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Abstract

Background Chaperonin containing TCP1 subunit 5 (CCTS5), a vital component of the molecular chaperonin complex, has
been implicated in tumorigenesis, cancer stemness maintenance, and therapeutic resistance. Nevertheless, its comprehensive
roles in pan-cancer progression, underlying biological functions, and potential as a predictor of immunotherapy response
remains poorly understood.

Methods We performed a comprehensive multi-omics pan-cancer analysis of CCT5 across 33 cancer types, integrating
bulk RNA-seq, single-cell RNA-seq (scRNA-seq), and spatial transcriptomics data. CCT5 expression patterns, prognostic
relevance, stemness association, and immune microenvironment relationships were evaluated. A novel CCT5-based signature
(CCT5.Sig) was developed using machine learning on 23 immune checkpoint blockade (ICB) cohorts (n=1394) spanning
eight cancer types. Model performance was assessed using AUC metrics and survival analyses.

Results CCTS5 was significantly overexpressed in tumor tissues and primarily localized to malignant and cycling cells. High
CCTS5 expression correlated with poor prognosis in multiple cancers and was enriched in oncogenic, cell cycle, and DNA
damage repair pathways. CCTS5 expression was positively associated with mRNAsi, mDNAsi, and CytoTRACE scores, indi-
cating a role in stemness maintenance. Furthermore, CCT5-high tumors exhibited immune-cold phenotypes, with reduced
TILs and CD8" T cell activity. The CCT5.Sig model, based on genes co-expressed with CCT5, achieved superior predictive
accuracy for ICB response (AUC=0.82 in validation and 0.76 in independent testing), outperforming existing pan-cancer
signatures.
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Conclusion This study reveals the multifaceted oncogenic roles of CCTS5 and highlights its potential as a pan-cancer bio-
marker for prognosis and immunotherapy response. The machine learning-derived CCTS5.Sig model provides a robust tool
for patient stratification and may inform personalized immunotherapy strategies.
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Introduction
Cancer is a leading cause of death globally. According

to Global Cancer Statistics 2022, GLOBOCAN estimates
suggest that approximately one in five men or women
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develop cancer during their lifetime, whereas approxi-
mately one in nine men and one in 12 women would die
from it [1]. Conventional therapy methods, including
surgical resection, chemotherapy, radiotherapy, hormone
therapy, and immunotherapy based on immune checkpoint
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blockade (ICB), have revolutionized the treatment land-
scape across multiple tumor types [2, 3] for instance,
Pembrolizumab, a PD-1 inhibitor, has been approved as a
first-line and second-line treatment for non-small cell lung
cancer (NSCLC) since 2015. However, not all patients
respond well to ICB therapy. Hence, it is of great sig-
nificance to identify novel biomarkers or establish new
models for immunotherapy efficacy prediction to develop
personalized immunotherapy strategies.

Chaperonin containing TCP1 subunit 5 (CCT5), a mem-
ber of the chaperonin family, plays a critical role in main-
taining protein folding and cell cycle regulation [4, 5].
Recently, high expression of CCT5 has been observed in
a variety of cancers, including liver hepatocellular carci-
noma (LIHC) [6], rectal cancer (READ) [7], stomach adeno-
carcinoma (STAD) [8] and lung adenocarcinoma (LUAD)
[9]. Studies have revealed that CCT5 induces epithelial-
mesenchymal transition (EMT) to promote STAD lymph
node metastasis by activating the Wnt/B-catenin signaling
pathway [8]. Another study has highlighted the role of the
CCT5/miR-139-5p axis in promoting LIHC progression.
CCTS5 high expression was also found to be associated with
poor treatment response in patients with locally advanced
READ undergoing neoadjuvant chemoradiotherapy [7].
Additionally, CCTS5, RGS3, and YKT6 promoted docetaxel
resistance in breast cancer (BRCA) [10]. Guo et al. reported
that CCTS5 has the potential to maintain LIHC cell stemness
[6]. Wang et al. focused on CCT5’s role in enhancing the
stemness of high-grade serous ovarian cancer (OV) [11].
The aforementioned insights suggest that CCT5 may play
complicated roles in cancer progression, including the
regulation of tumor cell proliferation, invasion, migration,
maintenance of stemness, and therapeutic resistance. Addi-
tionally, given the close association between stemness and
ICB response, CCTS5 has the potential to be developed as a
novel biomarker for ICB efficacy prediction [12]. Therefore,
a comprehensive pan-cancer analysis for CCT5 is warranted
to explore its predictive value for prognosis, tumor stemness,
and ICB response.

In this study, a systematic investigation of CCT5 across
33 different cancer types was conducted using multiomic
databases. First, we examined CCT5 expression patterns
using bulk RNA-seq, single-cell RNA-seq (scRNA-seq), and
spatial transcriptomics (stRNA-seq). Immunohistochemistry
(IHC) staining was performed for in vitro validation. Next,
we assessed CCT5’s clinical significance by analyzing its
impact on overall survival (OS), disease-specific survival
(DSS), disease-free interval (DFI), and progression-free
interval (PFI). To explore CCT5’s functional role in can-
cer, we categorized samples into CCT5-high and CCT5-low
groups based on average expression levels and performed
a pan-cancer Gene Set Enrichment Analysis (GSEA) to
identify common biological pathways. Given its strong

association with cell cycle regulation, we conducted a
detailed cell cycle analysis using scRNA-seq datasets. Since
cancer stem cells (CSCs) drive tumor initiation, progression,
and metastasis, we examined whether CCTS5 functions as
a stemness driver. The mRNA stemness index (mRNAsi)
and methylation-based DNA stemness index (mDNAsi)
were used to assess stemness in bulk RNA-seq data, while
CytoTRACE was applied to scRNA-seq data. Considering
the well-established connection between stemness, immune
evasion, and therapy resistance, we further explored CCT5’s
role in the tumor immune microenvironment (TIME). Using
the ESTIMATE algorithm, we compared tumor purity, stro-
mal, and immune cell abundance between CCT5-high and
CCT5-low groups. The CIBERSORT algorithm was used to
analyze immune cell composition within the TIME. We also
characterized TIME using prognostic and immunotherapy-
relevant gene signatures from previous studies. Since DNA
damage and repair pathways were significantly enriched,
we examined the relationship between CCT5 and mismatch
repair (MMR)-related genes. Using deep learning algo-
rithms, we compared tumor-infiltrating lymphocyte (TIL)
abundance on HE-stained images between CCT5-high and
CCT5-low groups. Additionally, we assessed CCT5 expres-
sion differences in ICB responders and non-responders in
both bulk RNA-seq and scRNA-seq datasets. Given that
the aforementioned analyses indicated CCT5’s associa-
tion with ICB resistance through multiple mechanisms, we
integrated 23 ICB bulk RNA-seq datasets (1,394 patients,
8 cancers) and developed a CCT5-based signature (CCTS5.
Sig) for ICB response prediction using a multi-step machine
learning strategy. The CCT5.Sig genes were selected based
on the expression patterns across 30 cancer types. These
genes underwent univariate Cox regression, machine learn-
ing model training, validation, and independent testing. The
CCTS5.Sig model demonstrated superior AUC performance
in predicting ICB response compared to several existing
signatures. Collectively, this study provides comprehensive
insights into CCT5’s role in cancer progression and estab-
lishes a machine learning-based model with high accuracy
and robustness for ICB response prediction.

Materials and methods
Pan-cancer transcriptomic data

We downloaded the expression matrix of 33 cancers and
clinical traits of the patients from UCSC Xena data por-
tal (https://xena.ucsc.edu/) to investigate the expression
patterns of CCT3, its prognostic values, its biological and
pathological functions and to pool the candidate genes for
CCT5.Sig. The HE staining images of BRCA, LUAD, colon
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adenocarcinoma (COAD), LUSC, and STAD were collected
from TCGA data portal (https://portal.gdc.cancer.gov/).

Pan-cancer scRNA-seq cohorts

To explore the expression patterns of CCT5 in single-cell
resolution, 111 scRNA-Seq datasets containing both malig-
nant and stromal/immune cell data, as well as detailed anno-
tations, were obtained from the TISCH?2 portal (http://tisch.
compbio.cn/home/) [13]. These datasets include a total of 38
cancer types (Additional file 1: Table S1). The included can-
cers were acute lymphoblastic leukemia (ALL), acute mye-
loid leukemia (AML), bladder urothelial carcinoma (BLCA),
BRCA, cervical squamous cell carcinoma and endocervical
adenocarcinoma (CESC), cholangiocarcinoma (CHOL),
chronic lymphoblastic leukemia (CLL), colorectal cancer
(CRC), esophageal carcinoma, glioma, hepatoblastoma
(HB), head and neck cancer (HNSC), kidney chromophobe
carcinoma (KICH), pan-kidney cohort (KIPAN), kidney
renal clear cell carcinoma (KIRC), LIHC, Laryngeal squa-
mous cell carcinoma (LSCC), medulloblastoma (MB), cuta-
neous B and T cell lymphoma (MF), neuroblastoma (NB),
multiple myeloma (MM), neuroendocrine tumor (NET),
cutaneous T cell lymphoma (CTCL, NHL), nasopharyngeal
carcinoma (NPC), NSCLC, osteosarcoma (OS), oral squa-
mous cell carcinoma (OSCC), OV, pancreatic adenocarci-
noma (PAAD), pleuropulmonary blastoma (PPB), prostate
adenocarcinoma (PRAD), retinoblastoma (RB), squamous
cell carcinoma (SCC), small cell lung cancer (SCLC) skin
cutaneous melanoma (SKCM), STAD, thyroid carcinoma
(THCA), uterine corpus endometrial carcinoma (UCEC),
and uveal melanoma (UVM).

The scRNA-seq cohorts for LIHC, BRCA, COAD, and
CHOL were downloaded from GEO data portal to explore
the CCTS5 expression patterns in single-cell resolution (ID:
GSE149614, GSE246613, GSE205506, and GSE138709,
respectively) [14—17], while the other three scRNA-seq data-
sets for liver cancer (LIHC and CHOL), BRCA, and READ
were retrieved for cancer stemness exploration, which were
also downloaded from GEO data portal (ID: GSE125449,
GSE246613 and GSE188711, respectively) [18-20].

Spatial transcriptomic datasets

Spatial transcriptomics data were utilized to validate CCTS
expression patterns observed in bulk and single-cell RNA
sequencing analyses. The raw spatial transcriptomic datasets
for GBM and UCEC were retrieved from GEO data portal
(ID: GSE194329 and GSE203612, respectively) [21, 22].
While the BRCA dataset was obtained from Zenodo data
repository [23], and the CHOL dataset was downloaded
from https://www.10xgenomics.com/products/spatial-gene-
expression [24].
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Pan-cancer bulk RNA-seq and scRNA-seq ICB cohorts

One SKCM ICB scRNA-seq cohort (Rodman 2018 [25])
was downloaded from GEO data portal (ID: GSE115978)
to explore the association between CCT5 expression levels
in malignant cells and ICB response.

To train, validate and test the CCTS5.Sig machine learn-
ing model, 23 ICB cohorts including eight cancer types
were collected, including eight SKCM cohorts (Van Allen
[26], Auslander [27], Hugo [28], Ascierto [29], Nathanson
[30], Raiz [31], Liu [32], Gide [33]), four UC cohorts (Sny-
der [34], Mariathasan [35], Rose [36], Homet 2019), three
ccRCC cohorts (Ascierto [37], Braun [38], Miao [39]), three
HCC cohorts (Korea 2022, Nanjing 2023, imbrave 150 [40]),
two NSCLC cohorts (Jung [41], Cho [42]), one GC cohort
(Kim [43]), one ESCA cohort (Van den [44]), and one GBM
cohort (Zhao [45]). Detailed information of these cohorts are
summarized in Additional file 1: Table S2.

scRNA-seq data processing

A total of 111 scRNA-seq datasets were obtained from
TISCH2 data portal and the CCT5 expression levels in vari-
ous cell types were extracted and presented in one single
heatmap via “pheatmap” R package.

The other five scRNA-seq datasets were explored via the
Seurat pipeline. For scRNA-seq data processing, we retained
high-quality cells that had fewer than 20% mitochondrial
gene expression and expressed at least 200 genes. As for
genes, we focused on ones that were expressed at levels
between 200 and 6000 and present in a minimum of three
cells. The scRNA-seq data were normalized and scaled using
a linear regression model with the “Log-normalization”
method. The top 2000 highly variable genes were identi-
fied through the “FindVariableFeatures” function. We then
reduced dimensionality using principal component analysis
(PCA) and applied the “Harmony” package to correct for
batch effects. Clustering of cells was performed with the
“FindClusters” function, setting the resolution at 0.6. To
annotate cell clusters, we focused on genes with high expres-
sion, unique patterns, and known canonical markers [46, 47].

Differential analysis

We first retrieved the expression levels of CCTS5 in normal
tissues from the Genotype-Tissue Expression (GTEx) data-
base (https://www.gtexportal.org’/home/). The expression
data were processed and compared across different normal
tissue types to evaluate baseline expression patterns. For
cancer types that contained both tumor and adjacent nor-
mal tissue samples, we performed an unpaired differential
expression analysis to determine the overall differences in
CCTS expression. Considering that only limited normal


https://portal.gdc.cancer.gov/
http://tisch.compbio.cn/home/
http://tisch.compbio.cn/home/
https://www.10xgenomics.com/products/spatial-gene-expression
https://www.10xgenomics.com/products/spatial-gene-expression
https://www.gtexportal.org/home/

Cancer Immunology, Immunotherapy (2025) 74:224

Page50f21 224

samples were included in TCGA cohorts, we combined the
GTEx and TCGA cohorts to validate the findings. Addition-
ally, paired differential expression analysis was applied to
cohorts with matched tumor and adjacent normal samples
to detect intra-patient expression differences. Differential
expression analysis was performed using the “DESeq2” and
“TCGAplot” R packages.

scRNA-seq analysis

Malignant cells were annotated by both known canonical
markers and chromosomal copy number variation (CNV).
The canonical markers were retrieved from CellMarker 2.0
scRNA-seq data portal (http://117.50.127.228/CellMarker/)
[48]. To identify malignant cells with extensive chromo-
somal CNV, the CNV profiles were determined using the
“inferCNV” package [49]. The CNV score was calculated as
the mean of the squared CNV values for each chromosome.
Malignant and non-malignant cell labels were assigned
based on the distribution of CNV scores relative to a refer-
ence, with malignancy being determined by the identifica-
tion of bimodal patterns in the scores.

Cell cycle annotation was conducted via “CellCycleScor-
ing” algorithm, “Seurat” R package. Cells within the “G1”
phase were annotated as “non-cycling,” while the remaining
cells as “cycling” [50].

The CytoTRACE algorithm, created by Gulati et al., func-
tions to identify, smooth, and compute the expression levels
of genes most correlated with single-cell gene counts from
scRNA-seq data. Following the calculation, CytoTRACE
assigns each single cell a score that reflects its stemness
within the dataset. This algorithm offers a reliable compu-
tational framework for predicting differentiation states based
on scRNA-seq data and has shown superior performance
to existing techniques for stemness analysis validated on
large-scale datasets. Using the “CytoTRACE” R package,
CytoTRACE scores were calculated specifically for malig-
nant cells only within the sScRNA-seq data. These scores,
ranging from O to 1, represent stemness, where higher scores
indicate greater stemness (or lesser differentiation) and lower
scores indicate increased differentiation [51].

stRNA-seq analysis

For spatial transcriptomics analysis, we utilized the “Seu-
rat” R package to preprocess, normalize, and scale the raw
spatial transcriptomics data. Tumor cell identification,
ecosystem characterization, and cell type deconvolution
were performed using “SpaCET” R package [52]. SpaCET
determines cancer cell fractions using a gene pattern dic-
tionary that captures copy number alterations and expres-
sion variations across different tumor types. This approach
outperforms the conventional inferCNV-based method in

both predictive accuracy and computational efficiency. For
non-malignant cells, SpaCET employs a hierarchical two-
tier model to break down their composition. At the first tier,
the proportions of primary cell lineages are estimated, while
at the second tier, the sublineage fractions are inferred based
on their corresponding major lineage fractions. These esti-
mations utilize reference profiles derived from scRNA-seq
datasets spanning multiple cancer types [53]. The CCT5
expression patterns were visualized via “SpaCET.Gen-
eSetScore” algorithm.

Prognostic value evaluation

The prognostic significance of CCTS5 in pan-cancer was
evaluated using univariate Cox regression analysis for four
survival outcomes: OS, DSS, PFI, and DFI. The analysis
was conducted using the “survival” package in R. The haz-
ard ratios (HRs) and corresponding 95% confidence inter-
vals (CIs) were calculated to assess the association between
CCTS5 expression and patient prognosis in different cancer
types. The results were visualized using forest plots, which
were generated via “ggplot2” R package.

Gene set enrichment

Patients were stratified into CCT5-high and CCT5-low
groups based on CCTS5 expression levels. Gene Set Enrich-
ment Analysis (GSEA) was performed to investigate differ-
ences in signaling pathways between the two groups [54].
Version 7.0 of the hallmark gene sets, obtained from the
MSigDB database (https://www.gsea-msigdb.org/gsea/
msigdb), was used as the reference [55]. Differential path-
way analysis was conducted across 33 cancer types, and
significantly enriched gene sets were identified using an
adjusted p value threshold of < 0.05. Results were visual-
ized using the R package “ggplot2”.

mRNAsi and mDNAsi calculation

Based on mean-centered RNA-seq data from PSCs in the
PCBC database (https://www.synapse.org/Synapse:syn27
01943), the stemness signatures for each cancer type in
TCGA cohort were identified using the one-class logistic
regression (OCLR) machine learning algorithm and vali-
dated through leave-one-out cross-validation. Subsequently,
the stemness index was determined by scaling Spearman
correlation coefficients to a range of 0 to 1, where higher
mRNAsi and/or mDNAsi values indicated more significant
tumor dedifferentiation and greater stemness characteristics
[56]. The correlation analysis between CCTS5 expression lev-
els in 33 cancers and their matched figures of mRNAsi and
mDNAsi were then conducted, and the results were visual-
ized by R package “ggradar”.
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Immune infiltration analyses and tumor microenvironment
characterization

Tumor purity, stromal scores, ESTIMATE scores, and
immune scores were calculated via “ESTIMATE” R pack-
age. The fractions of infiltrated non-cancerous cells were
evaluated through “CIBERSORT” R package. We then used
signatures summarized by Zeng et al. for tumor microen-
vironment characterization [57]. Detailed information of
the signatures could be seen in Additional file 1: Table S3.
Considering that signatures regarding DNA damage and
repairing were significantly enriched, we further analyzed
the association between CCT5 expression and MMR genes
which were reported to be correlated with ICB response.

Tumor-infiltrating lymphocyte identification via deep
learning

Saltz et al. developed deep learning algorithms to identify
tumor-infiltrating lymphocytes (TILs) from HE-stained
images. Here, HE-stained images of both CCT5-high and
CCT5-low expression groups were downloaded from the
TCGA data portal, and the corresponding deep learning-
based TIL quantification was obtained using the online tools
developed by Saltz et al. (https://cancerimagingarchive.net/
datascope/TCGA_TilMap/) [58]. These results provided a
valuable approach to validate the in silico findings, offering
additional insights into the immune landscape of tumors.

ICB response exploration

The Raiz SKCM ICB cohort was utilized to explore the
association between CCTS5 expression and response to ICB
therapy. CCT5 expression levels were compared between
responders (R) and non-responders (NR) to assess its poten-
tial role in predicting ICB efficacy. Additionally, the Rodmen
SKCM scRNA-seq ICB cohort was employed for further
investigation of the relationship between CCT5 expression
and ICB response at the single-cell level. Given that CCTS
was predominantly expressed in malignant cells, we first
isolated malignant cells from the dataset. Subsequently, we
compared CCT5 expression levels between ICB-resistant
malignant cells (NR) and treatment-naive malignant cells
(TN) to assess its potential role in therapy resistance.

CCT5.Sig machine learning model construction

Our investigation into the association between CCTS5, can-
cer stemness, and TIME modulation suggested that CCT5
may influence ICB response through multiple mechanisms.
Therefore, constructing a prediction model based on CCTS5
is a worthwhile endeavor to further explore its potential as
a biomarker for immunotherapy response.

@ Springer

Details of the model construction are as follows:

Stepl: Selecting candidate genes for CCT5.Sig

Genes positively correlated with CCTS (Spearman R > 0,
FDR < 1e—05) were classified as Gx, while those signifi-
cantly upregulated in tumor samples were designated as Gy.
To identify tumor-specific genes linked to CCT5, we inter-
sected Gx and Gy, defining the resulting gene set as Gn for
all 33 bulk RNA-seq datasets within the TCGA data portal.
For cohorts lacking normal tissue samples, Gn is identical
to Gx. To ensure robustness across datasets, we calculated
the geometric mean of Spearman R for each gene across
G1 to G33. Finally, genes with a geometric mean Spearman
R > 0.4, indicating a moderate to strong correlation, were
compiled into the CCT5.Sig signature.

Step2: Datasets integration

We applied the ComBat method to remove batch
effects across different ICB cohorts. The 23 ICB cohorts
were stratified into two groups: one for training and
validation, and the other for independent testing. Both
cohorts included all eight cancer types, except for GBM,
ESCA, and GC, as each had only one available cohort,
which were all assigned to the first cohort for model
training and validation. The first cohort included 15
ICB cohorts consist of 931 patients from the following
datasets: Ascierto et al. (ccRCC, SKCM), Miao et al.
(ccRCC), Liu et al. (SKCM), VanAllen et al. (SKCM),
Auslander et al. (SKCM), Hugo et al. (SKCM), Zhao
et al. (GBM), Kim et al. (GC), Jung et al. (NSCLC),
Homet et al. (UC), Mariathasan et al. (UC), Vanden et al.
(ESCA), Nanjing et al. (HCC), and Imbrave_150 (HCC).
We randomly divided the first cohort into two datasets: a
training set comprising 80% of the patients (n =745) and
a validation set comprising 20% of the patients (n=186).
This division ensures a balanced distribution for model
training and evaluation. The remaining eight cohorts
were consolidated as an independent testing set.

Step3: Univariate Cox regression

All genes within the CCT5.Sig signature underwent uni-
variate Cox regression analysis across multiple cohorts. The
genes that consistently demonstrated significance (thresh-
old: p value <0.2) across all cohorts were identified through
intersection. The remaining genes were then selected for
subsequent machine learning analyses.

Step4: Model training and parameter tuning

We developed an ICB response classification
model using CCT5.Sig and trained it with six widely
used machine learning (ML) algorithms: support vec-
tor machine (SVM), Naive Bayes (NB), random forest
(RF), k-nearest neighbors (KNN), AdaBoost classifica-
tion trees (AdaBoost), and boosted logistic regression
(LogitBoost). For all ML algorithms requiring parameter
tuning, fivefold cross-validation (CV) was employed for
hyperparameter optimization, ensuring optimal model
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performance. To enhance robustness, the optimization
process was repeated 10 times with different random
seeds for each resampling. Final genes involved in the
CCT5.Sig are presented in Additional File 1: Table S4.

Step5: Model validation and testing

We developed six models from the training set, each utiliz-
ing a different ML algorithm. These models were then applied
to the validation set, and their performance was compared.
The model with the best performance was selected as the final
CCT5.Sig model.

To assess its predictive value, the final model was fur-
ther applied to the testing set, ensuring its robustness and
generalizability.

Step6: Performance comparison

To further assess the predictive value of CCT5.Sig,
we compared it with previously reported ICI response
signatures, including four pan-cancer signatures, Stem.
Sig [12], CD274 (PDL1) expression [59], CD279 (PD1)
expression [32, 60], and CTLA4 expression [61]. Details
of the Stem.Sig signature and its corresponding algo-
rithms are provided in Additional File 1: Table S5.

Immunohistochemical staining (IHC staining)

After embedding, tumor and adjacent paracancerous tis-
sues were sectioned into 4 um paraffin slices, followed
by deparaffinization and hydration. Antigen retrieval
was performed using citrate buffer, and endogenous per-
oxidase activity was blocked with 3% H,0,, followed by
blocking with 5% BSA. The sections were then incubated
overnight at 4 °C with primary antibodies, CCT5 (11603-
1-AP, Proteintech). The following day, after incubation
with secondary antibodies, the sections were stained with
3,3'-diaminobenzidine (DAB). Subsequently, hematoxy-
lin counterstaining was performed, followed by air-dry-
ing and mounting with neutral resin. Finally, all slides
were observed and imaged.

Statistical analysis

R software (version 4.2.1) was used for data processing,
statistical analysis, and visualization. To explore rela-
tionships between continuous variables, we calculated
Spearman’s correlation coefficients. For comparisons
involving categorical data, the Xz test was applied. Con-
tinuous variables were assessed using either T-tests or
Wilcoxon rank-sum tests, depending on their distribution.
A significance level of p <0.05 was set for all statisti-
cal tests, including GSEA (based on adjusted p-values),
except for the univariable Cox regression in the third step
of ML, where the threshold was set at 0.2.

Results

Expression patterns of CCT5 in normal and cancer
tissue

We analyzed CCTS5 expression across normal human tis-
sues using the GTEx database (Fig. 1A). CCT5 was highly
expressed in tissues such as the testis, esophagus, uterus,
adipose tissue, cervix, thyroid, vagina, breast, bladder,
adrenal gland, and lung, which are prone to tumorigen-
esis. In contrast, non-proliferative tissues such as the heart
and brain exhibited lower CCTS5 expression levels. To
compare CCTS5 expression between normal and tumor tis-
sues, we conducted differential expression analysis using
TCGA cohorts (Fig. 1B). Given the limited normal tissue
samples in TCGA, we also integrated data from TCGA
and GTEx to obtain a more comprehensive comparison
(Fig. 1C). The results showed significantly higher CCT5
expression in tumor tissues, except for LAML and THCA,
where expression was lower than in normal tissues. Fur-
ther analysis of paired tumor and adjacent normal tissues
validated these findings (Fig. 1D), indicating the potential
roles of CCT5 in tumorigenesis.

To further validate the differential expression of CCTS5,
we performed THC staining on tumor and adjacent normal
tissues from various cancer types (Fig. 1E). The results
demonstrated increased CCT5 protein expression in tumor
tissues compared to normal tissues across multiple can-
cers, including LUAD, LIHC, COAD, BRCA, STAD, and
READ. These findings further support the upregulation
of CCTS5 in tumor samples at both the transcriptomic and
protein levels.

Expression patterns of CCT5 in scRNA-seq
and stRNA-seq data

To investigate CCTS5 expression at the single-cell level, we
analyzed scRNA-seq datasets from various cancer types.
CCTS5 was predominantly expressed in malignant cells,
with lower but notable expression in proliferative T cells,
monocytes, and macrophages (Fig. 2A). Furthermore, in
order to further elucidate CCTS5 expression across differ-
ent cell types, we visualized single-cell transcriptomic
data from LIHC, BRCA, COAD, and CHOL, and mapped
CCTS5 expression on UMAP plots. The results revealed
higher CCTS5 expression in malignant cell and cycling
cells (Fig. 2B-I). Violin plots for CCT5 expression in
scRNA-seq data are presented in Additional File2: Fig.
S1. Finally, to validate the preferential expression of CCTS5
in malignant cells, we performed spatial transcriptomic
analysis across multiple cancer types, including GBM,
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Fig. 1 Analysis of CCT5 expression patterns using bulk RNA-seq
and THC. (A) Violin plot showing CCTS5 expression across various
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CHOL, BRCA, and UCEC (Fig. 2J-Q). The malignant cell
regions exhibited a higher CCT5 expression level, further
supporting its tumor-specific upregulation.

Clinical significance of CCT5 in pan-cancer

The prognostic significance of CCT5 expression was
assessed across 33 cancer types using univariate Cox
regression, focusing on OS, DSS, DFI, and PFI. High
CCTS5 expression was identified as a risk factor for OS in
11 cancers, including ACC, BRCA, KICH, KIRP, LGG,
LIHC, LUAD, MESO, PAAD, SARC, and UVM (Fig. 3A).
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expression in normal (blue) and tumor (red) tissues. (D) Paired dot
plot of CCT5 expression in matched normal and tumor samples. (E)
Immunohistochemical staining of CCTS5 in normal and tumor tissues
from lung, liver, colon, breast, gastric, and rectal samples

Similarly, CCT5 overexpression correlated with shorter
DSS in LIHC, KIRP, PRAD, MESO, SARC, UVM, KICH,
LGG, HNSC, ACC, LUAD, and PAAD, and with shorter
DFI in LIHC and KIRP (Fig. 3B, C). For PFI, high CCT5
expression was associated with poor prognosis in LIHC,
UVM, KIRP, SARC, ACC, BLCA, PAAD, and MESO
(Fig. 3D). Notably, in OV, high CCT5 expression was
linked to a better prognosis across all four survival indi-
cators. These findings highlighted CCTS5 as a potential
prognostic biomarker, with its overexpression generally
indicating worse clinical outcomes in multiple cancers.
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Gene set enrichment of CCT5

Samples within each bulk RNA-seq cohort were divided into
CCT5-low and CCT5-high groups, and differential analy-
sis was conducted. The signaling pathways associated with
CCTS5 and its potential molecular mechanisms in the pro-
gression of 33 cancer types were subsequently investigated
using GSEA. A bubble diagram was employed to visualize
pan-cancer enrichment of GSEA pathways based on high and
low CCTS5 expression. The analysis revealed that high CCT5
expression was significantly enriched in key oncogenic and
cell cycle regulation related pathways, including MYC_TAR-
GETS_V1, MTORC1_SIGNALING, MITOTIC_SPINDLE,
G2M_CHECKPOINT, and E2F_TARGETS (Fig. 4A).

Given that many of the enriched pathways are involved
in cell cycle regulation, we further investigated the relation-
ship between CCTS5 expression and proliferative cell states
in specific cancers, including LIHC, SKCM, CHOL, and
BRCA, given their relatively higher NES scores of the afore-
mentioned signaling. UMAP clustering revealed distinct
populations of cycling and non-cycling cells (Fig. 4B, D, F,
H), and the box plots demonstrated that CCTS expression
was significantly higher in cycling cells compared to non-
cycling cells (Fig. 4C, E, G, I), which were in line with the
GSEA findings.

CCT5’s association with cancer stemness

Firstly, we analyzed mRNAsi and mDNAsi across various
cancer types in TCGA cohorts. The radar plots demonstrated
a significant positive correlation between CCT5 expression
and mRNAsi in multiple cancers (Fig. 5A), indicating a
potential role of CCT5 in maintaining tumor stemness at
the transcriptomic level. Similarly, CCT5 expression cor-
related with mDNAsi in several cancers, further supporting
its association with cancer stem-like properties (Fig. 5B).

To study the impact of CCT5 on the stemness of malig-
nant cells at the single-cell level, we selected primary liver
cancer (LIHC and CHOL), READ, and BRCA datasets
based on the results of mRNAsi and mDNAsi results. To
avoid the influence of normal epithelial cells on the results,
we first extracted the malignant cells from the datasets
and then performed CytoTRACE analysis to assess their
stemness. The T-SNE and box plots revealed that malignant
cells with high CCTS5 expression were poorly differentiated,
as indicated by higher CytoTRACE scores, in the primary
liver cancer, READ, and BRCA datasets (Fig. SC—H).

Association between CCT5 and tumor immune
microenvironment

To explore the role of CCTS5 in the tumor immune microen-
vironment (TIME), we analyzed its correlation with immune

infiltration and immune-related pathways across multiple
cancer types. Figure 6A shows that high CCT5 expression
was associated with lower immune infiltration levels, as
indicated by higher tumor purity, and lower ESTIMATE,
Immune, and Stromal scores. Additionally, CCT5 expres-
sion was positively correlated with DNA damage, repair and
replication pathways, while showing a negative correlation
with immune activation pathways including antigen process-
ing and CD8* T cell activation (Fig. 6B). According to the
CIBERSORT results, CCTS5 expression was positively asso-
ciated with nTreg, iTreg, and neutrophil infiltration levels
in a majority of cancer types (Fig. 6C). Conversely, CCT5
expression was negatively associated with the abundance of
CD4*T, CD8* T, Tth, Tgd, and NK cells within the TME in
the majority of cancers. Notably, CCT5 expression was posi-
tively correlated with CD8" T abundance in UVM (Fig. 6C).
CCTS5 expression showed either positive or negative cor-
relation with the infiltration of 16 other immune cell types
across multiple cancers (Fig. 6C). Given that MMR status
is a well-established biomarker for ICB response, and its
associated signaling pathways are highlighted in Fig. 6B, we
further examined the relationship between CCTS5 expression
and MMR genes. The analysis revealed a strong positive
correlation between CCT5 and MMR gene expression, sug-
gesting a potential link between CCTS5 and genomic instabil-
ity, which may influence ICB response (Fig. 6D). We also
performed TIL mapping using HE-stained images across
multiple cancer types. CCT5-high tumor expression exhib-
ited lower TIL infiltration, suggesting CCT5 contributes to
an immunosuppressive tumor microenvironment (Fig. 6E).

We next investigated the association between CCT5
expression and immune checkpoint blockade (ICB) response
in SKCM patients. In the 2017_Riaz_SKCM cohort, patients
with ICB resistance (NR) showed significantly higher CCT5
expression than responders (R) (Fig. 6F). Subsequently, we
managed to validate this association in scRNA-seq data.
Since data for responders (R) were not available in this
cohort, we compared cancer stemness between non-respond-
ers (NR) and treatment-naive (TN) patients instead. Ideally,
a direct comparison between responders and non-responders
would provide more precise insights. However, given that
treatment-naive patients (TN) likely include both potential
responders and non-responders, we followed a previously
established approach to assess differences of CCT5 expres-
sion between NR and TN patients. We first annotated the
SKCM scRNA-seq data and extracted the malignant cells
from the cellular landscape, as CCTS was predominantly
expressed in these malignant cells (Fig. 6G, H). We sub-
sequently compared the CCTS5 expression level between
malignant cells from NR and TN patients. The results shown
that CCTS5 was predominantly expressed in ICB-resistant
malignant cells (NR) compared to treatment-naive (TN)
cells (Fig. 61, J)
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«Fig. 2 Analysis of CCT5 expression patterns using scRNA-seq and
stRNA-seq data. (A) Heatmap showing CCTS5 single-cell expres-
sion across various cancer types. (B—C) UMAP plots of LIHC: (B)
cell type distribution, (C) CCT5 expression. (D-E) UMAP plots
of BRCA: (D) cell type distribution, (E) CCT5 expression. (F-G)
UMAP plots of COAD: (F) cell type distribution, (G) CCTS5 expres-
sion. (H-I) UMAP plots of CHOL: (H) cell type distribution, (I)
CCTS5 expression. (J-K) Spatial transcriptomics of GBM: (J) malig-
nant cell distribution, (K) CCT5 expression. (L-M) Spatial transcrip-
tomics of CHOL: (L) malignant cell distribution, (M) CCT5 expres-
sion. (N-Q) Spatial transcriptomics of BRCA: (N) malignant cell
distribution, (O) CCT5 expression. (P—Q) Spatial transcriptomics of
UCEC: (P) malignant cell distribution, (Q) CCT5 expression

Immunotherapy outcome prediction by CCT5.Sig

The flow chart of CCT5.Sig genes selection and machine
learning process is presented in Fig. 7. Firstly, we pooled a
total of 605 CCT5.Sig genes from pan-cancer TCGA cohort.
After the univariable Cox regression, 82 (13.5%) genes were
kept for further ML progress. Subsequently, we trained the
model using six different machine learning algorithms and
optimized the parameters of each model through 10-time
repeated fivefold cross-validation. This process resulted in
the development of six distinct models. After training, we
assessed and compared their AUC performance in the inter-
nal validation cohort. Among them, the random forest model
achieved the highest AUC of 0.74 (95% CI 0.69-0.78), mak-
ing it the optimal choice for the CCT5.Sig model (Fig. 8A).
To further evaluate the CCT5.Sig model, we applied it to an
independent testing set to predict ICB response. The model
demonstrated consistent performance, achieving the AUC
of 0.70 (95% CI 0.65-0.75) (Fig. 8B-C).

To assess whether the CCTS5.Sig model can predict OS,
we stratified ICB-treated patients into low-risk and high-
risk subgroups based on their predicted response status. The
Kaplan—Meier analysis of OS demonstrated a significantly
longer OS in the low-risk group across the training, valida-
tion, and independent testing sets (all log-rank p <0.01).

In the validation set, high-risk patients identified by the
CCTS5.Sig model had a median OS of 8.43 months, signifi-
cantly shorter than the 32.67 months observed in low-risk
patients (HR: 2.48; 95% CI 1.23-4.99) (Fig. 8D). A simi-
lar trend was seen in the independent testing cohort, where
high-risk patients had a median OS of 35.77 months, while
the figure for high-risk patients was 22.87 months (HR: 1.48,
95% CI 1.06-2.05) (Fig. 8E).

We then conducted a subgroup analysis across five indi-
vidual cohorts that contributed to the testing set. For ICI
response prediction, the AUC ranged from 0.52 to 0.84
across these cohorts (Additional File2: Fig. S2). Among
them, the Korea HCC cohort achieved the highest perfor-
mance with an AUC of 0.84 (95% CI 0.70-0.99), closely
followed by the Rose 2021 UC cohort (AUC: 0.82; 95%
CI 0.73-0.92). In contrast, the Synder 2017 UC cohort

exhibited the lowest predictive performance, with an AUC
of 0.52 (95% CI1 0.26-0.79).

We further compared the performance of CCT5.Sig with
previously established predictive gene signatures. Among
the pan-cancer signatures, including Stem.Sig, PD1 expres-
sion, PDL1 expression, and CTLA4 expression, CCTS5.
Sig demonstrated the best performance in the testing set,
achieving an AUC of 0.76, followed by Stem.Sig, which
attained an AUC of 0.73 (Fig. 8F). Other pan-cancer signa-
tures exhibited strong predictive performance in only three
or four cohorts (Fig. 8G).

Discussion

Significant advancements in immunotherapy have enabled a
great number of cancer patients to extend their lives. How-
ever, its efficacy varies among individuals due to the hetero-
geneity of the tumor microenvironment (TME) [62]. Identi-
fying key predictive factors or developing models to assess
immunotherapy response holds great promise for achieving
precision and personalized medicine [63]. Despite the dis-
covery of numerous biomarkers and the development of pre-
dictive models for immunotherapy response, many patients
still experience resistance. Notably, most existing models
have been tailored to single tumor types, leading to incon-
sistent predictive performance across different cancers and
limiting their broader clinical applicability. Furthermore,
even models developed using pan-cancer immunotherapy
cohorts often suffer from other limitations, such as the inclu-
sion of excessive gene markers or modest over all AUC per-
formance, which may hinder their clinical utility [64].

In this study, we conducted a comprehensive pan-cancer
analysis of CCT?3, revealing its critical role in cancer pro-
gression, tumor stemness, and immunotherapy response.
By integrating bulk RNA-seq, scRNA-seq, and stRNA-seq
data, we provided a multi-dimensional perspective on CCT5
expression and its biological implications across multiple
tumor types. Furthermore, through machine learning, we
established CCTS5.Sig, a robust pan-cancer predictive model
for ICB response, which demonstrated superior performance
compared to existing signatures.

Previous studies have highlighted CCT5 as a molecular
chaperone involved in protein folding and cell cycle regu-
lation, with elevated expression observed in multiple can-
cers such as LIHC, STAD, and READ [8, 10, 65]. How-
ever, these studies primarily focused on individual cancer
types, lacking a comprehensive pan-cancer perspective.
Our study expanded on these findings by demonstrating that
CCTS5 was consistently upregulated across multiple tumor
types and correlates with poor prognosis, establishing it as
a potential universal prognostic biomarker. Moreover, we
revealed CCT5’s role as a key regulator of cell cycle, DNA

@ Springer



224 Page 12 of 21

Cancer Immunology, Immunotherapy (2025) 74:224

Fig.3 Prognostic value of
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damage repairing, tumor dedifferentiation and stemness
maintenance, further supporting its contribution to aggres-
sive tumor phenotypes. A particularly novel aspect of our
study is the identification of CCT5’s involvement in immune
evasion and immunotherapy resistance. We found that high
CCTS5 expression is associated with increased regulatory T
cells (Tregs) and neutrophil infiltration, as well as reduced
recruitment of tumor-infiltrating lymphocytes, creating an
immunosuppressive tumor microenvironment that contrib-
utes to poor response to immune checkpoint blockade (ICB)
therapy. To translate these findings into clinical applications,
we developed CCT5.Sig, a machine learning-based model
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trained on 23 ICB cohorts across eight cancer types, which
demonstrated high predictive accuracy (AUC =0.82 in vali-
dation set, 0.76 in independent testing set), outperforming
several previously established pan-cancer immunotherapy
biomarkers [66, 67].

By integrating bulk RNA-seq, scRNA-seq, and stRNA-
seq, our study provides a comprehensive, multi-dimensional
analysis of CCT5 expression patterns. Bulk RNA-seq data
reveal that CCTS5 was significantly upregulated in tumor tis-
sues across various cancer types, emphasizing its potential
as a tumor-associated biomarker. Single-cell analysis further
demonstrated that CCTS was predominantly expressed in
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Fig.4 Gene set enrichment and cell cycle analysis of CCT5 in pan-cancer. (A) GSEA results of CCT5. (B-I) Cell cycle analyses regarding

CCTS5 in LIHC (B-C), SKCM (D-E), CHOL (F-G) and BRCA (H-I)

malignant cells, particularly those undergoing active cell
cycling, indicating its role in tumor proliferation and pro-
gression. Spatial transcriptomics supported these findings
as CCTS5 expression was enriched in tumor regions rather
than adjacent normal tissues, reinforcing its tumor-specific
oncogenic function. Together, these results indicated that
CCTS5 might be a key factor in cancer biology [68].

Our findings also revealed that CCT5 could serve as a
significant prognostic biomarker across multiple cancers,
where its high expression consistently correlates with poor
patient outcomes. This strong association between CCT5
overexpression and poor prognosis likely stemmed from its
involvement in cell proliferation, stemness maintenance, and
immune evasion, which contributed to tumor aggressive-
ness and therapy resistance. Notably, while elevated CCT5
expression generally predicted worse survival, its prognostic
significance appeared to be cancer-type-specific, as seen in
ovarian cancer, where it was linked to better outcomes.

Through Gene Set Enrichment Analysis, our study identi-
fied CCTS as a key player in cell cycle regulation, with its
high expression enriched in major oncogenic pathways. Spe-
cifically, CCT5 was strongly associated with pathways driv-
ing cell cycle progression, including MYC targets, MTORC1

signaling, the G2/M checkpoint, E2F targets, and mitotic
spindle regulation [69]. Further validation at the single-cell
level confirmed that CCT5 was predominantly expressed in
cycling malignant cells, especially those in the G2/M phase,
reinforcing its role in mitotic regulation. These findings sug-
gested that CCT5 promoted cell division and may contribute
to aggressive tumor behavior [70].

In addition to its role in cell cycle regulation, CCT5
expression showed a strong correlation with DNA damage
response (DDR) pathways, linking it to genomic instability
and tumor survival mechanisms [71]. Given its association
with tumor proliferation, CCTS may enhance DNA repair
dependency, allowing tumor cells to withstand replication
stress and maintain survival. High CCTS5 expression was
positively correlated with MMR genes, suggesting a role
in modulating DNA repair efficiency [3]. This interplay
between cell cycle dysregulation and DDR activation could
explain why CCT5-overexpressing tumors exhibit resistance
to chemotherapy, aligning with findings from Ooe A and
colleagues on CCT5’s role in BRCA chemo-resistance [10].
These results highlighted CCT5 as a potential therapeutic
target, where disrupting its function may enhance cancer
treatment efficacy.
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At the same time, our study found a strong correla-
tion between CCTS5 expression and cancer stemness, with
high CCTS5 levels positively associated with mRNAsi and
mDNA i across multiple cancer types. Single-cell analysis
further illustrated its enrichment in poorly differentiated
malignant cells, suggesting a role in maintaining stem-like
properties.

Given that microsatellite instability (MSI) and cancer
stemness were associated with ICB resistance, we inves-
tigated CCT5’s role in TIME regulation [72-75]. In this
study, the relationships between CCTS5 expression and
TIME characteristics across various cancer types use a
combination of gene set scoring and Spearman corre-
lation analysis. Gene set scoring, based on predefined
immune-related gene sets validated in multiple studies,
enabled us to systematically assess immune pathway
activities. This approach provided valuable insights into
how CCTS5 expression may influence immune responses
within the tumor microenvironment. Spearman correla-
tion analysis, a nonparametric method, was particularly
effective in detecting monotonic relationships between
CCT5 expression and immune-related pathways. By
combining these methods, our analysis revealed that high
CCTS5 expression correlated with an immunosuppressive
(“cold”) TIME, characterized by lower immune infiltra-
tion and reduced CD8* T cell activation, potentially con-
tributing to ICB resistance [76]. To translate these find-
ings into clinical application, we developed CCT5.Sig,
a machine learning-based predictive model that demon-
strated high accuracy in ICB response prediction, offer-
ing a promising tool for personalized immunotherapy
strategies. Unlike using CCT5 alone, CCT5.Sig provided
enhanced predictive power and broader applicability.
That is because a single-gene signature like CCT5 may
not fully capture the complex interactions between tumor
microenvironment, stemness, and immune modulation,
whereas CCT5.Sig integrated multiple CCT5-associated
genes, resulting in a more comprehensive and reliable
model [77, 78]. Furthermore, as CCT5 expression varied
across cancer types, a multi-gene signature could pro-
mote model stability and generalizability, making CCTS5.
Sig a robust pan-cancer signature for ICB response pre-
diction [59, 75, 79].

Despite the insights, our study has several limitations
that warrant further investigation. Firstly, while CCT5.

Sig demonstrated strong predictive accuracy for ICB
response, the model primarily relied on transcriptomic
data and machine learning algorithms. And experimental
validation, such as CCT5 knockdown or overexpression
in cancer models, needs to be carried out for validation.
Future studies should incorporate functional assays to
confirm CCTS5’s role in tumor proliferation, stemness,
and immune regulation. Also, while our study offers a
comprehensive analysis of CCT5’s roles across pan-can-
cer, we acknowledge that integrating co-expression net-
work analysis, such as hdWGCNA, could provide deeper
insights into the underlying gene regulatory networks.
By uncovering co-expression modules and identifying
key regulatory factors, hdWGCNA could further eluci-
date how CCTS5 interacts with other genes in the context
of tumor progression, immune modulation, and cancer
stemness. This is especially true in pan-cancer analyses
focusing on transcription factors, combining hdAWGCNA
and transcriptional regulatory network (TRN) inference
algorithms could facilitate the identification of shared
transcriptional signatures and regulatory networks across
multiple cancer types, thus enabling the discovery of uni-
versal biomarkers and therapeutic targets. In addition,
our findings suggested that CCTS5 functions as a pan-
cancer biomarker, but tumor heterogeneity was not fully
addressed. While multiple cancer types were analyzed,
we did not perform a detailed evaluation of subtype-
specific differences (e.g., HR-positive vs. triple-nega-
tive breast cancer) or the impact of clinical factors such
as prior treatments, and/or metabolic conditions. These
variables may influence CCT5s’ prognostic significance,
and future studies should incorporate stratified analy-
ses to determine whether CCT5’s effects are consistent
across different patient populations. Furthermore, even
though we applied ComBat to correct for batch effects,
but dataset variability due to differences in sample col-
lection, sequencing depth, and tumor microenvironment
composition may still influence the results. Finally, while
our study discusses CCTS5 as a potential therapeutic tar-
get, we did not explore whether pharmacological modu-
lation of CCT5 could enhance ICB response. Further
research should investigate small-molecule inhibitors
or RNA-based silencing strategies targeting CCT5 and
assess their effects on tumor growth, immune infiltration,
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«Fig. 8 Functional enrichment, predictive performance, and survival
analysis of CCT5.Sig. (A) Bar plot displaying enriched biological
pathways associated with CCT5 expression. (B) ROC curves com-
paring different predictive models. (C-E) ROC curves for CCTS5.
Sig performance in training (C), validation (D), and test (E) cohorts.
(F-H) Kaplan—Meier survival curves comparing overall survival
(OS) between high-risk and low-risk groups in training (F), validation
(G), and test (H) cohorts. (I-]J) Circus plots (I) and heatmap (J) show
the comparison between the performance of the CCT5.Sig model and
previously published pan-cancer models for response to immunother-
apy on different testing sets

and therapy sensitivity [80]. If CCTS5 inhibition proves
effective, it could serve as a new therapeutic strategy to
enhance immunotherapy efficacy.

Conclusion

We performed a comprehensive multi-dimensional pan-
cancer analysis of CCT5, uncovering its critical roles in cell
cycle regulation, DNA damage response, cancer stemness
maintenance, and tumor microenvironment modulation. To
translate these findings into clinical application, we devel-
oped CCT5.Sig, a machine learning-based model trained on
pan-cancer ICB cohorts, enabling accurate immunotherapy
response prediction and advancing personalized cancer treat-
ment strategies.
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