcriptional
programs and their relationship to malignant phenotypes remain incompletely defined.

Methods

We integrated 24 single-cell RNA-sequencing samples (16 HCC and 8 normal liver samples) with TCGA-
LIHC bulk RNA-sequencing data. Lactylation-related gene-set activity was estimated using AUCell, UCell,
singscore, ssGSEA, and AddModuleScore. Malignant hepatocytes were inferred by copy-number
variation analysis, and high-score programs were examined by differential expression, hdWGCNA,
CellChat, and CytoTRACE. Bulk transcriptomic feature selection was performed with Boruta, random
forest, LASSO, and XGBoost. PRDX1 was then tested in HepG2 and Huh-7 cells by siRNA knockdown
assays.

Results

Lactylation-related scores were higher in HCC than in normal tissue and were associated with poorer
overall survival in TCGA-LIHC. At single-cell resolution, the highest scores were observed in hepatocytes
and myeloid dendritic cells, whereas B cells and plasma cells showed lower scores. High-score
malignant hepatocytes displayed increased CytoTRACE scores and distinct ligand-receptor
communication patterns. Intersecting high-score differentially expressed genes with hdWGCNA modules
yielded 178 candidate genes. Machine-learning prioritization nominated BSG, ERGIC3, PPM1G, and
PRDX1, whose higher expression was associated with poorer survival. PRDX1 knockdown reduced HCC-
cell proliferation, colony formation, migration, invasion, and intracellular lactate production.

Conclusions

This study defines a transcriptomic lactylation-related program in HCC and nominates PRDX1 as a
candidate link between malignant behavior and lactate metabolism. Direct proteomic and clinical
validation will be required to establish PRDX1-dependent lactylation mechanisms.

Introduction

Hepatocellular carcinoma (HCC) is the predominant histological subtype of liver cancer and remains a
major cause of cancer-related mortality worldwide [1]. Despite progress in surgery, locoregional therapy,
molecular targeted treatment, and immunotherapy, clinical outcomes remain limited by recurrence,
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therapeutic resistance, and marked intratumoral heterogeneity [2—4]. A clearer understanding of the
cellular programs that distinguish malignant hepatocytes from other components of the tumor
microenvironment is therefore needed to refine prognostic assessment and identify tractable therapeutic
vulnerabilities.

Metabolic reprogramming is a central feature of HCC. Cancer cells frequently increase glycolytic flux and
lactate production even under oxygen-replete conditions, a phenotype commonly described as the
Warburg effect [5]. Lactate is not only a metabolic by-product; it also shapes extracellular acidity,
immune-cell behavior, and tumor progression [6]. More recently, lactate has been recognized as a donor
for lysine lactylation, a post-translational modification that can regulate histone and non-histone proteins
and may contribute to tumor growth, angiogenesis, metastasis, and therapy resistance [7].

Several studies have connected lactylation-related mechanisms with HCC biology [2, 8]. Histone
lactylation marks such as H3K9la and H3K14la have been implicated in proliferation, metastasis, and
cancer-stem-cell phenotypes, whereas lactylome studies suggest that non-histone lactylation may affect
metabolic enzymes and adaptive tumor metabolism [8]. Nevertheless, most evidence has been
generated from bulk tissue or selected experimental models, leaving the cell-type specificity of
lactylation-related programs in HCC incompletely resolved.

Single-cell RNA sequencing (scRNA-seq) provides a framework for studying tumor heterogeneity and
cell-cell communication at cellular resolution. Here, we integrated public sScRNA-seq and bulk RNA-seq
datasets to infer lactylation-related transcriptional activity across HCC cell populations, identify
malignant hepatocyte programs associated with high lactylation-related scores, and prioritize candidate
genes using co-expression and machine-learning approaches. We further performed in vitro knockdown
experiments to test PRDX1, the most experimentally tractable candidate emerging from this analysis, in
HCC-cell proliferation, migration, invasion, and lactate production.

Methods
Data Acquisition

We analyzed 24 scRNA-seq samples, comprising 16 HCC and 8 normal liver samples, from the GEO
database (GSE149614) [9] and Mendeley Data (https://data.mendeley.com/datasets/skrx2fz79n/1). Bulk
RNA-seq and clinical data were obtained from the TCGA-LIHC cohort, including 365 HCC and 50 normal
samples. Detailed information on the included datasets is provided in Table S1[10-12].

scRNA-Seq Data Processing

For scRNA-seq quality control, cells with fewer than 200 detected genes, more than 7,000 detected
genes, or mitochondrial gene content greater than 20% were removed, and genes expressed in fewer
than three cells were excluded. A total of 146,515 cells remained for downstream analysis. Data were
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normalized and integrated using the Seurat workflow [13, 14]. The top 3,000 highly variable genes were
selected with FindVariableFeatures, principal-component analysis was used for dimension reduction,
and Harmony was applied to mitigate batch effects [15]. Cells were clustered with FindClusters at a
resolution of 0.8 and annotated according to canonical marker genes and cluster-specific expression
patterns.

Evaluation of Lactylation Activity

A set of 332 lactylation-related genes was obtained from published literature [16] (Table S2). Because
transcriptomic data do not directly measure protein lactylation, we refer to the resulting readout as a
lactylation-related activity score. AUCell, UCell, singscore, ssGSEA, and AddModuleScore were used to
estimate lactylation-related activity for each cell [17, 18]. Cells below the 25th percentile were assigned
to the low-score group, cells between the 25th and 75th percentiles to the intermediate-score group, and
cells above the 75th percentile to the high-score group. Differentially expressed genes between high- and
low-score cells were identified using FindMarkers. In parallel, hdWGCNA was used to identify co-
expression modules associated with lactylation-related activity [19]. Genes shared by high-score
differentially expressed genes and lactylation-associated hdWGCNA modules were retained as
candidate genes.

Functional Enrichment Analysis

Gene Ontology (GO) and Disease Ontology (DO) enrichment analyses were performed using the
clusterProfiler package in R [20]. GO terms were examined across biological process, cellular
component, and molecular function categories, and DO enrichment was used to evaluate disease
associations among candidate genes.

Identification of HCC Feature Genes

To prioritize robust HCC feature genes from the candidate gene set, we applied four complementary
feature-selection methods: LASSO regression, random forest (RF), XGBoost, and Boruta [21-24]. LASSO
used 10-fold cross-validation to select genes with non-zero coefficients. RF feature importance was
estimated after evaluating model stability across 1-500 trees. XGBoost and Boruta were used to provide
additional rankings of informative genes. Genes shared by all four approaches were retained as optimal
feature genes.

Expression and Diagnostic Relevance of Optimal Feature
Genes
Expression differences in optimal feature genes between HCC and control samples were assessed using

the Wilcoxon rank-sum test. Prognostic relevance was evaluated by Kaplan-Meier survival analysis after
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stratifying TCGA-LIHC samples by median gene expression. Receiver operating characteristic curves
were used when diagnostic discrimination was assessed.

Pseudotime analysis

Monocle2 was used to infer single-cell trajectories [25]. After dimensionality reduction and cell ordering,
cell-state transitions were visualized in low-dimensional space. CytoTRACE was then applied with
default parameters as an independent estimate of transcriptional diversity and differentiation state [26,
27].

Cell—cell interaction analysis

Cell-cell communication was inferred using CellChat [28]. Ligand-receptor interactions among annotated
cell types and lactylation-score-defined malignant hepatocyte groups were summarized by interaction
number, interaction strength, signaling roles, and selected ligand-receptor pairs.

Cell culture and transfection

Human HCC cell lines HepG2 and Huh-7 were cultured in Dulbecco's Modified Eagle Medium (DMEM)
supplemented with 10% fetal bovine serum (FBS) and 1% penicillin-streptomycin under 37°C in a
humidified atmosphere with 5% CO,. PRDX1 expression was knocked down using two specific small
interfering RNAs (siRNAs), labeled Si1 and Si2, targeting PRDX1 mRNA. A non-targeting siRNA (NC) was
used as a control. Transfections were performed using Lipofectamine 3000 (Thermo Fisher Scientific,
USA) according to the manufacturer’s protocol. Cells were harvested 48 hours post-transfection for
further analysis.

CCK-8 proliferation assay

Cell proliferation was assessed using the Cell Counting Kit-8 (CCK-8, Dojindo Laboratories, Japan).
HepG2 and Huh-7 cells were seeded in 96-well plates at a density of 2 x 103 cells per well. After
transfection with PRDX1-specific siRNAs or NC, the cells were incubated with CCK-8 solution, and optical
density (OD) at 450 nm was measured daily over five days using a microplate reader.

Colony formation assay

Following transfection, HepG2 and Huh-7 cells were seeded in 6-well plates at a density of 500 cells per
well and allowed to grow for two weeks. Colonies were then fixed with 4% paraformaldehyde, stained
with 0.1% crystal violet, and imaged. Colonies containing more than 50 cells were counted under a
microscope. Quantitative analysis was performed to compare colony numbers across different groups.

Transwell migration and invasion assays
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Transwell chambers (8 pm pore size; Corning, USA) were used to assess cell migration and invasion. For
the migration assay, 5 x 10 transfected cells in serum-free medium were added to the upper chamber,
while medium with 10% FBS was added to the lower chamber as a chemoattractant. After 24 hours, cells
that migrated to the bottom of the membrane were fixed, stained with 0.1% crystal violet, and counted.
For the invasion assay, the procedure was similar, except that the upper chamber was pre-coated with
Matrigel (BD Biosciences, USA).

Wound healing assay

The wound healing assay was conducted to evaluate cell migration. Transfected HepG2 and Huh-7 cells
were seeded in 6-well plates and grown to 90% confluency. A uniform scratch was made in the cell
monolayer using a sterile 200 pL pipette tip. The cells were then washed with PBS to remove debris and
incubated in serum-free DMEM. Images of the wound area were captured at 0 and 24 hours to assess
wound closure, and the relative migration distance was calculated using ImagedJ software. The
experiment was performed in triplicate for statistical reliability.

Lactate assay

Intracellular lactate levels were measured using a lactate assay kit (Sigma-Aldrich, USA) following the
manufacturer’s instructions. HepG2 and Huh-7 cells transfected with PRDX1 siRNAs or NC were
harvested, lysed, and the lactate concentration was quantified by measuring the absorbance at 570 nm
using a microplate reader. The relative lactate levels were calculated and compared across groups. Each
assay was performed in triplicate.

Statistical analysis

All data processing, statistical analysis, and visualization were performed in R (version 4.1.3). For two-
group comparisons, Wilcoxon rank-sum tests or Student's t-tests were used as appropriate. Pearson and
Spearman correlation tests were used to evaluate associations between variables. All P values were two-
sided, and P < 0.05 was considered statistically significant.

Results

Single-cell profiling defines major cell populations in HCC

After quality control, 146,515 cells from 16 HCC and 8 normal liver samples were retained for analysis.
Harmony integration produced broadly mixed sample distributions, indicating that major batch effects
were reduced (Fig. TA). Unsupervised clustering identified 30 clusters (Fig. 1B), which were annotated as
macrophages, fibroblasts, T cells, B cells, NK cells, monocytes, endothelial cells, myeloid dendritic cells
(MDCs), and hepatocytes according to canonical marker genes (Fig. 1C-E). These annotations provided
the basis for evaluating lactylation-related transcriptional programs across the HCC ecosystem.
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Lactylation-related activity scores are heterogeneous
across HCC cell types

In TCGA-LIHC bulk RNA-seq data, the lactylation-related gene-set score was higher in HCC than in

normal samples by ssGSEA analysis (Fig. 2A, P < 0.001). Patients with high scores had poorer overall
survival than those with low scores when stratified by the median value (Fig. 2B, P = 0.032). At single-cell
resolution, AUCell, UCell, singscore, ssGSEA, and AddModuleScore consistently showed marked
heterogeneity across cell types (Fig. 2C-E). Hepatocytes and MDCs displayed relatively high scores,
whereas B cells and plasma cells showed lower scores (Fig. 2F-H). High-score cells were more frequent
in HCC samples than in normal samples (Fig. 21). Because malignant hepatocytes drive much of the HCC
transcriptomic program, inferCNV was used to distinguish malignant from non-malignant hepatocytes.
K-means clustering of copy-number profiles identified 12,932 malignant hepatocytes for downstream
analysis (Fig. 2J; Table S3).

High-score malignant hepatocytes show increased
stemness-associated transcriptional features

To focus on malignant hepatocyte heterogeneity, malignant cells were stratified into low-, intermediate-,
and high-score groups using quartile thresholds (low, < 1.649; high, > 2.481; Fig. 3A, B). Among inferred
malignant hepatocytes, high-, intermediate-, and low-score cells accounted for 63.51%, 31.56%, and
4.93% of cells, respectively (Fig. 3C, D). Reclustering showed that lactylation-related scores were not
evenly distributed but instead formed distinct high-, intermediate-, and low-score malignant-cell states
(Fig. 3E, F). CytoTRACE analysis indicated that high-score malignant cells had higher transcriptional
diversity scores and spatially overlapped with regions of high lactylation-related activity (Fig. 3G-K),
suggesting an association between the high-score program and stemness-like or less differentiated
malignant-cell states.

High-score malignant hepatocytes show altered cell-cell
communication patterns

We next examined whether high-score malignant hepatocytes differed in inferred intercellular
communication. CellChat analysis indicated that high-score malignant cells occupied prominent
signaling roles and showed stronger inferred communication with other cell populations than low-score
malignant cells (Fig. 4A, B). Signaling-role analysis highlighted outgoing pathways including MIF, MK,
ANGPTL, GDF, PROS, BAG, and FGF, and incoming pathways including MK, ANGPTL, PTN, EGF, TWEAK,
and PERIOSTIN (Fig. 4C). Ligand-receptor bubble plots further suggested distinct communication
patterns between lactylation-score-defined malignant cells and other HCC cell types (Fig. 4D-F). These
data support an association between the high-score malignant-cell state and altered tumor-
microenvironmental signaling.
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hdWGCNA identifies gene modules associated with high
lactylation-related scores

To identify transcriptional modules associated with high lactylation-related activity, hdWGCNA was
applied to malignant hepatocytes. A soft-thresholding power of 7 was selected to approximate scale-
free topology while maintaining network connectivity (Fig. 5A). Seven modules were identified (Fig. 5B),
and hub genes within each module were ranked by eigengene-based connectivity (Fig. 5C, D). Several
modules, including black, red, blue, turquoise, green, and yellow, showed specificity for high-score cells
(Fig. 5E). The black module showed the strongest positive association with the high-score malignant-cell
group (Fig. 5F). Based on top hub genes from these modules, 589 genes were retained as high-score-
associated hub genes (Table S4).

Candidate genes associated with high lactylation-related
malignant-cell programs

Differential expression analysis between high- and low-score malignant hepatocytes identified 577
upregulated genes in the high-score group (avg_log2FC > 0.25 and adjusted P < 0.05; Fig. 6A; Table S5).
Intersecting these genes with hdWGCNA hub genes yielded 178 candidate genes associated with high
lactylation-related malignant-cell programs (Fig. 6B; Table S6). DO enrichment linked these genes to liver-
related and inflammation-related disease categories, including hepatitis-associated terms relevant to
HCC risk (Fig. 6C; Table S7). GO enrichment highlighted neutrophil activation, antigen processing and
presentation, vacuolar and lytic vacuole membranes, oxidoreductase activity, and antioxidant activity
(Fig. 6D; Table S8), suggesting that immune regulation, vesicular processes, and redox metabolism may
contribute to the high-score malignant-cell state.

Machine learning prioritizes four candidate feature genes

The 178 candidate genes were further analyzed using Boruta, LASSO, XGBoost, and RF to prioritize
stable feature genes. Boruta identified 12 confirmed feature genes (Fig. 7A, B; Table S9). LASSO retained
12 genes after 10-fold cross-validation (Fig. 7C, D), XGBoost identified 20 genes with importance > 0.02
(Fig. 7E; Table S10), and RF ranked 26 genes with importance greater than zero (Fig. 7F, G). The
intersection of the four approaches nominated four optimal feature genes: BSG, ERGIC3, PPM1G, and
PRDX1 (Fig. 7H, 1).

Feature genes are associated with prognosis and are
enriched in malignant hepatocytes

TCGA-LIHC patients were stratified into high- and low-expression groups according to the median
expression of each feature gene. Higher expression of BSG, ERGIC3, PPM1G, and PRDX1 was associated
with poorer overall survival (Fig. 8A-D). Single-cell analysis showed that these genes were preferentially
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expressed in malignant hepatocytes relative to several non-malignant cell types (Fig. 8E-G). Within
malignant hepatocytes, expression of the four genes was most evident in cells with high or intermediate
lactylation-related scores (Fig. 8H), supporting their relevance to the high-score malignant-cell program.

PRDX1 supports malignant phenotypes and lactate
production in HCC cells

Because PRDX1 was consistently prioritized and has reported links to redox and metabolic regulation,
we tested its functional relevance in HepG2 and Huh-7 cells using two independent siRNAs. PRDX1
knockdown decreased cell viability over five days in CCK-8 assays (Fig. 9A, B) and reduced colony
formation (Fig. 9C). Transwell and wound-healing assays showed that PRDX1 silencing impaired
migration and invasion in both cell lines (Fig. 9D-G). Finally, intracellular lactate levels were lower after
PRDX1 knockdown (Fig. 9H, I). Together, these findings support a role for PRDX1 in maintaining
malignant HCC-cell phenotypes and lactate production, although direct PRDX1-dependent protein
lactylation remains to be demonstrated.

Discussion

HCC is characterized by metabolic reprogramming, cellular heterogeneity, and extensive interaction
between malignant hepatocytes and the tumor microenvironment [29-32]. By integrating scRNA-seq,
bulk RNA-seq, co-expression analysis, machine learning, and in vitro perturbation, this study maps
lactylation-related transcriptional programs in HCC and identifies PRDX1 as a candidate metabolic
regulator linked to malignant phenotypes.

Lactate accumulation is a hallmark of glycolytic tumor metabolism and has regulatory roles beyond
energy production [33—37]. Lactylation provides a mechanistic framework by which lactate abundance
may influence chromatin state, protein function, and tumor-microenvironmental behavior [38-42].
Consistent with these concepts, our bulk analysis found that a lactylation-related gene-set score was
elevated in HCC and associated with poorer survival. Single-cell analysis further indicated that this
program is not uniformly distributed but enriched in hepatocytes and MDCs, with relatively low scores in
B cells and plasma cells.

Within malignant hepatocytes, high lactylation-related scores were associated with increased
CytoTRACE scores and distinct inferred communication patterns. These findings align with studies
linking lactate and lactylation to cancer stem-cell properties, immune remodeling, and malignant
progression [43-45]. However, transcriptomic scoring should be interpreted as an indirect readout. It
captures coordinated expression of lactylation-related genes rather than the absolute abundance of
lactylated proteins or specific lactylation sites.

The candidate genes prioritized here overlap conceptually with prior studies that used lactylation-related
gene signatures to stratify HCC prognosis and treatment response [49, 50]. Our analysis adds cellular
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resolution by linking candidate genes to malignant hepatocyte states and then testing PRDX1
experimentally. The four nominated genes have biological plausibility in HCC. ERGIC3 participates in ER-
Golgi trafficking and has been linked to epithelial-mesenchymal transition [51-53]. PPM1G regulates
phosphorylation-dependent nuclear processes and has been associated with HCC progression and
stemness [54-57]. BSG/CD147 is a well-established regulator of tumor metabolism, invasion, immune
interactions, and HCC therapeutic targeting [62-66].

PRDX1 emerged as a particularly relevant candidate because of its roles in redox homeostasis,
metabolism, and tumor biology [58-61, 67, 68]. Our siRNA experiments showed that PRDX1 knockdown
suppressed proliferation, colony formation, migration, invasion, and lactate production in two HCC cell
lines. These data support PRDX1 as a functional contributor to malignant HCC-cell behavior and lactate-
linked metabolic activity. They do not yet prove that PRDX1 directly controls protein lactylation; rather,
they nominate PRDX1 as a candidate upstream regulator that should be tested by lactylation-specific
assays.

The study has several limitations. First, lactylation-related scores were inferred from RNA expression and
should be validated using direct lactylation measurements, such as pan-lysine lactylation, histone
lactylation markers, or mass spectrometry-based lactylomics. Second, the four-gene signature requires
validation in independent external cohorts and, ideally, in clinical HCC tissue by immunohistochemistry
or spatial profiling. Third, PRDX1 knockdown was tested in vitro only; rescue, overexpression, lactate-
supplementation, and in vivo experiments would strengthen causal inference. Finally, cell-cell
communication and pseudotime analyses are computational inferences and require experimental
validation.

In conclusion, this study identifies a lactylation-related transcriptomic program enriched in malignant
HCC hepatocytes and linked to stemness-associated features, altered cell-cell communication, and poor
prognosis. Integrated feature selection nominates BSG, ERGIC3, PPM1G, and PRDX1, and functional
assays support PRDX1 as a candidate regulator of HCC-cell malignant phenotypes and lactate
production. These findings provide a focused basis for future work directly testing PRDX1-dependent
lactylation mechanisms in HCC.
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Figure 1

Overview of scRNA-seq cell populations in HCC. (A) Sample distribution after integration. (B) UMAP plot
showing 30 cell clusters. (C) UMAP plot colored by major cell-type annotation. (D) Dot plot of
representative marker genes for each annotated cell type. (E) UMAP feature plots for selected marker
genes.
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score in TCGA-LIHC HCC and normal samples. (B) Overall survival of patients with high versus low
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and violin plots showing scores estimated by AUCell, UCell, singscore, ssGSEA, and AddModuleScore. (F,
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differences between normal and HCC samples. (I) UMAP distribution of high-score cells in normal and
HCC samples. (J) inferCNV analysis of hepatocyte populations.
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Figure 3

UMAP 1

Lactylation-related score states in malignant hepatocytes. (A, B) Distribution of total HCC cells and

quartile-based stratification into high-, intermediate-, and low-score groups. (C) Cell-type proportions
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across score groups. (D) Distribution of lactylation-related scores in malignant hepatocytes. (E) UMAP
plot of malignant hepatocyte score states. (F) Density of lactylation-related scores in malignant
hepatocytes. (G) CytoTRACE analysis. (H) CytoTRACE scores across malignant hepatocyte score states.

(-K) Colocalization, correlation, and density analyses of CytoTRACE and lactylation-related scores.
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Cell-cell communication associated with lactylation-related malignant hepatocyte states. (A) Inferred
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receptor bubble plot of selected interactions. (E, F) Cell types interacting with lactylation-score-defined

malignant cells throug

h receptor- and ligand-providing interactions.

Page 20/26



A ¢ B hdWGCNA Dendrogram
T 10 1 1 ] o
- 1 20
2 18 _ 2224262830 > -
Eu,a"“""“,'@'“"s ““““ i 3 sm i -
) 3] 8 '
'
!éo.a ¢ é s00{ 2 '
g 7 : = g @
- 04 ' o ' o
H 3 3 '
8 3 ] g a0 .
<02y s a
& 46 3 55, '
8 0o 8 of----- in0@rew o nunnn] E 2
@ 0 10 20 30 0 10 20 30 %'
Soft Power Threshold Soft Power Threshold T
1 T 125041 T ~
z ' ' s P !
3 s00 i £ 4000 : i :
1 -] ' H H
E ‘ E 7s0{ 2 i £ Pid £ P ]
£ 2 c o : L HE: i H
600 : : ]
8 : 5 : o H Pis :
H 5 ! o sy 3 ' Piid i i AR EREREREE
3 300 . ] 4 ' Piid i TR R R R R R RN NE
@ 4 i = 250 5 '
= 5, ' 78
...... agy
o 0B 1410 1826 2224 26528 30 Module ¢
0 10 20 30 0 10 20 30
Soft Power Threshold Soft Power Threshold
yellow turquoise black

D brown turquoise red blue green

C ‘
| U

£ o Y
s e 02
blue green brown - “
r Q“"-' on 0.0 0.0 0.0 00
| ] ! ¢4 N yellow black
§ ™ “
e w oz- o =
H o, % e
€3 1
.-‘? o 00 00
E | ' F
black red blue
red| @
e P‘!ﬁ' TI! - AIRBF‘C ?"‘ W P,.
L S i agpso @ appser p s cjera
SEFM1 i i SELENOH i
o - L gparge % g - brown{ @ ® Ai\re1r€(i)ge Expression
562 o8 ATpIMG P PEPRE B
23 ' W ATRSMPL sgsF s,
; W APsE - RPLT A NgTIE Ag WL e green{ ® . 0.5
AGPSH bl ATpSPD B T 0.0
b3y, e A Agemo oyse ST
e AR g T W T -0.5
A?N“' cgort PN RERaF w ARgODIB blueq ® [ J . -1.0
Agpor PSR segenow €T T
turcuolse areen oo black| @ ° Percent Expressed
ack-
au EBHX1 ugeRa ro "'ﬁ““'”nnﬁmm vawps ogn e 25
RpPa - cgeer x npar ® 50
W i
mgmﬁw 511.’5““ - T _— N - turquoise @ e @75
Agoaz sgsFs e s _— b e "™
i A it Y i3 e o g we gn yellow| ® o
BP RES2
A gomgl:?i aon cgppz e - HLASDRB1 - w2
H Ll o e
i ugct v A PP
3 GALS1 B
NPR1 S M‘QPG sgaz HNRpPAZEY agpes {\\Qq,b\ 0
o SERP gz TS Agam P

Figure 5

hdWGCNA analysis of malignant hepatocytes. (A) Selection of soft-thresholding power and network
connectivity metrics. (B) Module dendrogram identifying seven co-expression modules. (C) Module
scores in malignant hepatocytes. (D) Hub genes ranked by module eigengene-based connectivity. (E)
Module networks for selected high-score-associated modules. (F) Module scores across lactylation-
related score groups.
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Figure 6

Candidate genes associated with high lactylation-related malignant hepatocytes. (A) Differential
expression analysis comparing high- and low-score malignant hepatocytes. (B) Venn diagram showing
the intersection between high-score upregulated genes and hdWGCNA hub genes. (C) Disease Ontology
enrichment analysis. (D) Gene Ontology enrichment analysis.
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Figure 7

Machine-learning prioritization of candidate feature genes. (A) Boruta feature-selection history. (B)
Boruta-confirmed features; yellow denotes confirmed features and other colors denote shadow
attributes. (C) LASSO coefficient profiles. (D) Cross-validation curve for LASSO. (E) XGBoost feature-
importance ranking. (F) RF error rate across tree numbers. (G) RF feature-importance ranking. (H, I) Venn
and UpSet plots showing the four shared feature genes identified by all algorithms.
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Figure 8

Prognostic and single-cell expression patterns of feature genes. (A-D) Kaplan-Meier overall survival
analyses for BSG, ERGIC3, PPM1G, and PRDX1. (E) Dot plot showing feature-gene expression across
scRNA-seq cell types. (F) Violin plots of feature-gene expression at single-cell resolution. (G) UMAP
density plots for BSG, ERGIC3, PPM1G, and PRDX1. (H) Violin plots showing feature-gene expression
across malignant hepatocyte score states.
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Figure 9

Functional validation of PRDX1 in HCC cells. (A, B) CCK-8 assays showing the effect of PRDX1
knockdown on HepG2 and Huh-7 cell proliferation over five days. NC, non-targeting control; Si1 and Si2,
independent siRNAs targeting PRDX1. (C) Colony-formation assay and quantification. (D) Transwell
migration and invasion images. (E) Wound-healing assay images at 0 and 24 h. (F, G) Quantification of
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migration and invasion in HepG2 and Huh-7 cells. (H, 1) Relative intracellular lactate levels after PRDX1
knockdown. *P < 0.05, **P < 0.01, ***P < 0.001.
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