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A Tertiary Lymphoid Structure-Related Gene Signature
Predicts Prognosis and Treatment Response in
Hepatocellular Carcinoma
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Abstract

Background: Hepatocellular carcinoma (HCC) carries a poor prog-
nosis with limited treatment options. Tertiary lymphoid structures
(TLS) impact tumor immunity, but their role in HCC requires clarifi-
cation. This study aimed to develop and validate a TLS-related gene
signature for predicting survival and therapeutic response in HCC,
and to explore its mechanisms.

Methods: We analyzed transcriptomic data from public databases (The
Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO))
using LASSO-Cox regression to identify a six-gene TLS signature
(CCL20,CD200, PLACS, DNASE1L3, C7,and SKAP1). We validated
this TLS score across multiple independent HCC cohorts, including pa-
tients receiving transarterial chemoembolization (TACE), programmed
cell death protein-1 (PD-1)/ligand 1 (PD-L1) inhibitors, or lenvatinib.
Through single-cell RNA sequencing (scRNA-seq), we characterized
immune microenvironment differences between score groups.

Results: The TLS score effectively stratified patients’ survival outcomes
across all validation cohorts. Low TLS scores significantly correlated
with improved overall survival, enhanced therapeutic response (espe-
cially to immune checkpoint inhibitors (ICIs)), and lower immune eva-
sion potential. Mechanistically, scRNA-seq revealed distinct immune
microenvironments: low-score tumors were enriched in cytotoxic and
exhausted CD8" T cells (Tex), favorable for immunotherapy, showing
beneficial immune remodeling post-treatment (decreased Tex, increased
effector memory T cells). High-score tumors featured dense regulatory
T-cell (Treg) infiltration, contributing to immunosuppression.
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Conclusion: Our findings suggest a potential TLS-based biomarker
for HCC prognosis and therapeutic response. This work offers pre-
liminary insights into tumor immune microenvironment (TIME) het-
erogeneity, which may be modulated by the Treg/Tex balance, and
proposes a possible tool for improving patient stratification.
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Introduction

The 5-year survival rate for hepatocellular carcinoma (HCC)
is only about 18%, making it one of the main causes of cancer-
related death globally and posing a substantial and expanding
health burden [1]. The progression of HCC in China is mostly
linked to chronic liver illnesses, chiefly attributed to hepatitis
B virus infection, but hepatitis C virus infection and alcohol-
related liver damage also play significant roles [2]. These
chronic liver conditions provide a fertile ground for HCC ini-
tiation and progression.

HCC management is stage-bound: CNLC 0-Ia tumors can
be cured surgically with 60-70% 5-year survival, but > 60% of
patients already present at CNLC IIb-I1Ib and need multimodal
therapy [3], where treatment options include locoregional thera-
pies like transarterial chemoembolization (TACE) for intermedi-
ate-stage disease, as well as palliative options such as molecular
targeted therapies and immune checkpoint inhibitors (ICIs) for
advanced stages [4]. Critically, the underlying chronic hepatic
inflammation profoundly reshapes the tumor microenvironment
(TME), leading to immune dysregulation. This altered immune
landscape not only compromises the efficacy and durability of
current therapies - including ICI - but also contributes to therapy
resistance and accelerated disease progression [5].

Therefore, there is a pressing necessity to enhance com-
prehension of the intricate immunological microenvironment
of HCC and to identify robust biomarkers capable of accurately
predicting prognosis and therapeutic response. Such advances
would facilitate informed clinical decision-making and support
the development of more effective immunotherapeutic strategies.

Tertiary lymphoid structures (TLS) within the TME are
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ectopically formed, structured clusters of immune cells. TLS,
which structurally and functionally mimic secondary lymphoid
organs, are generally produced by persistent inflammation or
other localized stimuli and are essential for beginning and main-
taining efficient local anti-tumor immune responses [6]. A ca-
nonical TLS comprises distinct T- and B-cell zones, with high
endothelial venules facilitating the recruitment of lymphocytes.
Within the T-cell area, one finds plentiful CD4" T follicular
helper cells, Thl cells, CD8" cytotoxic T cells, plus regulatory
T cells (Tregs). Meanwhile, the B-cell section possesses germi-
nal center-like structures together with macrophages and plasma
cells. In addition, specific stromal cell networks provide struc-
tural scaffolding and anchor TLS within inflamed tissues [7, §].

Although TLS - assessed by immunohistochemistry and
characterized by their presence, location, density, and maturity
- have been widely associated with favorable clinical outcomes
across multiple solid tumors, their prognostic significance in
HCC remains controversial [9]. This inconsistency may stem
from the inherent heterogeneity of TLS, the molecular complex-
ity of HCC, and variability across study cohorts. Therefore, an
in-depth characterization of TLS features within the immune
microenvironment of HCC, along with clarification of their clin-
ical relevance, is essential for advancing our understanding of
tumor immune regulation and optimizing therapeutic strategies.

Given the suggested role of TLS in tumor immunity and the
currently inconclusive evidence regarding their prognostic signif-
icance in HCC, this study aimed to develop and evaluate a TLS
gene-based prognostic model. The goal was to explore a method
for more precise risk stratification of HCC patients and to investi-
gate the model’s potential in predicting therapeutic response.

We employed comprehensive bioinformatics approaches
to integrate multi-source transcriptomic data for model con-
struction, followed by rigorous internal and external valida-
tion. Importantly, we examined the link between the TLS-based
model and TME features such as immune cell infiltration and
pathway activation. We examined immune cell subpopulation
composition and function across risk categories using single-
cell RNA sequencing (scRNA-seq) data. It is important to note
that this study utilizes bulk transcriptomic data, thus the identi-
fied signature reflects TLS-related gene expression within the
broader tumor microenvironment, rather than gene expression
derived directly from isolated TLS.

By integrating single-cell resolution data, we aim to further
the understanding of potential TLS-mediated immune modula-
tion and its possible implications for therapeutic decision-mak-
ing, which may contribute to the future development of precision
medicine in HCC. This study not only proposes a potentially
useful TLS-associated prognostic tool but also offers new hy-
potheses regarding the cellular and molecular mechanisms by
which TLS might regulate the immune landscape in HCC.

Materials and Methods

Gene expression datasets

Transcriptomic data for the training set were obtained from
The Cancer Genome Atlas Liver Hepatocellular Carcinoma

(TCGA-LIHC) cohort. To identify differentially expressed
genes (DEGs) between HCC and normal tissues, we processed
the raw gene counts (htseq_counts) using three parallel pipe-
lines to ensure robustness: 1) DESeq2, which employs me-
dian of ratios normalization; 2) edgeR, which uses trimmed
mean of M-values (TMM) normalization; and 3) limma-voom,
which applies TMM followed by quantile normalization. The
intersection of DEGs identified by all three methods was se-
lected for downstream analysis. For independent external vali-
dation, five Gene Expression Omnibus (GEO) datasets were
utilized: GSE14520, GSE202069, GSE104580, GSE279750,
and GSE235863. For these cohorts, we used the pre-processed
and normalized expression matrices as provided by the origi-
nal authors, with no further normalization applied on our part.
The scRNA-seq data, also sourced from the GSE235863 data-
set, were processed using the Scanpy library in Python. The
pipeline included quality control, library size normalization,
log-transformation, and batch correction across patients using
the Harmony algorithm. All data used in this study were ob-
tained from publicly available databases such as TCGA and
GEO, therefore no ethics approval was required.

Identification of candidate TLS-related genes

In this study, DEGs were first identified using three R pack-
ages: “Limma”, “DESeq2”, and “EdgeR”. The selection crite-
ria were P < 0.05 (false discovery rate (FDR)) and |log2 fold
change (FC)| > 1.2 [10]. Only the DEGs commonly identified
by all three methods were retained to ensure robustness. To
specifically focus on TLS, the resulting DEG list was inter-
sected with a set of 45 TLS-related genes previously reported
in the literature [11, 12]. This yielded a total of 12 candidate
genes for subsequent in-depth analysis.

TLS-related gene enrichment

The R “clusterProfiler” package was used to perform Gene On-
tology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) functional enrichment analysis on the 45 TLS-related
DEGs. After stratifying HCC samples into high and low TLS
scores using the TLS scoring algorithm, differential gene ex-
pression analysis was performed between the two groups. The
resulting DEGs were ranked and subjected to Gene Set En-
richment Analysis (GSEA) to explore differences in biologi-
cal processes and signaling pathways between the groups [13].
Gene sets for GSEA were sourced from the Hallmark (H) col-
lection, with statistical significance established at P < 0.05.

Building the prognostic model from candidate TLS genes

To investigate the prognostic relevance of TLS-related genes
in hepatocellular carcinoma (LIHC), we conducted analyses
based on normalized mRNA expression data. We selected six
of the 12 candidate TLS-related genes with the best predictive
potential using Lasso-Cox regression analysis. Each patient’s
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integrated TLS score was computed by integrating the expres-
sion levels (y) of these six genes with their regression coeffi-
cients (x) using the formula: TLS score =} "x.y, [10]. Patients
were divided by median TLS score into high- and low-scoring
groups. This approach is widely adopted for its robustness and
ability to avoid overfitting that can arise from searching for an
optimal cut-off in retrospective datasets [12]. TLS score and
prognosis were examined by comparing the two groups’ over-
all survival (OS). To further assess the combined prognostic
impact of the six model genes, we constructed a multivariate
Cox regression model incorporating all six genes. Finally, we
evaluated the model’s performance in discriminating survival
risk using time-dependent receiver operating characteristic
(ROC) curve analysis and the concordance index (C-index).

Prognostic model validation

We used the GSE14520 dataset to validate the prognostic
model before assessing its efficacy. The model was then ap-
plied to four additional independent datasets - GSE202069,
GSE104580, GSE279750, and GSE235863 - to further assess
the ability of the TLS score to predict survival outcomes and
treatment responses in HCC patients.

For each dataset, samples were stratified into high and low
TLS score subgroups based on the median TLS score. Kaplan-
Meier curves were utilized to assess the TLS score’s predic-
tive significance for OS in GSE14520 and GSE202069. Model
predictive accuracy was quantified by plotting ROC curves
and calculating the area under the curve (AUC). For datasets
that included treatment response information (GSE104580,
GSE279750, and GSE235863), response rates were examined
between high and low TLS scores. ROC curve analysis and
corresponding AUC values were used to assess the predictive
performance of the TLS score for therapeutic efficacy. To fur-
ther explore potential underlying mechanisms, we used the R
packages “progeny” and “TCellSI” [14] to analyze changes in
signaling pathway activity and T-cell infiltration characteris-
tics under different treatment contexts. Finally, we predicted
immunotherapy response across TLS-defined subgroups using
tumor immune dysfunction and exclusion (TIDE) [15].

Development of nomogram and calibration curves

The “rms” package in R was used to create a nomogram for
clinical use of the TLS score. This nomogram integrated the
calculated TLS score with age, sex, and tumor stage (stage and
TNM classification) to give doctors a more complete and indi-
vidualized predictive tool. To validate the model’s prediction
accuracy and clinical value, we generated calibration curves to
assess the projected survival probability at 1, 3, and 5 years to
observed survival outcomes.

Mutation and drug sensitivity analysis

Our initial step was to examine the mutation profiles of TC-

GA-LIHC HCC patients with high and low TLS scores. We
created waterfall plots using R’s “maftools” package to show
mutational landscape variations across groups. Next, we ap-
plied the “oncoPredict” R package to predict drug sensitivity
based on gene expression profiles. This investigation exam-
ined whether the TLS score may indicate variations in respon-
siveness to HCC-treating drugs.

Immune profiling analysis

Many solid cancers have better prognoses and treatment re-
sponses with TLS, particularly among patients who benefit
from immunotherapy. These findings suggest a critical role for
TLS in shaping the tumor immune microenvironment (TIME).
However, researchers disagree on how TLS affects HCC ther-
apy results. To further elucidate this mechanism, we employed
a multi-dimensional immune microenvironment analysis strat-
egy. First, the CIBERSORT approach was used to estimate
immune cell subpopulation abundance from TCGA cohort
mRNA expression data to determine the relationship between
TLS model genes, immune cell infiltration patterns, and im-
mune checkpoint expression. To achieve higher resolution at
the single-cell level and to assess the impact of treatment, we
analyzed scRNA-seq data from the GSE235863 cohort, which
includes HCC patients treated with programmed cell death
protein-1 (PD-1) inhibitors in combination with lenvatinib.
Leveraging the high resolution of scRNA-seq, we investigated
the composition of immune cell subsets and the dynamic evo-
lution of the immune microenvironment across TLS-defined
groups under therapeutic intervention. This approach enabled
a more comprehensive understanding of how TLS model
genes function within the complicated web of immune system
interactions.

Statistical analysis

R software (version 4.4.2) was used to analyze and visualize
transcriptomic data, while Python (version 3.11) was used to
process and visualize scRNA-seq data. The statistical analyses
included the following methods: Chi-square tests were applied
for comparison of categorical variables; #-tests or Wilcoxon
rank-sum tests were used for comparing continuous variables
between two groups. A P-value < 0.05 was considered statisti-
cally significant.

Results

Functional enrichment analysis of TLS-related genes

Following the workflow outlined in Figure 1, we conducted GO
and KEGG enrichment analyses to investigate the functional
roles of TLS-related genes. The GO enrichment study (Fig.
2a) indicated that these genes are involved in cell death, hu-
moral immune response, pore complex formation, chemokine
action, and receptor binding. KEGG pathway analysis (Fig.
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Figure 1. Workflow of the study. Cyan blocks represent data processing, light purple blocks model validation, gray blocks data

analytics, and dark purple blocks clinical prediction model building.

2b) further highlighted the involvement of the 45 TLS-related
genes in key immunological and pathological pathways like
cytokine-cytokine receptor interaction, the programmed death
ligand 1 (PD-L1)/PD-1 immune checkpoint pathway in can-
cer, rheumatoid arthritis, and cell adhesion. Collectively, these
findings suggest that TLS-related genes regulate tumor micro-
environment immunity.

Identification of candidate TLS-related genes in HCC

We used the TCGA database to analyze transcriptome data
from HCC and normal liver tissues to find HCC-specific
TLS-related genes. By integrating differential expression re-
sults from three widely used R packages - Limma, DESeq2,
and EdgeR - we identified a total of 1,779 upregulated and
992 downregulated genes (Fig. 3a). We then intersected these
DEGs with a curated list of 45 TLS-related genes from the lit-
erature, resulting in the identification of 12 candidate genes. In
a heatmap (Fig. 3c), these 12 genes were expressed differently
in tumor and normal tissues. Among them, CCL20 and CD200
were significantly upregulated in HCC tissues, while the other
10 genes exhibited higher expression in normal liver tissues.
Furthermore, correlation analysis of these 12 genes’ expres-

sion levels showed considerable inter-gene relationships, sug-
gesting potential co-regulatory relationships (Fig. 3b).

Building an HCC prognostic model from candidate TLS
genes

Using tumor samples from HCC patients, we constructed a
predictive model based on TLS-related genes through LASSO-
Cox regression analysis. The TLS score calculation included
six genes (Fig. 4a, b). The TLS score was calculated with the
accompanying formula: TLS score = Exp (CCL20) x 0.0825 +
Exp (CD200) x 0.2005 + Exp (DNASE1L3) x (-0.1000) + Exp
(PLACS) x 0.1055 + Exp(C7) x (-0.0626) + Exp (SKAPI) x
(-0.0900).

A multivariate Cox regression analysis confirmed the
model’s robustness, with an Akaike Information Criterion of
1,241.1 and a C-index of 0.69 (P < 0.001), indicating good
predictive performance. The risk forest plot (Fig. 4c) showed
that CCL20 and CD200 were strongly linked to poor prog-
nosis in HCC (P < 0.05, hazard ratio (HR) > 1). To evaluate
each model gene’s prognostic value, we utilized the GEPIA 2
tool [16] to analyze the association between gene expression
levels (quartile-based grouping) and OS in HCC patients. The
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Figure 2. Pathway enrichment study of TCGA HCC patients’ TLS-related genes. (a) Enriched terms identified in the GO analysis.

(b) Enriched pathways identified in the KEGG.

findings indicated that high expression of C7, DNASEIL3,
and SKAPI1, as well as low expression of CCL20, were sig-
nificantly associated with favorable OS (Fig. 4d-i). Notably,
the HRs for CCL20 (HR = 1.9) and CD200 (HR = 1.4) were
consistent with their classification as risk genes (HR > 1) in the
multivariate model.

Initially, this research incorporated 374 HCC patients
from the TCGA database. After data filtering - excluding three
duplicate IDs and 28 cases with incomplete survival informa-
tion or OS less than 30 days - 343 valid samples were kept
for subsequent analysis. Patients were divided into two groups
based on their median TLS scores: those with high scores (n =
172) and those with low scores (n = 171).

The low TLS score group had a longer OS and reduced
mortality rate (Fig. 5a, d). The Kaplan-Meier survival curve
clearly demonstrated the association between a high TLS score
and poor prognosis (Fig. 5a). This observation was further sup-
ported at the molecular level: tumors in the low-TLS showed
higher expression of DNASEIL3 and C7, and lower expres-
sion of CCL20 and CD200 (Fig. Se, Fig. 4b). Notably, elevated
DNASEIL3 expression has previously been reported to corre-
late with better survival outcomes in HCC patients [17]. TLS
scoring model AUC values for 1, 3, and 5-year OS were 0.77,
0.70, and 0.67 (Fig. 5b), indicating its predictive significance.
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Validation of the TLS model for prognosis and treatment
response prediction in HCC

To test TLS scoring model robustness, we first evaluated its per-
formance in an independent cohort of 221 HCC samples from
the GSE14520 dataset. Patients were stratified into low-TLS (n
=109) and high-TLS (n= 112) groups. The results demonstrated
that the low-TLS had a significant survival advantage (longer
OS and lower mortality), along with gene expression patterns
consistent with the TCGA cohort: higher expression of DNA-
SE1L3 and C7, and lower expression of CCL20 and CD200
(Fig. 6a, c). Time-dependent ROC analysis confirmed the mod-
el’s prognostic capability, with AUCs of 0.62, 0.64, and 0.66 for
1-, 3-, and 5-year OS, respectively (Fig. 6b), further supporting
the model’s reliability. In addition, we extended the validation
using GSE202069, GSE104580, GSE279750, and GSE235863
datasets for evaluating the TLS score’s prognostic potential and
treatment outcomes across diverse HCC patient cohorts. TIDE
was utilized to examine the relationship between TLS score and
ICI response. The analysis predicted a better response to im-
munotherapy for patients with low TLS scores (Fig. 6d). TIDE
sub-score analysis revealed that high TLS score tumors were
more closely associated with immune evasion mechanisms,
exhibiting elevated levels of myeloid-derived suppressor cells
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Figure 3. TLS-related gene expression differs between HCC and normal liver tissues. (a) Venn diagram showing the intersection
of differentially expressed genes identified by Limma (yellow), DESeq2 (blue), and EdgeR (red). (b) Correlation matrix illustrating
the relationships among the 12 candidate TLS-related genes. (c) Heatmap showing normal and malignant tissue expression of
the 12 TLS-related genes. Red means high expression, blue means low expression, “normal” means normal liver tissues, and

“tumor” means HCC tissues.

(MDSCs), interferon-gamma (IFNG) expression, T-cell exclu-
sion, and overall TIDE scores, while low TLS scores were more
linked to T-cell dysfunction characteristics (Fig. 6e). These re-
sults show that tumors with high TLS scores may have increased
immune evasion potential since the TIDE score measures T-cell
inactivation and exclusion in the tumor microenvironment and
is positively connected with immune escape capacity.

To assess the prediction efficacy of the TLS score regard-

ing treatment response, we analyzed several HCC patient
cohorts that received different therapeutic regimens. In the
GSE202069 cohort (n = 17), which included patients treated
with PD-1 inhibitors, patients were stratified into low-TLS
(n = 8) and high-TLS (n = 9) groups. Although the low TLS
group exhibited a trend toward improved survival, the differ-
ence was not statistically significant (P = 0.09, Fig. 7a), likely
due to the small sample size. However, time-dependent ROC
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Figure 4. Creating a TCGA cohort TLS-related gene-based prognostic risk model. (a) LASSO regression analysis of 12 TLS-
related genes. (b) Ten-fold cross-validation for selecting the optimal penalty parameter (A) in the LASSO regression. (c) Forest
plot showing the hazard ratios and 95% confidence intervals for multiple variables in the multivariate Cox regression model. (d-i)
Kaplan-Meier survival curves illustrating the impact of low vs. high expression of C7, CCL20, CD200, DNASE1L3, PLAC8, and

SKAP1 on overall survival in HCC patients.

analysis corroborated the TLS score’s predictive efficacy, with
AUCs of 0.68, 0.70, and 0.75 for 1.5-, 2-, and 2.5-year OS
(Fig. 7b). In three additional cohorts - patients receiving TACE
(GSE104580, n = 147), PD-L1 inhibitors (GSE279750, n =

10), and PD-1 combined with lenvatinib (GSE235863, n =
15) - low TLS scores were significantly associated with bet-
ter therapeutic responses (Fig. 7c-¢), with corresponding AUC
values of 0.746, 0.875, and 0.727, correspondingly. To explore
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Figure 5. TLS score-based TCGA prognostic risk model performance. (a) Kaplan-Meier survival curve comparing overall survival
between high and low TLS score groups. (b) ROC curves demonstrating the predictive accuracy of the TLS score for 1-, 3-, and
5-year OS. (c) Median TLS score threshold patient dispersion. The low TLS score group is blue, and the high group is red. (d)
Survival rates of high-risk and low-risk HCC patients. Red means death; blue means survival. (e) Heatmap of six model gene
expression patterns. Low expression is blue, high expression is red. Below is the TLS group classification: blue for low and red

for high.

potential mechanisms underlying these associations, we used
the “progeny” and “TCellSI” R packages to evaluate signaling
pathway activity and T-cell status across the treatment cohorts.
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Cross-cohort pathway analyses revealed distinct mo-

lecular signatures associated with treatment response. In the
GSE104580 cohort (TACE responders), suppression of pro-
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Figure 6. Validation of the prognostic TLS model in GSE14520 and TIDE immunotherapy response prediction in TCGA. (a)
Compared overall survival of GSE14520 cohort high and low TLS score groups using Kaplan-Meier curves.(b) Time-dependent
ROC curves assessing TLS score prediction power for 1-, 3-, and 5-year survival. (c) Median TLS score threshold patient dis-
persion. The low TLS score group is blue, and the high group is red. Blue indicates survival, red death. The heatmap shows six
TLS-related gene expression levels. (d) TCGA sample immune checkpoint inhibitor sensitivity predicted by the TIDE platform,
comparing TLS-defined subtypes. (e) Immunological differences between high and low TLS scores in TCGA cohort. Dysfunction
(T-cell dysfunction score), MDSC (myeloid-derived suppressor cell infiltration), IFNG (interferon-gamma expression), exclusion
(T-cell exclusion score), and TIDE score (a composite index reflecting tumor immune evasion via T-cell dysfunction and exclu-
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sion, associated with reduced ICI efficacy). CD8 indicates the expression level of CD8* T cells.
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Figure 7. TLS score predicts hepatocellular carcinoma prognosis and treatment responsiveness. (a) High- and low-TLS score
Kaplan-Meier survival curves for PD-1 treatment patients (GSE202069 cohort). (b) Time-dependent ROC curves analyzing
this cohort's TLS score predictiveness. (c) GSE104580 (TACE treatment). (d) GSE279750 (PD-L1 inhibitor treatment). (e)
GSE235863 (PD-1 inhibitor + lenvatinib treatment). (c-e) Analysis of the TLS signature’s predictive value for treatment response
in three independent cohorts. For each cohort, the panels display the following from left to right: the proportion of responders
in high- and low-TLS score groups; the ROC curve for predicting therapeutic response; a heatmap of signaling pathway activ-
ity between responders and non-responders; a bar chart comparing T-cell functional state proportions; and box plots of the six
model gene expression levels grouped by response. T-cell states include quiescence, regulating, proliferation, helper, cytotoxic-

ity, progenitor exhaustion, terminal exhaustion, and senescence.

survival pathways such as hypoxia, phosphatidylinositol 3-OH
kinase (PI3K), epidermal growth factor receptor (EGFR), and
mitogen-activated protein kinase (MAPK), alongside activa-
tion of immune and apoptotic pathways including androgen,
JAK-STAT, and p53, was observed. In the GSE279750 cohort
(PD-L1 inhibitor responders), activation of immune-related
pathways (Janus kinase/signal transducers and activators of
transcription (JAK-STAT), nuclear factor-kB (NF-kB), tumor
necrosis factor-a (TNF-a)), apoptotic pathways (pS3, TRAIL),
and hormonal signaling (estrogen, androgen) was evident,
while proliferative signaling (PI3K) was downregulated. In the
GSE235863 cohort (PD-1 + lenvatinib combination therapy),
responders showed activation of apoptotic (TRAIL) and select-
ed growth-related pathways (EGFR, PI3K), but downregulation
of p53 and hormone-related signaling (androgen, estrogen).
These results suggest that distinct forms of pathway reprogram-
ming may underlie treatment response in different therapeutic
contexts. T-cell state analysis revealed a consistent trend across
all three cohorts (GSE104580, GSE279750, and GSE235863):
responders had more cytotoxic and early and terminally fatigued

596

T cells, whereas non-responders exhibited a predominance of
proliferative, quiescent, and senescent T-cell subsets (Fig. 7c-¢).
These findings suggest that effective treatment response may be
accompanied by a shift toward an effector/exhausted T-cell phe-
notype within the TME. Taken together, analyses across multi-
ple independent datasets and diverse treatment regimens sup-
port the notion that a low TLS score is a favorable indicator of
treatment response in HCC. This association may be attributed
to a unique immune microenvironmental context in responders,
characterized by distinct pathway activity patterns and function-
ally competent T-cell infiltration.

Construction of a TLS-based nomogram and calibration
curve

To promote the clinical translation of the TLS scoring system
and provide a more precise, individualized prognostic assess-
ment for HCC patients, a nomogram integrating the TLS score
with clinicopathological variables was created, including age,
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Figure 8. Overall survival nomogram for hepatocellular cancer patients. (a) Nomogram estimating individual survival odds using
TLS score, clinical, and pathological variables. Any age stage scores 90 points, with gender coded (female as 1, male as 2).
(b) Calibration plots showing high agreement between nomogram predictions and observed 1-, 3-, and 5-year overall survival.

sex, tumor stage, and TNM classification (Fig. 8a). This nomo-
gram was designed to quantitatively estimate patient-specific
survival probabilities. Calibration curve analysis (Fig. 8b)
showed good concordance between projected survival prob-
abilities and observed results, supporting the model’s predic-
tive accuracy and therapeutic value.

GSEA enrichment analysis

To elucidate the biological functional differences and potential
regulatory pathways associated with varying TLS score lev-
els in HCC, we first visualized used boxplots to depict model
gene expression. Expression of CCL20, CD200, and PLACS
was significantly elevated in high-TLS (Fig. 9a), consistent
with the trends previously observed between tumor and nor-
mal tissues. Subsequently, we performed GSEA. Significant
immune-related pathway enrichment was found, including
immunoglobulin complex (circulating and tissue-resident),
positive regulation of B-cell activation, and the inflammatory
response (Fig. 9b). In addition, KEGG pathway enrichment
analysis, visualized using a chord diagram (Fig. 9c), provided
an intuitive overview of the associations between differential
genes and key biological pathways. Notably, apart from im-
mune-related functions, cytochrome P450-mediated xenobi-
otic metabolism, bile secretion, and drug metabolism differed.
When combined, these functional analyses suggest that the
low TLS score group’s improved prognosis may be due to a
unique immune regulatory landscape and changed metabolic
features, notably medication metabolism.

Genomic alterations and drug sensitivity associated with
TLS score

We performed a mutational landscape analysis and visualized

the top 30 most frequently mutated genes in the high- and low-
TLS (Fig. 10a, b). The two groups had different mutational
patterns. Most mutated genes in the low TLS score group were
CTNNBI (33%), TTN (27%), and TP53 (19%). In contrast,
in high-TLS, TP53 mutations were most prevalent (41%), fol-
lowed by TTN (28%) and CTNNBI1 (19%). Additionally, we
assessed the predicted drug sensitivity of tumors across TLS
score groups. The analysis predicted a higher sensitivity for tu-
mors with low TLS scores to commonly used chemotherapeu-
tic agents, including oxaliplatin, sorafenib (Sorafenib_1085),
and gemcitabine (Fig. 10c).

Immune cell infiltration characteristics associated with
TLS in HCC

To determine how TLS-related genes affect HCC TIME, we
employed a multi-scale data analysis strategy. First, using bulk
mRNA expression patterns from the TCGA HCC cohort, we
estimated 22 immune cell subtype abundances using the CIB-
ERSORT method.

We then evaluated the connections between TLS model
gene expression and immune cell infiltration patterns and criti-
cal immunological checkpoint gene expression (Fig. 11a, b).
The results demonstrated that TLS model gene expression was
significantly associated with the abundance of multiple im-
mune cell types and the expression of ICI-related genes, sug-
gesting that TLS-related genes may modulate immune infiltra-
tion and regulation in the HCC microenvironment.

To conduct an exploratory analysis at the single-cell level
and gain preliminary insights into TIME characteristics under
therapeutic conditions, we analyzed scRNA-seq data from the
GSE235863 cohort, which includes HCC patients treated with
PD-1 inhibitors and lenvatinib. A subset of patients in this co-
hort also had matched bulk mRNA expression data. From this
dataset, we selected five samples that had both scRNA-seq and
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Figure 9. TCGA HCC patient TLS-based subgroup enrichment. (a) Boxplots demonstrating TLS-related model gene expression
differences between high and low TLS scores. Red boxes mean high-TLS, blue boxes means low-TLS. (b) GSEA bubble plot
showing differentially expressed genes in biological processes between groups. (c) In high and low TLS score groups, KEGG
chord diagrams reveal links between differentially expressed genes (left) and their enriched pathways (right).

mRNA data for this pilot investigation. It should be noted that,
given the small sample size (n = 5), this single-cell analysis
is exploratory in nature and serves to generate hypotheses for
future validation. These five samples were divided into high (n
=3) and low (n = 2) TLS score groups based on bulk mRNA
expression patterns. We identified seven major immune cell
populations (Fig. 11c) by performing clustering and annotation
of all single cells in the GSE235863 dataset, using previously
reported cell type marker genes (Fig. 11d). We then compared
and visualized the proportional composition of immune cell
subsets before and after treatment, as well as between the high-
and low-TLS (Fig. 11e), aiming to reveal differences in TIME
composition under different TLS states. Low TLS score tu-
mors were enriched for CD8" T cells, y8 T cells, and myeloid
cells, whereas high TLS score tumors were dominated by B
cells and plasma cells. The post-treatment dynamic alterations
showed a reduction in B and plasma cells and an increase in
CD4" T, CD8" T, and myeloid cells in the TME. The cytokine
expression profiles, CC chemokines (primarily involved in
monocyte/T-cell recruitment), and CXC chemokines (primar-
ily involved in neutrophil recruitment) showed similar patterns
across TLS groups, with no notable differences observed (Fig.
111, g).

Single-cell analysis of T- and B-cell subsets

To explore the potential mechanisms of TIME’s dynamic ren-
ovation - particularly the effects of therapy in patients with
different TLS risk profiles - our exploratory single-cell analy-
sis focused on T- and B-cell subgroups. Based on the CIBER-
SORT-derived heatmap illustrating correlations between TLS
model genes and immune cell populations (Fig. 12a), we per-
formed secondary clustering of T cells. We then compared the
proportional changes in T-cell subsets before and after treat-
ment in the high- and low-TLS (Fig. 12¢, d).Analysis of T-cell
subsets revealed distinct compositions and dynamic changes
between the high- and low-TLS groups before and after treat-
ment (Fig. 12¢c, d). In the low-TLS group, the pre-treatment
TIME was composed largely of exhausted T cells (Tex, 57%)
and effector memory T cells (Tem, 21%). Following treatment,

a significant shift was observed: the proportion of Tex cells
decreased to 8%, while Tem cells expanded to 60%. Concur-
rently, proportions of Treg and mucosal-associated invariant T
(MAIT) cells increased to 15% and 12%, respectively. Con-
versely, the high-TLS group exhibited a different baseline pro-
file, which was dominated by MAIT cells (45%), Tregs (25%),
and Tex cells (15%). Post-treatment, this group also showed
an increase in Tem cells and a reduction in MAIT and Treg
populations. However, the magnitude of these changes was
less pronounced compared to the low-TLS group.

To assess the functional states of T-cell subsets, we ap-
plied several T-cell gene signatures (Fig. 12¢). In the high-TLS
group, Tex and Treg cells exhibited higher T activation scores.
In contrast, the low-TLS group was characterized by higher T
resident scores at baseline. Following treatment, the low-TLS
group showed a greater increase in T IFN scores. Furthermore,
Tex cells from the low-TLS group had elevated T inhibitory
scores. Finally, T cytotoxicity scores were significantly higher
among cytotoxic T-cell subsets (Temra, Tex, progenitor ex-
hausted T cells (Tpex), y0T) in the low-TLS group.

By projecting the TLS signature gene set onto the UMAP
of HCC tumor single cells, we observed that its expression
was primarily enriched in the B-cell compartment (Fig. 12f,
g). Consequently, we performed a detailed subclustering and
analysis of B-cell populations to further characterize these
cells (Fig. 12h, i).To further investigate the effects of treat-
ment on TLS structure and maturation within the TIME, we
evaluated the dynamic changes in two distinct gene signature
scores. The TLS signature score, derived from a 50-gene set
(including FDCSP, MS4A1, CXCL13, CCL19; Supplemen-
tary Material 1, wjon.elmerpub.com) was used to identify and
quantify the overall presence of TLS regions. Concurrently,
the mature TLS score, based on an eight-gene set indicative of
germinal center activity (AICDA, MKI67, CR2; Supplemen-
tary Material 2, wjon.elmerpub.com), was employed to assess
the functional maturity and developmental state of these struc-
tures. In the low-TLS group, the TLS signature score signifi-
cantly increased post-treatment (P < 0.001), whereas no sig-
nificant change was observed in the high-TLS group (Fig. 12j,
1). Similarly, the mature TLS score also showed a significant
post-treatment increase in the low-TLS group (P <0.01). Con-
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Figure 10. Tumor mutation landscape and drug sensitivity analysis. (a) Waterfall plot of low TLS score HCC patients’ most
commonly altered genes. Mutation kinds are colored. (b) Waterfall plot of high TLS score HCC patients’ most commonly altered
genes. Mutation kinds are colored. (c) Different TLS score groups’ HCC medication sensitivity predictions. Oxaliplatin, sorafenib
(Sorafenib_1085), gemcitabine, and 5-fluorouracil are sensitive.
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Figure 11. Immune cell infiltration analysis in HCC. Asterisks indicate statistical significance: *P < 0.05; **P < 0.01; ***P < 0.001.
(a) Heatmap of TLS model gene-immune checkpoint inhibitor gene associations. Positive correlation is red, negative correlation
is blue. (b) Immune cell type abundance and TLS model gene association heatmap. Positive correlation is red, negative cor-
relation is blue. (¢) UMAP map of GSE235863 tumor-derived immune cells (n = 55,795). (d) Signature gene expression bubble
heatmap across immune cell types. Bubble size indicates cell proportions. (€) Immune cell composition bar graphs. Left panel:
T/B cell proportions; right panel: T/B cell, myeloid, ILC ratio. TLS: overall group comparison; high_TLS: three high-score samples;
low_TLS: two low-score samples; pre- and post-treatment proportions. (f) Low-TLS score group cytokines, CC chemokines, and
CXC chemokines heatmap. (g) High-TLS score group cytokines, CC chemokines, and CXC chemokines heatmap.
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Figure 12. Characterization of T- and B-cell subsets and TLS-associated features in the HCC tumor microenvironment. (a)
UMAP visualization of T-cell subsets derived from HCC tumor samples. (b) Bubble heatmap of hallmark gene expression in T-
cell subsets. Bubble size shows cell proportion. (c) Stacked bar graphs of high and low TLS score T-cell subsets before and after
therapy. (d) Dumbbell plot showing differences in T-cell subset proportions before (red) and after (blue) treatment. (e) Functional
scoring of T-cell subsets across groups using various gene sets: T activation score (T-cell activation), T cytokines score (cytokine
secretion), T resident score (tissue residency), T IFN score (interferon response), T inhibitory score (inhibitory function), T cy-
totoxicity set (cytotoxic potential). (f) UMAP plot showing TLS signature scores across different cell populations. (g) Violin plot
displaying TLS signature scores across major immune cell subsets. (h) UMAP visualization of B-cell subsets derived from HCC
tumors. (i) Bubble heatmap showing signature gene expression across B cell subsets. (j) UMAP and violin plots of B-cell subset
TLS signature scores before and after therapy in different TLS score groups. (k) UMAP and violin plots of mature TLS scores in B-
cell subsets before and after treatment in different TLS score groups. (l) Bar plots showing average TLS signature scores in B-cell
subsets across treatment groups. (m) Bar plots showing average mature TLS scores in B cell subsets across treatment groups.
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Figure 12. (continued) Characterization of T- and B-cell subsets and TLS-associated features in the HCC tumor microenviron-
ment. (a) UMAP visualization of T-cell subsets derived from HCC tumor samples. (b) Bubble heatmap of hallmark gene expres-
sion in T-cell subsets. Bubble size shows cell proportion. (c) Stacked bar graphs of high and low TLS score T-cell subsets before
and after therapy. (d) Dumbbell plot showing differences in T-cell subset proportions before (red) and after (blue) treatment. (e)
Functional scoring of T-cell subsets across groups using various gene sets: T activation score (T-cell activation), T cytokines
score (cytokine secretion), T resident score (tissue residency), T IFN score (interferon response), T inhibitory score (inhibitory
function), T cytotoxicity set (cytotoxic potential). (f) UMAP plot showing TLS signature scores across different cell populations. (g)
Violin plot displaying TLS signature scores across major immune cell subsets. (h) UMAP visualization of B-cell subsets derived
from HCC tumors. (i) Bubble heatmap showing signature gene expression across B cell subsets. (j) UMAP and violin plots of B-
cell subset TLS signature scores before and after therapy in different TLS score groups. (k) UMAP and violin plots of mature TLS
scores in B-cell subsets before and after treatment in different TLS score groups. (I) Bar plots showing average TLS signature
scores in B-cell subsets across treatment groups. (m) Bar plots showing average mature TLS scores in B cell subsets across
treatment groups.
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Figure 12. (continued) Characterization of T- and B-cell subsets and TLS-associated features in the HCC tumor microenviron-
ment. (a) UMAP visualization of T-cell subsets derived from HCC tumor samples. (b) Bubble heatmap of hallmark gene expres-
sion in T-cell subsets. Bubble size shows cell proportion. (c) Stacked bar graphs of high and low TLS score T-cell subsets before
and after therapy. (d) Dumbbell plot showing differences in T-cell subset proportions before (red) and after (blue) treatment. (e)
Functional scoring of T-cell subsets across groups using various gene sets: T activation score (T-cell activation), T cytokines
score (cytokine secretion), T resident score (tissue residency), T IFN score (interferon response), T inhibitory score (inhibitory
function), T cytotoxicity set (cytotoxic potential). (f) UMAP plot showing TLS signature scores across different cell populations. (g)
Violin plot displaying TLS signature scores across major immune cell subsets. (h) UMAP visualization of B-cell subsets derived
from HCC tumors. (i) Bubble heatmap showing signature gene expression across B cell subsets. (j) UMAP and violin plots of B-
cell subset TLS signature scores before and after therapy in different TLS score groups. (k) UMAP and violin plots of mature TLS
scores in B-cell subsets before and after treatment in different TLS score groups. (I) Bar plots showing average TLS signature
scores in B-cell subsets across treatment groups. (m) Bar plots showing average mature TLS scores in B cell subsets across
treatment groups.
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versely, the high-TLS group exhibited a slight, non-significant
downward trend in the mature TLS score after treatment (Fig.
12k, m).

Discussion

HCC remains a major clinical challenge due to its high mor-
tality and limited therapeutic options [1, 18]. While TLS are
increasingly recognized as pivotal hubs for anti-tumor immu-
nity, their prognostic role in HCC is debated [9, 19, 20]. This
inconsistency likely arises from the profound heterogeneity of
TLS in terms of their location (e.g., intra-tumoral versus the in-
vasive margin), maturation state (from early aggregates to ful-
ly formed structures with germinal centers), and cellular den-
sity. Such variability can lead to functionally distinct immune
microenvironments. Therefore, a biomarker that captures a
functionally relevant aspect of the TLS landscape, rather than
merely their presence, is urgently needed.

Our work, like that of Liu et al [12], also focuses on the
prognostic significance of TLS genes associated with HCC,
sharing a four-gene backbone (PLACS, DNASEIL3, C7,
SKAP1) within a six-gene TLS signature. However, our model
diverges critically by including the immunosuppressive genes
CCL20 and CD200, leading to an opposing prognostic conclu-
sion: a high-risk score in our model correlates with poorer out-
comes. This design allows our signature to specifically iden-
tify a dysfunctional, “pro-tumor” TLS phenotype. We further
extended the clinical relevance of this framework by validating
its power to predict responses to contemporary therapies such
as ICIs and lenvatinib. Mechanistically, our single-cell analy-
sis provided a direct link between the high-risk signature and
the accumulation of Tregs and Tex, offering a high-resolution
explanation for the heterogeneous role of TLS in HCC.

The biological functions of the six signature genes provide
strong mechanistic rationale for the model’s prognostic power.
The high-risk factors CCL20 and CD200 are known promoters
of immune evasion, with CCL20 directly implicated in HCC
progression [21-23]. Conversely, DNASEIL3 acts as a pro-
tective tumor suppressor in HCC by inhibiting the PI3K/AKT
pathway [24]. While studied in other contexts, the remain-
ing genes have clear oncogenic relevance: PLACS enhances
chemoresistance via PD-L1 and promotes tumorigenesis [25,
26], while the T-cell adaptor SKAP1 and complement compo-
nent C7 have established prognostic roles in cancer [27, 28].
By integrating these diverse signals - spanning immune eva-
sion, tumor suppression, and oncogenic signaling - the model
effectively captures the multifaceted biology of HCC.

Our study validates the clinical usefulness of the TLS
score in HCC through testing. In survival analyses across four
independent cohorts, the score effectively stratified patients,
with a low TLS score consistently predicting longer OS. De-
spite a lack of statistical significance in the small GSE202069
cohort, the model’s prognostic accuracy was upheld by time-
dependent ROC curves. Beyond prognosis, the TLS score
predicted therapeutic outcomes. A low score was significantly
associated with better treatment response in three separate co-
horts (TACE, PD-L1 blockade, and combination therapy), evi-

denced by high AUCs (0.746, 0.875, 0.727). Further support
came from TIDE analysis, which predicted a better response to
immunotherapy for patients with low-TLS scores (P = 0.018,
Fig. 6d) and who exhibited lower TIDE scores, indicative of
reduced immune evasion potential [15]. Mechanistic investi-
gation revealed that this predictive power stems from the un-
derlying T-cell states; responders showed a notable enrichment
of cytotoxic and progenitor exhausted T cells (Tpex), which
are critical for anti-tumor immunity [29]. Pathway analysis
further elucidated distinct regulatory patterns in responders
across different treatment modalities. Ultimately, by integrat-
ing the TLS score with clinical characteristics in a nomogram,
we confirmed its robust and independent prognostic value,
highlighting its readiness for clinical implementation.

In conclusion, our multi-cohort, multi-dimensional analy-
sis suggests that the TLS score may be a promising and in-
dependent predictive biomarker for HCC. It appears to hold
potential for risk stratification, potentially informing treatment
decision-making, and guiding future immunotherapeutic strat-
egies in the context of precision oncology.

To explore the biological mechanisms underlying the
TLS score, we analyzed pathway enrichments in patient
subgroups. High-TLS score patients showed significant en-
richment in B-cell activation and immunoglobulin complex
pathways. This aligns with the function of TLS as sites for an-
tibody production, where plasma cells can enhance anti-tumor
responses through antibody-dependent cellular cytotoxicity
[30]. Conversely, the low-TLS score group, associated with a
superior prognosis, was characterized by the upregulation of
metabolic and detoxification pathways, such as bile secretion
and drug metabolism. These comparative functions indicate
that the prognostic ability of TLS scores reflects the relation-
ship between active humoral immune response and metabolic
capacity.

Analysis of the HCC mutational landscape confirmed
the prevalence of key driver mutations, including TP53,
CTNNBI, and ARID1A [31, 32]. Crucially, we identified a
significant enrichment of TP53 and LRP1B mutations within
the high-TLS score group, suggesting these alterations are
linked to the underlying tumor immunobiology. The associa-
tion with TP53 mutations is particularly noteworthy, as they
not only promote tumorigenesis [33] but also actively shape
an immunosuppressive microenvironment via the interleu-
kin-34 (IL-34)/tumor-associated macrophage (TAM) axis,
which inhibits CD8* T cell function [34]. In contrast to other
common mutations such as CTNNBI1 and ARID1A, which
have complex and sometimes conflicting roles in prognosis
and therapy response [35-38], our analysis highlights a more
specific signature. Concurrently, the enrichment of LRP1B
mutations, previously identified as an independent prognos-
tic risk factor in HCC [39], may further impair anti-tumor
immunity by altering immune cell infiltration patterns [40].
Together, these findings highlight that a specific mutation-
al signature (TP53 and LRP1B) correlates with a high TLS
score and likely contributes to the immunosuppressive phe-
notype and poor prognosis in these patients.

The enrichment of mutations like TP53 and LRP1B in the
high-TLS group, which are linked to therapeutic resistance
pathways [40], prompted us to assess the TLS score’s potential
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in predicting drug response. In line with this hypothesis, our in
silico analysis revealed that a low TLS score was associated
with a higher predicted sensitivity to several standard agents,
including oxaliplatin, sorafenib, and gemcitabine. While these
computational predictions require rigorous clinical validation,
they suggest that the TLS score may capture a biological state
that influences sensitivity to chemotherapy and targeted thera-
pies, highlighting a potential avenue for patient stratification
in future studies.

Our study reveals that the expression patterns of TLS-
related genes, particularly CCL20, CD200, PLACS, and
SKAPI, are closely linked to the immunoregulatory state of
the HCC TME. These genes positively correlated with im-
mune checkpoints like PD-1/PD-L1 and were associated
with T- and B-cell abundance (Fig. 11a, b), linking the TLS
signature directly to an immune-active TME. At single-cell
resolution (GSE235863), we further elucidated the distinct
immune compositions defined by the TLS score in patients
undergoing combination therapy (anti-PD-1 + lenvatinib).
High-TLS score tumors were dominated by B and plasma
cells, whereas low-TLS score tumors were enriched for CD8"
T cells, y6 T cells, and myeloid cells (Fig. 11c, ¢). Post-treat-
ment, the TME composition shifted towards a more T-cell
and myeloid-infiltrated state, with a corresponding reduction
in B and plasma cells. Intriguingly, despite these substantial
differences in cellular composition between TLS groups and
the dynamic shifts post-therapy, we observed no significant
changes in the T-cell cytokine profiles or the broader CC/
CXC chemokine landscape (Fig. 111, g). This suggests that
while the TLS score effectively captures distinct immune
infiltration patterns and their response to therapy, the un-
derlying mechanisms driving TME remodeling are complex
and may not be directly governed by broad alterations in the
chemokine signaling milieu.

To elucidate the differential therapeutic responses be-
tween TLS groups, we dissected T- and B-cell subsets at high
resolution (Fig. 12a, h). Our analysis revealed that the two
TLS subtypes possessed starkly different immunological start-
ing points. The low-TLS group was characterized by a high
proportion of Tex cells (57%), representing an ideal reservoir
of targets for PD-1 blockade. In contrast, the high-TLS group
presented a profoundly immunosuppressive microenviron-
ment, dominated by Tregs (25%) and MAIT cells (45%), with
a much smaller population of reinvigoratable Tex cells (15%).
This pre-existing landscape, defined by potent suppressive ele-
ments [41] and an atypical MAIT-cell infiltration [42], likely
underpins primary resistance to therapy. Following treatment,
these divergent baselines led to distinct immunological tra-
jectories (Fig. 12c¢, d). Low-TLS tumors underwent a robust
reprogramming, with Tex cells plummeting to 8% as Tem
cells dramatically expanded to 60%, signifying a successful
shift from an exhausted to an effector-dominant state. The re-
sponse in the high-TLS group, however, was far more attenu-
ated. Their blunted therapeutic efficacy appears to stem from
a combination of factors: strong baseline immunosuppression,
a limited pool of targetable Tex cells for PD-1 blockade [43],
and a non-classical immune milieu dominated by MAIT cells.
To functionally validate these shifts in T-cell states, we applied
signature gene sets to assess their functional profiles [44] (Fig.

12e).

Our analysis revealed fundamental differences in the
TIME between high- and low-TLS groups. The TIME of the
low-TLS group was enriched for T-cell subsets with superior
cytotoxicity, tissue residency, and a stronger IFN response to
therapy. Notably, elevated checkpoint expression within their
Tex cells implied greater responsiveness to ICI therapy. Con-
versely, the high-TLS group was characterized by an immu-
nosuppressive TIME, consistent with its inferior clinical out-
comes.

Further investigation showed that the TLS signature gene
set was primarily enriched in the B-cell compartment, suggest-
ing a central role for B cells in TLS formation and mainte-
nance [45]. Crucially, treatment significantly induced or pro-
moted the maturation of TLS in the low-TLS group, reflected
by increased TLS signature and mature TLS scores [46]. In
contrast, TLS structures in the high-TLS group showed no sig-
nificant change and even a regressive trend. This differential
structural remodeling in response to therapy may partly ex-
plain the disparate immune responses and clinical outcomes
observed between the two groups.

While our findings are compelling, several limitations
must be acknowledged. First, this study is retrospective
and relies on publicly available datasets, which introduces
inherent variability and potential confounding factors. It is
critical to acknowledge that our signature was derived from
bulk RNA-sequencing, thus representing a TLS-associated
context rather than a TLS-specific program. Bulk sequencing
data cannot distinguish signals from TLS-resident cells from
the surrounding heterogeneous microenvironment, which
may limit the biological specificity of our findings. Second,
the cohorts used to validate treatment response were small,
particularly for immunotherapy, which limits the statistical
power and generalizability of these specific findings. Third,
our analyses are correlational and lack direct functional vali-
dation; in vitro and in vivo experiments are needed to con-
firm the mechanistic roles of the signature genes. Finally,
as noted, the single-cell analysis was exploratory due to its
small sample size (n = 5) and requires validation in larger,
prospective cohorts.

In conclusion, the six-gene TLS scoring model proposed
in this study may serve as a potential biomarker for prognosis
and therapeutic response in HCC. It could also offer further in-
sights into the complex interplay between tumor-intrinsic mu-
tations, the TIME - particularly the balance between Tregs and
Tex cells, and T-cell functional states - and clinical outcomes.
This model shows promise for improving the precision of
HCC patient stratification and could help inform personalized
treatment decisions, as well as shed light on TLS’ potential im-
munoregulatory involvement in HCC. Furthermore, it offers
a valuable framework for exploring novel immunotherapeutic
strategies.

Supplementary Material

Suppl 1. TLS signature.
Suppl 2. Mature TLS.
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