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Abstract

The tumor microenvironment integrates immune-activating and immune-
suppressive cues that critically shape cancer progression and response to
immunotherapy. Here, we performed a pan-cancer in silico analysis of transcriptome
data from The Cancer Genome Atlas to define an immune-suppressive gene
signature and associated immune states linked to checkpoint activity and clinical
outcome. Gene set-based scoring was used to quantify CD8*T cells, regulatory T cells,
macrophage subsets, and composite checkpoint and suppressive immune signatures
across tumor types. Correlation and network analyses revealed that PDCD1, CTLA4,
TIGIT, and LAG3 form a tightly coordinated checkpoint module strongly associated
with Treg enrichment, higher suppressive immune signatures, and, notably, increased
CD8* T-cell infiltration, indicating co-occurring immune activation and suppression
rather than mutually exclusive states. Unsupervised clustering of immune scores
identified three recurrent immune subtypes, immune-poor, intermediate, and
immune-enriched/suppressed, spanning multiple cancers and capturing distinct
immunological configurations. The derived suppressive signature stratified patients
into high- and low-risk groups, with elevated suppressive immune signature scores
associated with poorer overall survival in Kaplan—Meier analyses. Multivariable Cox
regression confirmed that the suppressive signature is an independent prognostic
factor after adjusting for age, sex, and tumor stage, suggesting that it encodes
biological information not captured by standard clinicopathologic variables.
Together, these findings define a coordinated immune-suppressive program that
transcends tissue of origin and provides a tractable transcriptomic biomarker for risk
stratification and rational design of combination immunotherapeutic strategies.

Keywords: Immune suppressive signature; Tumor microenvironment; Immune
checkpoint; Pan cancer; Survival

1. Introduction

The tumor microenvironment (TME) plays a critical role in cancer progression,
immune evasion, and response to therapy.
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Tumors are not merely masses of malignant cells; they
comprise a complex milieu of stromal cells, immune
infiltrates, extracellular matrix components, and signaling
molecules that collectively influence disease trajectory
and therapeutic outcomes.! Immune cells within the TME
can be broadly categorized into effector populations that
attack tumor cells and immunosuppressive populations
that facilitate tumor growth and therapy resistance.
Understanding the balance between these immune
phenotypes is essential for improving the efficacy of
immunotherapies, particularly immune checkpoint
inhibitors targeting programmed cell death protein 1 (PD-
1), programmed death ligand 1 (PD-L1), and cytotoxic
T-lymphocyte-associated protein 4 (CTLA-4).’

While immune checkpoint blockade has revolutionized
cancer treatment, only a subset of patients across
tumor types achieve durable responses.* Resistance to
immunotherapy often arises from intrinsic tumor factors,
such as TME-mediated suppression of T cell activation,
exclusion of cytotoxic lymphocytes, and recruitment of
regulatory T cells (Tregs) and myeloid-derived suppressor
cells (MDSCs).> These immunosuppressive mechanisms
underscore the need for comprehensive molecular
characterization of the TME to identify biomarkers that
predict immunotherapy response and inform combination
strategies.®

Beyond immune checkpoint signaling, the TME is
also shaped by complex cytokine-driven inflammatory
networks, stromal remodeling, extracellular matrix
dynamics, and hypoxia-associated metabolic adaptations
that collectively influence tumor progression and
therapeutic response.”® Cancer-associated fibroblasts,
tumor-associated macrophages, regulatory T cells, and
MDSCs contribute to immunosuppressive tissue states
through secretion of cytokines such as transforming growth
factor-B (TGF-p), interleukin-6 (IL-6), and interleukin-10
(IL-10), which can impair cytotoxic immune activity and
reinforce immune exclusion.” In addition, extracellular
matrix remodeling and hypoxia-driven inflammatory
signaling may further restrict immune infiltration and
contribute to resistance against immune checkpoint
blockade.”” These interactions highlight the TME as a
dynamic immunoregulatory ecosystem rather than a
purely transcriptomic landscape.

Insilicoanalysesleveragin glarge public cancer genomics
datasets, such as The Cancer Genome Atlas (TCGA),
provide powerful tools for dissecting the molecular
landscape of tumors and their microenvironments.'' Gene
expression profiling has enabled systematic evaluation of

immune regulatory signatures across diverse cancer types,
yielding insights into tumor immunogenicity, immune cell
infiltration, and prognostic associations.”> Computational
approacheshavebeen widely developed to estimateimmune
cell composition from bulk transcriptomic data, including
deconvolution-based methods such as CIBERSORT and
TIMER."*!'* While these methods provide valuable insights
into immune infiltration, alternative gene set-based
strategies enable the quantification of coordinated immune
activity across samples, facilitating comparative analyses of
immune states at a pan-cancer scale.

Prognostic gene signatures derived from immune-
related expression profiles have shown value in stratifying
patients based on survival outcomes and predicting
therapeutic benefit."” For example, high expression of
PD-L1 and infiltration of CD8* T cells have been associated
with improved responses in melanoma and lung cancer's,
whereas elevated expression of immunosuppressive
mediators such as indoleamine 2,3-dioxygenase and
TGE- correlates with poor prognosis.'”*®

Despite these advances, the complex interplay between
immune-activating and immune-suppressive elements
within the TME remains incompletely understood.
Multi-gene signatures encompassing both effector and
suppressive components may offer superior prognostic
and predictive power than single markers.!” Furthermore,
differences in immune landscapes across tumor types
highlight the need for pan-cancer analyses that identify
conserved and unique immune features.

Recent computational studies have identified immune
gene modules associated with response to checkpoint
blockade and overall survival, suggesting that integrated
immune signatures can inform personalized therapeutic
strategies.”»** However, many candidate signatures lack
validation across independent cohorts and fail to account
for the full spectrum of immunosuppressive pathways
operative in the TME. Moreover, emerging evidence
suggests that metabolic and stromal factors further
modulate immune responses, adding layers of regulatory
complexity.?

To address these gaps, we conducted a comprehensive
in silico analysis of immune regulatory gene expression
across multiple cancer types using large-scale
transcriptomic datasets. Our aim was to define a robust
immune-suppressive signature correlated with checkpoint
molecule expression, immune cell infiltration, and patient
survival, providing insights into mechanisms of immune
resistance and potential biomarkers for immunotherapy
stratification.
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2. Materials and methods

2.1. Pan-cancer transcriptomic data acquisition and
preprocessing

Gene expression data and corresponding clinical
annotations were obtained from the TCGA repository.
Only primary tumor samples were included to ensure
consistency in downstream analyses. Expression matrices
were processed to retain genes with reliable expression
across samples, and datasets were harmonized to enable
cross-cancer comparisons. Clinical metadata, including
overall survival information, were integrated with the
expression data to facilitate survival analyses.

2.2. Quantification of immune activity using gene
set-based scoring

To characterize the immune landscape across tumors,
gene set-based scoring was employed to quantify the
relative enrichment of key immune cell populations,
including CD8* T cells, Tregs, M1 macrophages, and
M2 macrophages. These scores were derived from
transcriptomic profiles to capture coordinated immune
activity within each sample. In addition to individual
immune cell scores, composite metrics were constructed to
represent broader immune states. The checkpoint activity
score (CAS) was calculated from normalized expression of
the canonical immune checkpoint genes PDCD1, CTLA4,
TIGIT, and LAG3. The suppressive immune signature
was constructed using genes associated with checkpoint
signaling (PDCD1, CTLA4, TIGIT, and LAG3), regulatory
T-cell activity (FOXP3 and IL2RA), and M2 macrophage
polarization (CDI163 and MRCI). These genes were
selected based on established roles in immune suppression,
T-cell exhaustion, and immunoregulatory signaling within
the TME. Complete gene lists used for immune scoring are
provided in Table S1.

2.3. Pan-cancer immune landscape profiling and
dimensionality reduction

To investigate global patterns of immune variation
across cancers, principal component analysis (PCA) was
performed on the immune-related scores. This approach
enabled the identification of dominant axes of variation
representing immune activation and macrophage
polarization states. The contribution of individual immune
components to these principal axes was assessed to
interpret the biological drivers of immune heterogeneity
across tumor types.

2.4. Stratification of tumors into immune subtypes

Unsupervised clustering was applied to immune-related

scores to classify tumors into distinct immune subtypes.
This stratification enabled the identification of tumor
groups with similar immune characteristics across cancer
types. The resulting immune subtypes were subsequently
used for comparative analyses to evaluate differences in
immune activity and clinical outcomes.

2.5. Cross-cancer comparison of immune
suppression

To quantify differences in immunosuppressive activity
across tumor types, average checkpoint activity scores were
calculated for each cancer cohort. Tumors were ranked
based on these scores to identify cancers with relatively
high or low levels of immune suppression. This analysis
enabled a systematic comparison of immune-suppression
patterns across the pan-cancer dataset.

2.6. Immune checkpoint-immune landscape
association analysis

To investigate the relationship between immune
checkpoints and the tumor immune environment,
correlation analyses were performed between checkpoint
gene expression and immune-related scores. Correlation
matrices were constructed to evaluate the strength of
association between checkpoint molecules and immune
cell populations, as well as between checkpoint molecules
and composite immune scores. These analyses provided
insights into the coordinated regulation of immune
activation and suppression within tumors.

2.7. Survival analysis of immune signatures and
subtypes

Survival analyses were conducted to evaluate the clinical
relevance of immune features. Patients were stratified into
high- and low-risk groups based on composite immune
scores, and Kaplan-Meier survival curves were generated
to assess overall survival. In addition, survival outcomes
were compared across the identified immune subtypes to
determine whether distinct immune states are associated

with differential prognosis.

2.8. Statistical analysis and software

All statistical analyses were performed using R software
(version 4.5.2).** Gene set-based scoring was conducted
using the GSVA package.”® Survival analyses, including
Kaplan-Meier estimation and Cox proportional hazards
regression, were carried out using the survival®*® and
survminer” packages. Correlation analyses, clustering,
and principal component analysis were performed using
standard R functions. Data visualization was generated
using established R plotting libraries.
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3. Results

3.1. Checkpoint activity correlates with immune
regulatory features

Correlation analysis between immune checkpoint
genes and immune-related features revealed a tightly
coordinated regulatory landscape (Figure 1). Strong
positive associations were observed between checkpoint
molecules, particularly TIGIT, CTLA4, and PDCDI, and
both CAS and suppressive immune signature, indicating
that elevated checkpoint expression is closely linked to
increased immunosuppressive signaling within the TME.

Among the evaluated checkpoints, TIGIT showed the
strongest correlations, with high associations with CAS (r
= 0.90) and the suppressive immune signature (r = 0.80),
followed closely by CTLA4 and PDCDI, both of which
demonstrated consistently strong relationships across
immune features. These checkpoint genes also displayed
substantial positive correlations with Tregs (e.g., TIGIT:
r = 0.88; CTLA4: r = 0.87), suggesting that checkpoint
activation is strongly associated with increased abundance
of immunosuppressive cell populations.

In contrast, correlations with M1 macrophages
were comparatively weak across all checkpoint genes,
indicating limited association with pro-inflammatory
macrophage activity. M2 macrophages, however, showed
moderate associations, particularly with HAVCR2 (r
= 0.76), highlighting a potential link between certain
checkpoint  pathways and  macrophage-mediated
immunosuppression. Notably, checkpoint expression was
also positively correlated with CD8* T cells, with TIGIT
and PDCDI1 both showing strong associations (r = 0.83).
This simultaneous association with cytotoxic T cells and
suppressive features indicates that immune activation
and inhibition may co-occur within tumors rather than
being mutually exclusive. Hierarchical clustering further
demonstrated that checkpoint genes group together based
on shared correlation patterns, reinforcing the presence of
a coordinated immune regulatory program. Collectively,
these findings indicate that immune checkpoint expression
reflects a broader immune context characterized by
concurrent activation and suppression, rather than isolated

inhibitory signaling.

3.2. Checkpoint genes form a coordinated
regulatory module

A tightly linked module comprising PDCD1, CTLA4,
TIGIT, and LAG3 was identified within the highly
interconnected regulatory structure revealed by network
analysis of immune checkpoint genes (Figure 2). Strong
pairwise linkages and coordinated expression patterns

across tumors were demonstrated by the direct links
among these checkpoint molecules.

All four checkpoint genes form a dense interaction
cluster rather than separate signaling axes, indicating near-
complete network connectivity. This pattern is consistent
with coordinated checkpoint regulation rather than
independent checkpoint activity. In line with the dominant
correlation patterns observed in earlier analyses, PDCD1
and TIGIT occupy central positions among the nodes,
indicating substantial interactions with several checkpoint
partners. The stability of this checkpoint module is further
supported by the lack of peripheral or weakly connected
nodes, indicating that these genes are consistently
co-regulated across the dataset. The assumption that
checkpoint activation constitutes a coordinated system-
level response rather than individual gene-specific effects is
reinforced by this tight clustering, which is consistent with
the high correlations found with both CAS and suppressive
immune signature.

Overall, the network topology demonstrates how
tightly integrated immune checkpoint signaling is in the
TME, with PDCD1, CTLA4, TIGIT, and LAG3 forming
a unified regulatory unit consistent with coordinated

immune regulatory activity.

3.3. Pan-cancer immune landscape analysis reveals
inter-tumor variability

Principal component analysis of immune-related
features revealed structured organization of the pan-
cancer immune landscape along coordinated immune
regulatory axes (Figure S2). The first principal component
(PC1) primarily reflected variation associated with
CAS, suppressive immune signature, Treg enrichment,
and CD8' T-cell infiltration, indicating that immune
activation and suppressive signaling co-varied across
tumors rather than representing mutually exclusive states.
In contrast, the second principal component (PC2) was
more strongly influenced by macrophage polarization
patterns, separating M1- and M2-associated immune
states. M2 macrophages clustered toward the positive PC2
axis together with suppressive immune features, whereas
M1 macrophages localized toward the negative PC2
axis, suggesting differential contributions of macrophage
phenotypes to immune regulatory organization.
Collectively, these findings demonstrate that pan-cancer
immune heterogeneity is structured along integrated axes
of immune activation, suppression, and macrophage-
associated regulation.

Significant variation in the composition of the immune
landscape was found when immune-related characteristics
were compared among tumor types (Figure 3). Tumors
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Figure 1. Correlation landscape of immune checkpoint genes and immune-related features across the pan-cancer cohort. Heatmap showing Pearson
correlation coefficients between checkpoint genes (HAVCR2, CTLA4, TIGIT, CD274, PDCDI, and LAG3) and immune-related features, including CD8*
T-cell infiltration, regulatory T cells (Tregs), macrophage populations, checkpoint activity score (CAS), and suppressive immune signature scores. Red
indicates stronger positive correlations, whereas lighter colors indicate weaker associations. Hierarchical clustering was performed using Euclidean
distance and complete linkage to identify coordinated immune regulatory patterns.

Figure 2. Network of immune checkpoint genes (PDCDI, CTLA4, TIGIT, LAG3) showing strong positive correlations across tumors. Edges represent
significant Pearson correlations, indicating coordinated checkpoint regulation. Edge thickness reflects the strength of the correlation between checkpoint
genes and immune-related features.
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segregate according to coordinated variations in immune
cell infiltration and regulatory activity, as evidenced by
distinct clustering patterns.

Immune activity was consistently higher in
malignancies such as cholangiocarcinoma (CHOL) and
adenocortical carcinoma, as reflected by higher CD8* T
cells, Tregs, and CAS scores, along with an increased
suppressive immune signature. This pattern indicates
that immunological activation and regulatory systems
coexist within these tumors, reflecting a highly active but
concurrently immunosuppressive microenvironment.

Cancers such as esophageal carcinoma (ESCA) and
pancreatic adenocarcinoma (PAAD), on the other hand,
showed relatively low immune enrichment across several
characteristics, including decreased CD8 T cell infiltration
and lower CAS values, suggesting comparatively immune-
poor or less active microenvironments. Tumor types with
moderate amounts of immune infiltration and regulatory
activity, such as breast invasive carcinoma (BRCA), lung
adenocarcinoma (LUAD), and head and neck squamous
cell carcinoma (HNSC), showed intermediate patterns.

Inter-tumor variability was also influenced by
macrophage polarization patterns. M2 macrophages
were more strongly associated with tumors with more
suppressive immune signatures, suggesting their role in
creating immunosuppressive microenvironments, whereas
M1 macrophage levels showed variable enrichment across
malignancies.

In highly immunologically active malignancies, CD8*
T cells, Tregs, CAS, and a suppressive immune signature
cluster together, and hierarchical clustering showed that
immune variables do not fluctuate independently but
rather form coordinated patterns across tumor types. These
results indicate that tumor types exhibit heterogeneous
immune landscapes characterized by varying balances of
immune activation and suppressive signaling, and that
the tumor immune microenvironment exists along a
continuum of activation and suppression.

3.4. Pan-cancer ranking of immune suppression
reveals distinct tumor-specificimmunological states

The composite CAS was aggregated at the cancer-type level
and used to rank tumors based on their overall immune-
suppressive profile, enabling comprehensive comparison
of immunosuppressive activity across tumor types
(Figure 4). Significant variations in immunoregulatory
landscapes were highlighted by the wide range of CAS
values across cancer types. The greatest average CAS
was seen in adrenocortical cancer, suggesting a very
immunosuppressive milieu. LUAD and HNSC were next,
both showing increased CAS values, indicating checkpoint

engagement and active immune modulation. Testicular
germ cell tumors (TGCT), skin cutaneous melanoma,
CHOL, and BRCA showed intermediate levels of immune
suppression, indicating a balanced immune state with
moderate checkpoint activity.

On the other hand, several tumor types showed
low or negative CAS values, a marker of reduced
immunosuppressive signaling. Notably, PAAD, colon
adenocarcinoma (COAD), thyroid carcinoma, and ESCA
all had the lowest CAS. These tumors might be indicative
of immune-excluded or immunologically inactive settings
with low checkpoint engagement.

Tumors such as uveal melanoma, kidney renal clear
cell carcinoma (KIRC), and liver hepatocellular carcinoma
showed CAS values close to zero, indicating intermediate
or diverse immune responses that do not clearly fall into
strongly suppressive or non-suppressive groups.

Overall, this ranking study shows that immune
suppression follows a range from highly suppressive to
weakly regulated microenvironments rather than being
evenly distributed across malignancies. These findings
emphasize the importance of tumor-specific immune
profiling and suggest that the biological and clinical
relevance of suppressive immune programs may differ
substantially across tissue contexts, reflecting underlying
heterogeneity in immune composition, stromal
interactions, and checkpoint activity among cancer types.

3.5. Immune subtype stratification reveals distinct
clinical and biological states

Unsupervised clustering of immune-related scores
identified three major immune subtypes across the pan-
cancer cohort, each characterized by distinct patterns
of checkpoint activity, CD8* T-cell infiltration, and
enrichment of suppressive immune signatures (Figure 5).
These subtypes demonstrated clear differences in immune
composition and checkpoint activity, indicating that
tumors can be stratified into biologically distinct immune
states. Subtype 1 was characterized by relatively low CD8*
T-cell infiltration, reduced CAS, and lower suppressive
immune signature scores, consistent with immune-poor or
immune-desert microenvironments. Subtype 2 displayed
intermediate immune activity with partial enrichment
of both immune activation and suppressive features,
representing a transitional immune state. In contrast,
subtype 3 exhibited elevated CD8* T-cell infiltration, along
with high CAS and suppressive immune signature scores,
suggesting an immune-enriched but highly regulated TME
characterized by simultaneous immune activation and
compensatory immune suppression. Subtype 3 exhibited
the highest levels of immune activity and was consistently
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Figure 3. Heatmap of immune-related features across cancer types showing variability in CD8* T cells, Tregs, macrophage populations, and composite
immune scores. Distinct clustering patterns highlight heterogeneity in immune activation and suppression across tumors.

Abbreviations: CAS: Checkpoint activity score; Treg: Regulatory T cells.

characterized by elevated CD8* T-cell infiltration, increased
Treg abundance, higher CAS, and elevated suppressive
immune signature scores across multiple cancer types. This
pattern suggests an immune-enriched but highly regulated
TME in which substantial immune activation coexists
with strong immunosuppressive signaling. Prominent
enrichment of subtype 3 was observed in LUAD, KIRC, and
TGCT, consistent with the elevated CAS values observed
in earlier analyses.

Subtype 2 represented an intermediate immune state

characterized by moderate immune infiltration and
checkpoint activity. Tumors within this subgroup displayed
balanced immune profiles, suggesting partial immune
activation together with moderate suppressive signaling.
This subtype included cancers such as PAAD, COAD, and
kidney chromophobe, which demonstrated intermediate
immune patterns across the pan-cancer landscape.

In contrast, subtype 1 was characterized by relatively
low immune activity, including reduced checkpoint
engagement, lower Treg abundance, and decreased CD8*
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Figure 4. Bar plot showing average checkpoint activity score (CAS) across cancer types, ranked from highest to lowest. Higher CAS values indicate
increased immune suppression and checkpoint engagement, whereas lower or negative values reflect reduced immunoregulatory activity.

T-cell infiltration. Lower CAS and suppressive immune
signature scores suggested immune-poor or immune-
excluded microenvironments. This subtype was more
frequently observed in ESCA and several gastrointestinal
malignancies, consistent with their comparatively lower
immune activity.

Hierarchical clustering further supported the
presence of conserved immune programs across tumor
types, indicating that these immune subtypes reflect
systematic variation in immune organization rather

than random distribution patterns. Collectively, these
findings demonstrate that subtype classification provides
a useful framework for capturing pan-cancer immune
heterogeneity and distinguishing biologically distinct
immune states across malignancies.

3.6. Immune subtypes exhibit distinct survival
outcomes

Kaplan-Meier survival analysis was performed for each
of the three subtypes to assess the clinical significance of
the identified immunological subtypes (Figure 6). Immune
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stratification captures clinically significant heterogeneity
in patient outcomes, as evidenced by the significant
differences in overall survival between subtypes (log-rank
p =0.0048).

With a continuously decreased survival probability
over time compared to the other groups, subtype 2 showed
the worst survival outcomes. This subtype may indicate a
defective immunological state in which limited immune
infiltration fails to elicit effective antitumor responses. It
is characterized by intermediate immune activation but
insufficient cytotoxic engagement.

Over longer follow-up periods, subtype 1 showed a
gradual decline in survival, although it was comparatively
better during early time points. Despite lower levels of
immunosuppressive signaling, this subtype’s reduced
immune activity suggests an immunosuppressive
environment that may limit effective tumor treatment.

Subtype 3, on the other hand, showed significantly
better long-term survival, especially at later time points.
High immune activation, along with increased checkpoint
and suppressive signaling, characterizes this subtype,
indicating that tumors in this group maintain active
immune engagement that may partially limit tumor growth
even in the presence of regulatory systems.

Overall, these results show that immune subtypes are
both physiologically unique and therapeutically significant,
with varying survival rates indicating the balance between
immune activation and suppression in the TME.

3.7. Suppressive immune signature is associated
with poor overall survival

Kaplan-Meier survival analysis was performed after
patients were divided into high- and low-signature
groups based on the median signature score to assess the
prognostic significance of the derived suppressive immune
signature (Figure 7). The two groups overall survival
differed significantly (log-rank p < 0.0001), suggesting
that the suppressive signature reliably captures clinically
important differences in patient outcomes.

Survival was consistently lower for patients with high
suppressive signature scores than for those with low levels.
Early on and continuing throughout the follow-up period,
there was a clear divergence between the survival curves,
indicating that increased immunosuppressive activity is
associated with a poor prognosis for all forms of cancer.?®

As a result of a TME with a lower immunosuppressive
burden and possibly stronger antitumor immune responses,
patients with low suppressive immune signatures showed
better survival prospects. The biological significance of
the signature is further supported by this observation,

which is consistent with the positive correlations seen
between checkpoint molecule expression, regulatory
immune populations, and suppressive immune signature.
All of these findings demonstrate the suppressive immune
signature’s potential value for patient classification and
treatment decision-making by establishing it as a major
prognostic actor in pan-cancer analysis.

3.8. Independent prognostic significance of the
suppressive immune signature

Cox proportional hazards regression was used, accounting
for important clinical factors such as age, gender, and
tumor stage, to determine whether the suppressive
immune signature independently predicts patient survival
(Figure 8).

With a hazard ratio (HR) of roughly 1.1 (95% CI: 1.0-
1.1; p < 0.001), the suppressive immune signature remained
strongly correlated with overall survival in the multivariate
model. This suggests that, independent of known clinical
variables, higher suppressive immune signatures are linked
to a higher chance of death. The robustness of this link
across the pan-cancer sample is supported by the narrow
confidence interval and strong statistical significance,
despite the low effect size.

Tumor stage showed the greatest influence on survival
among clinical variables. Stage IT (HR = 1.6), Stage IIT (HR
~ 2.4), and Stage IV (HR = 4.1) had increasingly greater
hazard ratios than Stage I (reference), indicating a distinct
stepwise increase in mortality risk with advancing disease
stage. Although the effect size was small (HR = 1.0), age
was also strongly correlated with survival, consistent with
its role as a continuous covariate.

There were clear gender-based disparities, with male
patients showing a considerably higher risk than female
patients (HR = 1.4; p < 0.001). Crucially, the suppressive
immune signature remained statistically significant after
adjustment for these variables, although the observed
effect size was modest, suggesting that it captures
prognostic information beyond conventional clinical
variables. Collectively, these findings indicate that the
suppressive immune signature captures reproducible
prognostic variation across the pan-cancer cohort,
although its modest effect size suggests that it should be
interpreted as a component of broader immune and clinical
risk frameworks rather than a standalone prognostic
determinant.

3.9. External validation of checkpoint-associated
suppressive markers

To further evaluate the external reproducibility of the
checkpoint-associated suppressive immune landscape
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Figure 5. Pan-cancer immune subtype enrichment heatmap showing the distribution of three immune subtypes across cancer types. Samples were
grouped using unsupervised hierarchical clustering based on immune-related scores. Red indicates relative enrichment, whereas blue indicates reduced
enrichment. Subtype 3 exhibits high immune activation and suppression, subtype 2 represents an intermediate immune state, and subtype 1 reflects
immune-poor microenvironments.

Figure 6. Kaplan-Meier survival curves showing overall survival across immune subtypes. Subtype 2 exhibits the poorest prognosis, while subtype 3
demonstrates relatively improved long-term survival (log-rank p = 0.0048).
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Figure 7. Kaplan-Meier survival curves comparing overall survival between high- and low-suppressive immune signature groups. Patients with high
suppressive immune signatures exhibit significantly poorer survival (log-rank p < 0.0001). Survival differences between groups were evaluated using the
log-rank test.

Figure 8. Forest plot of multivariate Cox proportional hazards regression analysis demonstrating the independent association of the suppressive immune
signature with overall survival after adjustment for age, gender, and tumor stage. Hazard ratios (HRs) and 95% confidence intervals were estimated using
multivariable Cox proportional hazards regression. *** denotes p < 0.001.
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identified in the TCGA pan-cancer cohort, independent
survival analyses were performed using publicly available
datasets from the KM Plotter platform (Figure 9). Elevated
expression of key checkpoint-associated genes, including
TIGIT, CTLA4, PDCDI, and LAG3, was significantly
associated with overall survival across independent
cohorts. TIGIT expression showed a significant survival
association (HR = 0.66, log-rank p = 0.0074), while CTLA4
(HR=0.70, p =0.039), PDCD1 (HR = 0.64, p = 0.011), and
LAG3 (HR = 0.68, p = 0.024) demonstrated similar trends.
HAVCR2 showed a comparable but non-significant survival
pattern (HR = 0.80, p = 0.19). Collectively, these findings
support the broader reproducibility of the checkpoint-
associated suppressive immune program beyond the
TCGA discovery cohort and suggest that the observed
immune relationships are not dataset-specific artifacts.
These findings likely reflect the context-dependent role of
checkpoint expression, in which elevated checkpoint levels
may indicate pre-existing antitumor immune infiltration
rather than isolated immunosuppressive activity.

3.10. External validation of the suppressive immune
signature

To evaluate the external robustness of the suppressive
immune signature, validation analysis was performed
using an independent LUAD cohort, GSE68465. Signature
enrichment scores were calculated using ssGSEA based on
the suppressive immune gene set. Patients with elevated
suppressive signature scores showed a trend toward poorer
overall survival than those with low scores, although the
difference did not reach statistical significance (log-rank p =
0.11; Figure S1). These findings suggest partial preservation
of suppressive immune-associated transcriptional patterns
across independent cohorts while also indicating cohort-
and tumor-specific variability in prognostic strength.

4, Discussion

Immunosuppressive programs provide a coordinated
transcriptional axis that spans tissue of origin and captures
clinically significant variability in the TME, according
to our pan-cancer analysis.?>**® Tightly co-expressed
checkpoint receptors (PDCDI1, CTLA4, TIGIT, LAG3),
enrichment of Tregs and M2-like macrophage profiles,
and a composite suppressive immune signature that
independently correlates with poor overall survival after
controlling for age, sex, and stage are characteristics of this
axis.

Tumors segregate into recurrent immune subtypes with
distinct prognostic and therapeutic consequences. These
subtypes range from IFN-y-dominant and inflammatory
to lymphocyte-depleted and immunologically quiet states,
according to TCGA-scale immunogenomic research.**

These subgroups highlight the need for pan-cancer rather
than tumor-type-restricted biomarkers by showing that
immune phenotypes frequently transcend histology. Our
work complements these frameworks by focusing on an
immunosuppressive continuum, as measured by CAS and
a suppressive signature. This is in line with evidence that
the balance between stimulatory and suppressive programs
better predicts outcome than either program alone.*>*

The idea that T-cell exhaustion has been associated with
coordinated expression of checkpoint receptors rather
than distinct pathways is supported by the discovery that
PDCD1, CTLA4, TIGIT, and LAG3 constitute a closely
linked module with substantial correlations to CAS,
suppressive immune signature, and Treg abundance.®
Particularly, TIGIT is strongly expressed on intratumoral
T cells and Tregs, identifies functionally exhausted
populations, and has been associated with reduced survival
and resistance to PD-1 treatment.’®” In preclinical and
clinical contexts, combinatorial checkpoint inhibition
can affect co-expression of PD-1 with TIGIT or LAG-3
on CD8* T cells, which has been consistently linked to
dysfunctional yet tumor-reactive populations.** Our
network results, which show that these checkpoints exhibit
coordinated expression patterns consistent with a unified
regulatory program firmly embedded within a larger
suppressive transcriptional program, provide support for
this theory.

We distinguish three immunological states across tumor
types: immune-poor, immune-enriched but strongly
repressed,and immune-intermediate. Prior TCGA immune
subtype schemes, which contrast lymphocyte-depleted or
immunologically quiet classes with inflammatory, IFN-
y-dominant conditions, are echoed but simplified by this
stratification.**¢  Significantly, the immune-enriched/
suppressed subtype exhibits both elevated CAS suppressive
immune signatures and high CD8* T-cell scores, which are
consistent with “inflamed but restrained” phenotypes as
defined by the tumor inflammation signature (TIS) and
associated adaptive resistance programs.?**>*’ The resultant
suppressive signature, which mirrors independent pan-
cancer immune gene signatures in which overexpression
of particular immune-related genes and enrichment of M2
macrophages are associated with shorter overall survival,
effectively divides patients into high- and low-risk groups.”

Multivariable Cox regression analysis demonstrated
that the suppressive immune signature retained statistical
significance after adjustment for age, sex, and tumor stage,
indicating that it captures prognostic variation beyond
conventional clinicopathologic variables.**-** However, the
observed hazard ratio was modest (HR = 1.1), suggesting
that the magnitude of its independent prognostic

Volume X Issue X (2026)

12

doi: 10.36922/TD026130027


https://doi.org/10.36922/TD026130027

Tumor Discovery

Pan-cancer immune suppressive signature

Figure 9. External validation of checkpoint-associated suppressive markers using KM Plotter datasets. Kaplan-Meier overall survival analyses for (A)
TIGIT, (B) CTLA4, (C) PDCDI, (D) LAG3, and (E) HAVCR?2 expression in independent public cohorts. Patients were stratified into high (red) and low
(black) expression groups based on the median cutoff. Hazard ratios (HR) with 95% confidence intervals and log-rank p-values are shown in each panel.
Higher expression of TIGIT, CTLA4, PDCDI, and LAG3 is significantly associated with improved overall survival in external cohorts, whereas HAVCR2

shows a similar but non-significant trend.

contribution is limited. Therefore, while the suppressive
immune signature appears biologically informative at the
population level, its immediate clinical applicability as
a standalone prognostic biomarker may be constrained.
These findings instead support its potential utility within
integrated immune-risk frameworks that incorporate
additional molecular, clinical, and microenvironmental
features. The signature is conceptually consistent with
the Tumor Immune Dysfunction and Exclusion (TIDE)
framework, which predicts poor survival and a lower
chance of benefit from PD-1/CTLA-4 inhibition based
on composite assessments of T-cell dysfunction and
exclusion.”>? All of these lines of evidence point to the
suppressive signature as a clinically meaningful and
biologically consistent indicator of persistent immune
evasion.

High checkpoint expression correlates with both
CD8 T-cell infiltration and regulatory cell concentration,
supporting the idea that immunological activation and
suppression co-occur rather than defining mutually
incompatible states.”'-** This is in line with findings showing
tumors that respond well to PD-1 inhibition frequently
have an innate but repressed adaptive immune response, as
evidenced by high TIS or comparable inflammatory scores.

Experimental and early clinical data strongly support dual
or multi-checkpoint blockade (e.g., PD-1 plus TIGIT or
LAG-3) and rational combinations with agents targeting
Tregs, MDSCs, or M2-like macrophages in such “hot-
but-suppressed” tumors with high CAS and suppressive
immune signatures.**** As demonstrated by pancreatic
ductal adenocarcinoma, where dense stroma and myeloid-
dominated TMEs require stromal or myeloid-directed
interventions prior to or in conjunction with checkpoint
blockade, tumor types with low CAS and minimal immune
infiltration most likely represent immune-excluded or
inert states.>>*

All of theseresultsindicate a paradigm in whichimmune
suppression in cancer involves coordinated immune
regulatory networks that integrate checkpoint signaling,
regulatory immune cells, and macrophage polarization,
rather than being driven by distinct processes.””*
Our findings offer a scalable approach for pan-cancer
immunological stratification by capturing this axis through
a uniform suppressive signature. It also emphasizes the
significance of targeting various immunoregulatory
systems to overcome entrenched immune evasion.*

Although PCA was used in this study due to its
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interpretability and ability to capture the global variance
structure, alternative nonlinear dimensionality reduction
methods such as t-distributed stochastic neighbor
embedding (#-SNE) have been increasingly applied to
high-dimensional biological datasets. t-SNE is particularly
effective in preserving local neighborhood structure and
revealing hidden clusters in complex transcriptomic and
genetic data, whereas PCA primarily preserves global
variance patterns. Recent studies using biological and omics
datasets have demonstrated that ¢-SNE can better resolve
sample heterogeneity and uncover latent subpopulation
structures compared with PCA in certain applications.
In addition, benchmark studies across high-dimensional
systems have shown that +-SNE may outperform PCA in
clustering and visualization tasks depending on the data
structure.®-%

Because this study is retrospective and relies on bulk
RNA-sequencing, the spatial structure of immunological
and stromal components is obscured, and cell-type
resolution is limited. As has been done for TIS, TIDE, and
other signatures, the predictive utility for immunotherapy
response has not yet been demonstrated in independent
immune checkpoint blockade-treated datasets, as most
TCGA cohorts are treatment-naive. Moreover, we did
not incorporate antigenicity, mutational characteristics,
or metabolic and stromal pathways that are known to
influence immune escape. Because the present study
is based on transcriptomic correlation analyses, the
findings should be interpreted as associative rather than
mechanistic. Experimental validation will be necessary to
establish causal relationships between checkpoint activity,
suppressive immune programs, and clinical outcomes.
Furthermore, although statistically significant, the
relatively modest effect sizes observed in survival analyses
suggest that additional molecular and clinical variables
will likely be necessary to improve predictive performance
in translational settings. Future research should use
single-cell and spatial profiling to analyze the suppressive
signature’s cellular foundations, validate it in prospective
immunotherapy trials, and incorporate it into multi-omics
models that account for microenvironmental, metabolic,
and genomic factors contributing to immune resistance.

Although exploratory external validation in the
independent LUAD cohort GSE68465 demonstrated
directionally consistent survival trends, statistical
significance wasnotachieved, suggesting that the prognostic
impactofthe suppressiveimmune signature may vary across
tumor contexts and transcriptomic platforms. Several
factors may contribute to this variability, including cohort
heterogeneity, limitations of the microarray platform,

incomplete representation of all suppressive genes (e.g.,
TIGIT), and differences in immune microenvironment
composition between pan-cancer and single-cancer
settings. Accordingly, the suppressive signature may more
robustly reflect coordinated immune regulatory states at
the systems level rather than functioning as a universally
transferable prognostic classifier. Future studies involving
larger, multicentre cohorts and immunotherapy-treated
patients will be important for further evaluating its clinical
applicability.

In addition, although the pan-cancer framework
enables identification of conserved immune regulatory
programs across malignancies, this approach may
obscure  tumor-specific immune dynamics and
microenvironmental heterogeneity unique to individual
cancer types. Distinct tissue contexts, stromal composition,
mutational landscapes, and inflammatory states can
substantially influence immune regulation and checkpoint
activity. Therefore, future tumor-specific analyses may
provide greater biological resolution and help refine
the translational relevance of the suppressive immune
signature within individual cancer settings.

5. Conclusion

This study shows that immune suppression in cancer
arises as a coordinated transcriptional axis that integrates
checkpoint signaling, regulatory immune cells, and
macrophage polarization rather than being driven by
discrete processes. Beyond standard clinical factors, this
axis independently predicts adverse survival and defines
conserved pan-cancer immunological states. Our work
provides a robust framework for patient categorization by
capturing this biology via a uniform suppressive signature.
It also emphasizes the need to combine immunotherapeutic
approaches that simultaneously boost effector responses
and disrupt suppressive networks.
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