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CCT?2 defines a highly cisplatin-resistant and
poor-prognosis subtype of lung adenocarcinoma
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Abstract. Cisplatin-based chemotherapy is a standard treat-
ment for lung adenocarcinoma (LUAD), yet acquired cisplatin
resistance remains a marked cause of treatment failure. The
molecular mechanisms driving cisplatin resistance in LUAD
have not been fully elucidated. The present study integrated
bulk transcriptomic data, genomic mutation profiles and
single-cell RNA sequencing data to systematically investigate
cisplatinresistance in LUAD. Resistance-associated genes were
identified through differential expression, survival analysis
and database integration. Unsupervised clustering was used
to define cisplatin resistance-associated subtypes. Functional
characteristics were explored using pathway enrichment,
immune infiltration, tumor mutation burden and weighted
gene co-expression network analysis. A machine learning
framework incorporating 101 algorithms was applied to iden-
tify key genes and construct a prognostic model. Single-cell
analyses and in vitro experiments were performed to validate
the biological role of the core gene. Molecular docking and
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molecular dynamics simulations were conducted to identify
potential therapeutic compounds. A total of two molecular
subtypes with distinct cisplatin resistance levels and prognostic
outcomes were identified. The high-resistance subtype exhib-
ited enhanced cell cycle activity, DNA repair signaling and
immune heterogeneity. Machine learning analysis revealed a
five-gene signature, with chaperonin-containing TCP1 subunit
2 (CCT?2) emerging as a key regulator of cisplatin resistance.
Single-cell analyses showed that CCT2 was predominantly
enriched in resistant epithelial cell subpopulations. Functional
experiments demonstrated that CCT2 knockdown significantly
inhibited cell proliferation and enhanced cisplatin sensitivity
in LUAD cell lines. A number of candidate compounds
targeting CCT2 exhibited stable binding in silico. The present
findings identified CCT2 as a key mediator of cisplatin resis-
tance in LUAD and provided potential therapeutic strategies to
overcome chemotherapy resistance.

Introduction

Lung cancer is the most frequently diagnosed cancer and the
leading cause of cancer-related mortality worldwide, with
~2.6 million new cases and 1.9 million mortalities estimated
globally in 2024, while lung adenocarcinoma (LUAD) is the
most prevalent histological subtype of non-small cell lung
cancer (NSCLC) (1-4). Despite notable advances in early
diagnosis and the development of targeted therapies and
immune checkpoint inhibitors, platinum-based chemotherapy
remains an established treatment for patients with advanced or
metastatic LUAD who lack actionable driver mutations (5-7).
Cisplatin, one of the most widely used platinum agents, exerts
its antitumor effects primarily through the induction of DNA
cross-linking and subsequent apoptosis (8,9). However, the
clinical benefit of cisplatin is frequently compromised by
the rapid emergence of acquired resistance, which leads to
treatment failure and disease progression (10,11). Cisplatin
resistance therefore represents a major clinical challenge and
a key barrier to improving long-term survival outcomes in
patients with LUAD.

To overcome cisplatin resistance, a number of therapeutic
strategies have been explored in recent years. Combination
regimens integrating cisplatin with targeted agents, immune
checkpoint inhibitors or modulators have shown partial efficacy
in delaying resistance and improving response rates (12-16). In
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addition, previous studies have demonstrated that the inhibi-
tion of DNA damage repair pathways, modulation of oxidative
stress responses and targeting of cell cycle regulators may
sensitize tumor cells to cisplatin (17-22). Despite this, these
approaches often yield heterogeneous clinical responses
and may be accompanied by increased toxicity or limited
applicability to specific patient subgroups. These limitations
highlight the urgent need to identify robust molecular deter-
minants of cisplatin resistance and to develop more precise,
mechanism-based therapeutic strategies.

Atthe molecular level, cisplatin resistance is a multifactorial
process that involves alterations in DNA repair capacity, cell
cycle regulation, metabolic reprogramming, apoptosis evasion,
autophagy and tumor microenvironment remodeling (23-26).
Recently, posttranslational modifications have emerged as
important regulators of drug resistance (27-29). Among them,
protein palmitoylation is a reversible lipid modification that
serves a key role in controlling protein stability, subcellular
localization and signal transduction (30-32). Accumulating
evidence has further suggested that dysregulated palmi-
toylation contributes to tumor progression and therapeutic
resistance by affecting oncogenic signaling pathways (such as
the ZDHHC Palmitoyltransferase 20-YTH domain-containing
family protein 3-MYC and claudin 4-Notch axes), cellular
metabolism and stress responses (33-38). However, the
contribution of palmitoylation-associated genes to cisplatin
resistance in LUAD, as well as their interactions with tumor
heterogeneity and the immune microenvironment, remain
largely unexplored.

Recent studies have demonstrated that integrated bioin-
formatics and machine learning approaches can effectively
identify disease-specific biomarkers and characterize immune
landscapes across diverse pathological conditions. For
example, mitochondrial dysfunction-associated biomarkers
identified in liver ischemia-reperfusion injury have been
associated with increased neutrophil and activated mast cell
infiltration, along with reduced M2 macrophages (39). In addi-
tion, in clear cell renal cell carcinoma, an immunogenic cell
death-associated prognostic signature effectively predicted
overall survival, disease progression, distinct immune infil-
tration patterns and improved immunotherapy responses in
patients at high-risk (40).

Similarly, in hepatocellular carcinoma, a polyamine
metabolism-associated prognostic signature showed strong
prognostic value and revealed notable differences in immune
cell infiltration and immune treatment sensitivity between risk
groups (41). These findings further highlight the translational
potential of such strategies in precision medicine. The present
study systematically investigated cisplatin resistance in
LUAD by defining resistance-associated molecular subtypes
and identifying key regulatory genes with prognostic and
functional relevance. In this study, we aimed to systematically
characterize cisplatin resistance heterogeneity in LUAD by
integrating multilevel transcriptomic analyses, including bulk
and single-cell RNA sequencing approaches. We sought to
identify resistance-associated molecular subtypes, discover
key molecular determinants underlying cisplatin resistance,
and investigate their potential biological relevance through
comprehensive bioinformatic analyses and experimental
validation. This integrated framework may provide new

insights into the molecular mechanisms of cisplatin resistance
and facilitate the development of more precise therapeutic
strategies for patients with LUAD.

Materials and methods

Data collection. Transcriptomic data of LUAD were
obtained from The Cancer Genome Atlas (TCGA) database
(https://portal.gdc.cancer.gov), including gene expression
profiles and corresponding clinical information. An indepen-
dent cohort from the International Cancer Genome Consortium
(ICGC) database (https://dcc.icgc.org), specifically the
ICGC-LUAD-US cohort, was used for external validation of
the prognostic model. Cisplatin-resistant transcriptomic data
were retrieved from the Gene Expression Omnibus (GEO) data-
base (https:/www.ncbi.nlm.nih.gov/geo), specifically dataset
GSE213102 (42). Single-cell RNA sequencing (RNA-seq)
data were obtained from the GEO dataset GSE229253 (43).
All datasets were processed and normalized according to
their respective preprocessing pipelines prior to downstream
analyses.

Collection of cisplatin resistance gene sets. Cisplatin resis-
tance-associated genes were retrieved from the GeneCards
database (https://www.genecards.org/). The keyword
‘cisplatin-resistant’ was used to perform a systematic search
and genes with relevance scores provided by GeneCards
were extracted. The resulting gene list was downloaded and
curated to obtain a cisplatin resistance gene set for subsequent
analyses.

Unsupervised clustering analysis. Unsupervised clus-
tering was performed using the ‘ConsensusClusterPlus’ R
package (44) (version 1.68.0) based on the expression profiles
of treatment group samples from the TCGA-LUAD cohort.
The expression matrix was subjected to consensus clustering
with the k-means algorithm and Euclidean distance. Clustering
stability was evaluated across 50 resampling iterations, with
80% of the samples and all the features randomly selected in
each iteration. The optimal number of clusters was determined
by inspecting the cumulative distribution function curves
and consensus heatmaps, supplemented by item-consensus
and cluster-consensus scores derived from the integrated
consensus likelihood analysis (44). The samples were subse-
quently assigned to their respective consensus clusters and the
resulting subtype information was exported for downstream
analyses.

Single-sample Gene Set Enrichment Analysis (ssGSEA).
To quantify pathway activity at the individual sample level,
ssGSEA was performed using gene expression data from
the TCGA-LUAD cohort. Gene expression matrices were
preprocessed by converting expression values to numeric
formats, removing duplicated genes through average expres-
sion consolidation and genes with low overall expression
were filtered. Curated gene sets were imported from a gene
matrix transposed (GMT) file using the GSEABase R package
(version 1.70.0; DOI, 10.18129/B9.bioc. GSEABase). ssGSEA
scores for each gene set were then computed using the ‘ssgsea’
method and Gaussian kernel estimation and the genes were
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ranked by absolute expression. To facilitate cross-sample
comparison, raw ssGSEA enrichment scores were normal-
ized using a min-max scaling transformation. The resulting
normalized enrichment matrix was used for subsequent
statistical analyses.

GSEA. GSEA was performed using gene expression data
from the TCGA-LUAD cohort to identify pathway differ-
ences between the two molecular subgroups. The analysis was
conducted using GSEA software (https://www.gsea-msigdb.
org/gsea/index.jsp) with the Kyoto Encyclopedia of Genes
and Genomes (KEGG) and REACTOME gene sets down-
loaded from the Molecular Signatures Database (MSigDB;
https://www.gsea-msigdb.org/gsea/msigdb/). Genes were
ranked according to the signal-to-noise ratio between the two
subgroups and enrichment was assessed using 1,000 permuta-
tions. Pathways with a nominal P<0.05 were considered to be
significantly enriched.

Cell-type identification by estimating relative subsets of
RNA transcripts (CIBERSORT) immune infiltration analysis.
Immune cell infiltration was quantified using the CIBERSORT
algorithm (45) based on bulk RNA sequencing data from
the TCGA-LUAD cohort, which applied v-support vector
regression (v-SVR) to deconvolute the relative proportions
of 22 immune cell subsets. The LM22 leukocyte signature
matrix was used as the reference gene expression profile
and the mixed expression matrix was quantile-normalized
prior to deconvolution. To improve robustness, CIBERSORT
fitted multiple v-SVR models with different v parameters
and selected the model with the minimal root-mean-square
error. For each sample, CIBERSORT returned the estimated
immune cell fractions along with correlation coefficients
and root-mean-square error values reflecting deconvolution
accuracy. Permutation testing was performed when needed
to compute empirical P-values and samples with P<0.05 were
considered to have reliable immune infiltration estimates.

Tumor mutational burden (TMB) analysis. Tumor mutation
burden analysis was performed using somatic mutation data
downloaded from TCGA-LUAD cohort. Masked somatic
mutation (MAF) files were retrieved from the National Cancer
Institute Genomic Data Commons database (https://portal.
gdc.cancer.gov/) and merged to generate a unified mutation
profile. The MAF data were processed and annotated using
the ‘maftools’ R package (version 2.18.0) (46) and TMB was
calculated as the total number of non-synonymous somatic
mutations per megabase for each sample. To compare
mutational landscapes between molecular subgroups,
sample identifiers were matched to cluster assignments and
subgroup-specific MAF objects (for example, C1 and C2) were
generated. Mutation profiles were visualized using the onco-
plots function implemented in maftools, which displays the
most frequently mutated genes across molecular subgroups.

Differential gene expression analysis. Differential expression
analysis was performed on TCGA-LUAD transcriptomic data
using the ‘limma’ R package (version 3.58.1) (47). Expression
matrices were log,-transformed prior to analysis. A design
matrix was constructed based on control and treatment groups,
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and linear models were fitted using the ImFit function imple-
mented in limma, followed by empirical Bayes moderation.
Differentially expressed genes were identified using a contrast
comparison between the C1 and C2 groups. In parallel, the
GSE213102 dataset, which includes cisplatin-resistant and
cisplatin-sensitive cell lines, was analyzed using the same
‘limma’-based differential expression pipeline to identify
resistance-associated genes.

Weighted gene coexpression network analysis (WGCNA).
WGCNA was performed using the “‘WGCNA’ R package
(version 1.73) (48) based on gene expression data from
the TCGA-LUAD cohort. After low-variance genes were
removed, the top 25% of the most variable genes were
selected for network construction. The sample quality was
assessed by hierarchical clustering and outlier samples were
excluded. Soft-thresholding power was determined using the
scale-free topology criterion (48) and an adjacency matrix
was constructed and transformed into a topological overlap
matrix (TOM). Genes were clustered on the basis of TOM
dissimilarity and coexpression modules were identified using
dynamic tree cutting. Module eigengenes were calculated and
correlated with cluster membership (C1 and C2 subgroups)
to identify trait-associated modules. Gene significance and
module membership were computed to screen for hub genes
within key modules.

Functional enrichment analysis. Gene Ontology (GO) (49)
and KEGG (50) enrichment analyses were performed using
the ‘clusterProfiler’ R package (version 4.10.1) (51). Gene sets
were first converted from gene symbols to Entrez IDs using
the org.Hs.eg.db annotation database (https://bioconductor.
org/packages/org.Hs.eg.db/) and genes without valid Entrez
IDs were removed. GO enrichment analysis [biological
processes (BPs), cellular components and molecular functions]
and KEGG pathway enrichment analysis were subsequently
performed, with the organism set to ‘hsa’. Enriched terms
were filtered using P<0.05 as the significance threshold. The
results were visualized using the ‘enrichplot’ (version 1.22.0)
(https://bioconductor.org/packages/enrichplot/) and
‘ggplot2’ R packages (version 3.5.0) (https://cran.r-project.
org/package=ggplot2).

Protein-protein interaction (PPI) network analysis. Gene
set were imported into the Search Tool for the Retrieval
of Interacting Genes/Proteins (STRING) database
(https://string-db.org/) to construct a protein-protein interac-
tion network using a confidence score threshold of 0.4. The
resulting interaction network was downloaded and further
visualized in Cytoscape (https://cytoscape.org/). Topological
parameters were calculated and key hub genes were identified
using the built-in ‘NetworkAnalyzer’ tool or the ‘CytoHubba’
plugin.

Machine learning-based feature selection and modeling. To
construct a robust prognostic signature, an integrative machine
learning framework encompassing 101 different algorithmic
combinations was employed. Gene expression data from the
TCGA served as the training set, while ICGC data were used
for independent validation. Candidate genes were preselected
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based on univariate Cox regression analysis (P<0.05). The
machine learning framework incorporated 10 algorithms,
including Random Survival Forest (RSF), Elastic Net (Enet),
Stepwise Cox regression (StepCox), CoxBoost, partial least
squares regression for Cox (plsRcox), supervised principal
components (superpc), gradient boosting machine (GBM),
survival support vector machine (survival-SVM), Ridge regres-
sion and Lasso regression, as well as their specified pairwise
combinations, resulting in 101 candidate models. Model devel-
opment and selection were performed using ML.Dev.Prog. The
Sig pipeline in R (with the following packages: ‘GSEABase’
(version 1.70.0; DOI, 10.18129/B9.bioc.GSEABase), Gene
Set Variation Analysis (‘GSVA’; version 1.50.5) (52), ‘cancer-
class’ (version 1.46.0) (53), ‘mixOmics’ (version 6.26.0) (54),
‘sparrow’ (version 1.8.5; DOI, 10.18129/B9.bioc.sparrow), ‘sva’
(version 3.50.0) (55), ‘ComplexHeatmap’ (version 2.18.0) (56),
‘CoxBoost’ (version 1.5) (57), ‘fastAdaboost’ [version 1.0.0;
https://github.com/souravc83/fastAdaboost) and ‘Mimel’
(version 0.0.0.9) (58)] was used. Model performance was evalu-
ated by the concordance index (C-index) in both the training
and validation cohorts. Visualization of C-index distributions
across all the models was performed using the ‘cindex_dis_all’
function, with the top-performing models further selected for
downstream analyses.

Single-cell RNA-seq analysis. Single-cell RNA-seq data from
the GSE229253 dataset were processed using the ‘Seurat’ R
package (version 5.3) (59). Quality control was performed
by calculating the mitochondrial gene ratio (percent.mt) and
hemoglobin gene ratio (percent.HB), followed by filtering
cells with nFeature_ RNA >200, nFeature_ RNA <7,500,
nCount_RNA >1,000 and percent.mt <20%. After normaliza-
tion, highly variable genes were identified and scaling and
dimensionality reduction were conducted using principal
component analysis. Batch effects were corrected using
the Harmony algorithm. Clustering was carried out with
‘FindNeighbors’ and ‘FindClusters’ and the results were
visualized using Uniform Manifold Approximation and
Projection. Cluster-specific marker genes were identified using
‘FindAllMarkers’ with the Wilcoxon test. Cell-type annota-
tion was performed with ‘SingleR’ (version 2.4.1) (60) using
the Human Primary Cell Atlas as the reference and further
validated by cross-referencing significant marker genes with
the CellMarker database (http://bio-bigdata.hrbmu.edu.
cn/CellMarker/).

Cell-cell communication analysis. Cell-cell commu-
nication was analyzed using the ‘CellChat’ R package
(version 1.6.1) (61). Normalized count matrices and cell-type
annotations were used to construct the CellChat object and
the human ligand-receptor database was used to identify
overexpressed signaling genes and ligand-receptor pairs. The
communication probabilities and pathway-level interactions
were computed, filtered and visualized to characterize the
intercellular signaling networks.

Single-cell GSEA. To evaluate the activity of a custom
cisplatin resistance-associated gene set at the single-cell level,
tumor epithelial cells were extracted from the GSE229253
single-cell RNA-sequencing dataset and analyzed using the

immune-related GSEA (‘irGSEA’) R package (version 3.3.2;
https://github.com/chuiqin/irGSEA). The custom gene set was
generated from cisplatin resistance-associated genes identi-
fied in the present study and converted into GMT format for
enrichment analysis. The expression matrix was normalized;
highly variable genes were identified and data were scaled
using the ‘Seurat’ R package. Gene set activity in individual
cells was calculated using six scoring methods implemented
in ‘irGSEA’, including AUCell, UCell, Variance-adjusted
Mahalanobis, Single-Cell Signature Explorer, ssGSEA and
singscore. The resulting enrichment scores are visualized as
violin plots to compare the activity of the custom cisplatin
resistance-associated gene set across different tumor epithelial
cell subpopulations.

Copy number variation (CNV) analysis. Single-cell CN Vs were
inferred using the ‘inferCNV’ R package (version 1.18.1) (62).
Raw unique molecular identifier count matrices were extracted
from the Seurat object and gene genomic coordinates were
annotated and ordered using the AnnoProbe R package
(version 0.1.7; https://github.com/shengqh/AnnoProbe),
excluding genes on chromosome (chr)-M, chrX and chrY.
Normal cells were used as the reference group. The inferCNV
object was constructed from the expression matrix, cell anno-
tations and gene order file and CNV inference was performed
with a cut-off of 0.1, denoising enabled and hierarchical clus-
tering using the ward.D2 method. The resulting CN'V profiles
were used to identify malignant epithelial cell populations.

Cell culture. Human LUAD cell line A549 and NSCLC cell
line H1299 were obtained from the American Type Culture
Collection. A549 cells are derived from human LUAD epithe-
lial cells, while H1299 cells are derived from human non-small
cell lung carcinoma lacking p53 expression. A549 cells were
cultured in F-12K medium (cat. no. PM150910; Procell Life
Science & Technology Co., Ltd.) and H1299 cells were main-
tained in RPMI-1640 medium (cat. no. PM150110; Procell Life
Science & Technology Co., Ltd.), both supplemented with 10%
FBS (cat. no. FSD500; Shanghai ExCell Biology, Inc.) and 1%
penicillin-streptomycin. All cells were cultured at 37°C in a
humidified incubator with 5% CO,.

Gene knockdown assays. Gene knockdown was performed
using short hairpin (sh)-RNA expression vectors targeting
human CCT?2. A total of two shRNA sequences targeting
human CCT2 were newly designed and cloned into the
pGPU6-GFP-Neo vector backbone by Shanghai GenePharma
Co., Ltd. A non-targeting shRNA vector was used as the nega-
tive control. Cells were seeded in 6-well plates at 50-60%
confluence and transfected with 2.5 g shRNA plasmid per
well using Hieff Trans™ Booster DNA/RNA Transfection
Reagent (Lipo3000 alternative; cat. no. 40801ES04; Shanghai
Yeasen Biotechnology Co., Ltd.) according to the manufac-
turer's instructions. After 48-72 h, the knockdown efficiency
was assessed by reverse transcription-quantitative PCR
(RT-gqPCR) and western blotting. For RT-qPCR, total RNA was
extracted using TRNzol Universal Reagent (cat. no. DP424;
Tiangen Biotech Co., Ltd.), reverse transcribed according to
the manufacturer's instructions with a Hifair® ITI 1st Strand
cDNA Synthesis SuperMix for qPCR (gDNA digester plus;



Bzl SPANDIDOS
7] ,§, PUBLICATIONS

cat. no. 11141ES10; Shanghai Yeasen Biotechnology Co., Ltd.)
and amplified using Hieff UNICON™ Universal Blue qPCR
Master Mix (SYBR; cat. no. 11184ES03; Shanghai Yeasen
Biotechnology Co., Ltd.). gPCR amplification was performed
on a QuantStudio™ 3 Real-Time PCR System with an initial
denaturation at 95°C for 30 sec, followed by 40 cycles of
95°C for 3 sec and 60°C for 20 sec. Relative gene expression
was normalized to GAPDH and calculated using the 2444
method (63). All shRNA and primer sequences are listed in
the Table SI.

Western blotting. Total protein was extracted from A549 and
H1299 cells using RIPA lysis buffer (Yeasen Biotechnology
Co., Ltd.; cat. no. 20115ES60) and quantified using a BCA
assay. Equal amounts of protein (20 g per lane) were separated
by 12% SDS-PAGE and transferred onto PVDF membranes.
After blocking with 5% skim milk at room temperature for 2 h,
membranes were incubated overnight at 4°C with primary anti-
bodies against CCT2 (cat. no. HA722240; 1:1,000; HUABIO)
and GAPDH (cat. no. ET1601-4; 1:50,000; HUABIO), diluted
in 5% BSA. After washing, membranes were incubated with
HRP-conjugated secondary antibodies (cat. no. HA1001;
1:50,000; HUABIO) at room temperature for 1 h. Protein
bands were visualized using an enhanced chemiluminescence
system (Enhanced Chemiluminescence Detection Kit; Yeasen
Biotechnology Co., Ltd.; cat. no. 36208ES) and quantified
using ImageJ software (version 1.8.0; National Institutes of
Health).

Cell proliferation assay. Cell proliferation was evaluated using
a Cell Counting Kit-8 (CCK-8; cat. no. AC11L054; Heyuan Liji
(Shanghai) Biotechnology Co., Ltd.) assay. Cells were seeded
in 96-well plates at 2x10° cells per well and incubated at 37°C
for the indicated durations. At each time point, 10 ul CCK-8
solution was added to each well and incubated for 2 h. The
absorbance at 450 nm was measured using a microplate reader.
All experiments were performed in triplicate.

Cisplatin treatment and cell viability assay. A549 and
H1299 cells were first transfected with shRNA expression
vectors targeting CCT2 or control shRNA vectors. After
transfection, cells were treated with cisplatin (cat. no. P4394;
Sigma-Aldrich; Merck KGaA) at final concentrations of 20 uM
for A549 cells and 15 uM for H1299 cells at 37°C for 48 h.
Cells were then incubated for 48 h at 37°C in a humidified
atmosphere with 5% CO,. A total of four experimental groups
were included: i) Control; ii) sh-CCT2; iii) cisplatin alone and;
iv) cisplatin combined with sh-CCT2. After treatment, cell
viability was assessed using the CCK-8 assay according to the
manufacturer's instructions.

Molecular docking and molecular dynamics simulation.
Molecular docking of CCT2 was performed using the
Molecular Operating Environment (MOE; https:/www.
chemcomp.com). The crystal structure of human CCT2 was
prepared by removing water molecules, adding hydrogens,
optimizing protonation states and minimizing the protein
with the AMBERI10:EHT force field. Natural-product ligands
were energy-minimized and docked into the predicted binding
pocket using the Triangle Matcher placement method (64) and
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London dG scoring, followed by refinement with Generalized
Born Volume Integral/Weighted Surface Area (GBVI/WSA)
dG scoring function to obtain the optimal binding poses. The
top docking complexes were subsequently subjected to molec-
ular dynamics simulations using GROMACS (https:/www.
gromacs.org). Protein topologies were generated with the
AMBER ff14SB force field and ligand parameters with General
Amber Force Field (GAFF). Each complex was placed in
a Transferable Intermolecular Potential 3-Point (TIP3P)
water box with 0.15 M sodium chloride, energy-minimized,
equilibrated under NVT and NPT conditions and simulated
for 100 ns at 310 K and 1 bar. Trajectories were analyzed for
RMSD, radius of gyration and solvent accessible surface area
to evaluate the dynamic behavior and binding stability of each
ligand-CCT2 complex.

Statistical analysis. Statistical analyses were performed
using GraphPad Prism (version 10.0; Dotmatics). Data are
presented as the mean + SD from at least three independent
biological replicates. Comparisons among multiple groups
were performed using one-way ANOVA tests followed by
Dunnett's or Tukey's multiple comparisons test, as appropriate.
For experiments involving two independent variables, statis-
tical significance was determined using two-way ANOVA
tests followed by Sidak's multiple comparisons test. P<0.05
was considered to indicate a statistically significant difference.

Results

Identification of cisplatin resistance-associated gene signa-
tures in LUAD. First, the transcriptome data of LUAD from
the TCGA-LUAD dataset was downloaded, which included
541 tumor samples and 59 adjacent normal lung tissue
samples. Differential expression analysis [log, fold change
(FC) >1; P<0.05] revealed 3,234 differentially expressed genes
(DEGS), among which 1,229 were upregulated and 2,005 were
downregulated in tumor tissues (Fig. 1A). To further identify
cisplatin resistance-associated genes, the GSE213102 dataset
was retrieved from the GEO database, which contains the
transcriptomic profiles of cisplatin-resistant cell lines (A549,
H1299, 3B1A and H1573). GEO2R analysis with the same
thresholds yielded 1,976 shared DEGs across all the resis-
tant cell lines (Fig. 1B). Univariate Cox regression was then
performed to screen prognostic genes among these candidates
and obtained cisplatin resistance-associated genes from the
GeneCards database. The intersection of upregulated genes,
prognostic risk genes, GeneCards-derived cisplatin resistance
genes and cisplatin resistance-associated DEGs in LUAD
resulted in the identification of a final set of nine cisplatin
resistance-associated genes (Fig. 1C). Gene correlation
analysis using GeneMANIA (https://genemania.org/) revealed
extensive coexpression, physical interactions and colocaliza-
tion among these genes, which were enriched primarily in
BPs such as ‘cell cycle G,/M phase transition’, ‘chromosome
separation’ and ‘regulation of nuclear division’ (Fig. 1D).
Unsupervised consensus clustering based on these nine genes
revealed two robust molecular subtypes, designated C1 and C2
(Fig. 1E). ssGSEA demonstrated that the cisplatin resistance
score was significantly greater in the C1 subtype compared
with the C2 subtype (Fig. 1F). Survival analysis further
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Figure 1. Identification of cisplatin resistance-associated gene signatures and molecular subtypes in LUAD. (A) DEGs between LUAD tumor and normal
tissues in The Cancer Genome Atlas cohort. (B) Venn diagram showing the overlap of DEGs among cisplatin-resistant cell lines from the GSE213102
dataset. (C) Venn diagram illustrating the intersection of upregulated genes in LUAD, prognostic risk genes, GeneCards-derived cisplatin resistance genes
and cisplatin resistance-associated DEGs, yielding nine candidate genes. (D) GeneMANIA network depicting coexpression and functional interactions among
the nine cisplatin resistance-associated genes. (E) Consensus clustering of LUAD samples based on the nine-gene signature, defining two molecular subtypes
(C1 and C2). (F) Comparison of single sample Gene Set Enrichment Analysis-derived cisplatin resistance scores between the two subtypes. ““P<0.0001.
(G) Kaplan-Meier OS analysis of patients stratified by C1 and C2 subtypes. LUAD, lung adenocarcinoma; DEGs, differentially expressed genes; OS, overall
survival; FC, fold change; Up, upregulated; Down, downregulated; Res, resistance.

revealed that patients in the C1 cluster exhibited significantly
worse overall survival compared with those in the C2 cluster
(log-rank test, P<0.001; Fig. 1G).

Genomic and pathway characteristics of cisplatin-resistance
subtypes. To elucidate the differences in gene expression
between the two subtypes, TMB analysis was first performed.
The highly mutated genes included CUB and sushi multiple
domains 3 (CSMD?3), erythrocytic spectrin o 1 and xin actin
binding repeat containing 2 (Fig. 2A). Notably, compared with
the C2 subtype, the C1 subtype exhibited significantly higher
mutation frequencies for TP53, titin and CSMD3 (Fig. 2B).
The present study subsequently investigated differences in
pathway activity between subtypes using GSEA. KEGG-based
GSEA revealed that ‘KEGG cell cycle’, ‘KEGG p53 signaling
pathway’ and ‘KEGG mismatch repair’ were markedly
enriched in the CI1 subtype (Fig. 2C). Consistent with these
findings, a reactome GSEA revealed significant activation of

‘REACTOME DNA repair’, ‘REACTOME transcriptional
regulation by TP53’ and ‘REACTOME Mitotic G,/M phases’
in the C1 subtype (Fig. 2D). These findings suggested that
enhanced genomic instability and checkpoint activation were
key molecular hallmarks of the high-resistance C1 cluster.

Immune landscape differences between cisplatin-resistance
subtypes. Immunological heterogeneity between the two cispl-
atin resistance subtypes was first characterized by comparing
the expression levels of immune checkpoint-associated genes.
The majority of immune checkpoint-associated genes, including
glutamate-cysteine ligase catalytic subunit, twist family
BHLH transcription factor 1 and phorbol-12-myristate-13-ac-
etate-induced protein 1, were significantly upregulated in the
Cl1 subtype relative to the C2 subtype (Fig. 3A). Immune cell
infiltration was then assessed using the CIBERSORT algorithm.
A number of immune cell populations, such as naive B cells,
plasma cells and resting CD4 memory T cells, were found to
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Figure 2. Genomic alterations and pathway enrichment associated with cisplatin resistance subtypes. (A) Somatic mutation landscape and frequently mutated
genes in patients with lung adenocarcinoma. (B) Comparison of mutation frequencies of representative genes between the C1 and C2 subtypes. (C) KEGG-based
GSEA showing enrichment of cell cycle-, p53 signaling- and mismatch repair-associated pathways in the C1 subtype. (D) Reactome-based GSEA indicating
the activation of DNA repair, TP53 regulatory signaling and G,/M checkpoint pathways in the C1 subtype. KEGG, Kyoto Encyclopedia of Genes and Genomes;

GSEA, Gene Set Enrichment Analysis.

be more abundant in the C2 subtype, whereas CD8 T cells
were significantly more abundant in the C1 subtype (Fig. 3B).
Numerous computational algorithms were subsequently applied
to evaluate the correlation between immune infiltration patterns
and cisplatin resistance scores. The resistance score was found
to be positively correlated with that of resting natural killer cells
and follicular helper T cells, indicating an association between
the immunological activation state and the cisplatin resistance
phenotype (Fig. 3C).

Integrated molecular profiling identifies key pathways and
hub genes associated with cisplatin resistance. To investigate

the molecular disparities between the two subtypes, differ-
ential expression analysis was performed (log, FC >0.5;
P<0.05) to identify 2,375 DEGs, including 1,224 upregulated
genes and 1,151 downregulated genes, in the C2 relative to
Cl1 subtype (Fig. 4A). WGCNA was then conducted, with a
soft-thresholding power of 3 (Fig. 4B), resulting in a number
of coexpression modules (Fig. 4C). Module-trait correla-
tion analysis revealed numerous clinically relevant modules
(Fig. 4D), which were selected for downstream analyses. Given
the key role of protein palmitoylation in chemoresistance,
palmitoylation-associated genes were incorporated into the
analysis. An intersection of DEGs, WGCNA-derived module
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Figure 3. Differences in the immune landscape between cisplatin-resistant subtypes. (A) Differential expression of immune checkpoint-associated genes
between the C1 and C2 subtypes. (B) Comparison of immune cell infiltration levels estimated by the CIBERSORT algorithm between the two subtypes.
(C) Correlation analysis between immune cell infiltration patterns and cisplatin resistance scores. "P<0.05, “P<0.01, “"P<0.001. ns, not significant; CIBERSORT,
Cell-type Identification by Estimating Relative Subsets of RNA Transcripts; MCPCOUNTER, Microenvironment Cell Populations-counter; TIMER, Tumor
Immune Estimation Resource.
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Figure 4. Integrated molecular profiling and identification of key pathways and hub genes associated with cisplatin resistance. (A) Volcano plot of genes differ-
entially expressed between the C1 and C2 subtypes. (B) Determination of the soft-thresholding power in WGCNA. (C) Gene coexpression modules identified
by WGCNA. (D) Heatmap showing correlations between gene modules and clinical traits. (E) Venn diagram illustrating the overlap among differentially
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genes, prognostic risk genes and palmitoylation-associated
genes yielded 28 shared genes (Fig. 4E). To elucidate the
biological functions associated with these genes, GO and
KEGG enrichment analyses were performed. GO enrichment
revealed involvement in ‘de novo protein folding’, ‘regulation
of protein localization to Cajal body’, ‘chaperonin-containing
T-complex’ assembly, ‘microtubule’ and ‘protein folding
chaperone’ activity (Fig. 4F). KEGG analysis revealed
significant enrichment of the ‘HIF-1 signaling pathway’ and
‘glycolysis/gluconeogenesis’ (Fig. 4G). PPI analysis using
the STRING database revealed GAPDH, CCT2 and CCT3
as central hub genes within the network (Fig. 4H). Finally,
CMAP (https://clue.io/cmap) analysis identified several

compounds with negative or low connectivity scores, including
ropivacaine, epoxycholesterol, naltrindole and beclometasone
in A549 cells; SR-59230A, dihydrosamidin, talniflumate,
GW-5074, DMBI, cosmosiin and isoeugenol in HCC515 cells;
and BRD-K40269473 in NCI-H2110 cells (Fig. 41).

Identification of key cisplatin-resistance genes using an inte-
grated 101-algorithm machine learning framework. A total of
101 machine learning algorithms were integrated to refine the
expression of cisplatin resistance-associated core genes. The
TCGA cohort was used for model training and the ICGC cohort
was used for external validation. The performance heatmaps
of all the algorithmic models are presented in Fig. 5SA. Among
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Figure 5. Identification of key cisplatin resistance genes using an integrated 101-algorithm machine learning framework. (A) Heatmap showing the predictive
performance of 101 integrated machine learning models in the TCGA training cohort with external validation in the ICGC cohort. (B) Kaplan-Meier survival
curves based on risk scores derived from the optimal StepCox (forward) + CoxBoost model in the training and validation datasets. (C) Expression patterns
and prognostic significance of the five-gene signature (CCT2, CCT3, CCT5, CCT6A and CENPK) in LUAD. "P<0.05. TCGA, The Cancer Genome Atlas;
TPM, transcripts per million; LUAD, lung adenocarcinoma; ICGC, International Cancer Genome Consortium; CCT, chaperonin-containing TCP-1; CENPK,

centromere protein K.

all combinations, the StepCox (forward) + CoxBoost model
demonstrated the highest predictive accuracy. Survival curves
generated from both the training and validation datasets, on the
basis of the model-derived risk scores, consistently revealed
significant prognostic stratification (Fig. 5B). This optimized
model identified five key genes, CCT2, CCT3, CCTS5, CCT6A
and centromere protein K (CENPK), as the most robust

predictors. All five genes were markedly upregulated in LUAD
tissues compared with normal lung tissues and patients with
high expression of these genes exhibited significantly poorer
overall survival compared with those with low expression
levels (Fig. 5C). These findings suggested that the five-gene
signature served a key role in mediating cisplatin resistance
and may serve as a potent biomarker panel for risk assessment.



DOS

DI .
Beleain D188 ) ONCOLOGY LETTERS 32: 481, 2026 11
A Cell type B kTl N N ; N e C Interaction weights/strength
. . BINK] * ¢+ e e
?‘ ‘ ) con] o @ o . ° . ‘Stromal cell
10 Tadmomie: . (25 L * | Percent expressed
= N > N ADAM19 [ S
: © Epithelial cell PTPRC e - - e . ; 25
5 ity © Macrophage PECAM1 e - @ - - o g ?g
¥ .. e R
N ¥ @ Stromal cell VWF
g @ Endothelial cell FAP B . . . o | Average expressed
E . ’ o Teel COLS5A1 e : 2
. ® Bell LYz . . . . 1
- © Mast cell coegy - e - - ' 0
e CD1631 - . . . . -1
-5 EPCAM{ * - -+ - o
KRT191{ o - - - -
MUCI{ ¢ - - - o .
-10 0 10 T % % % S OZ
T &8 8 3 F @ B
umap 1 3 § £ 3 g
a »n °
D =73
ccT2 ccT3 CTS CCTéA
10] 10
Densiy | Density 5 Density
0025 o °| « |t 03
1
* Igga% o # foo o » fo
00
s -5
Res
G 0.2
| | ‘ AUCell
0.2
Ucell
Cluster
R VAM 0
§ E !
3 3 04 2
© @ scSE
s 4
2 JL | L1 :
6000
é ‘ ssgsea
—10 ”
0.4
5 10 !
00 25 50 75 100 125 | | singscore
Average log, fold-change =
1

CCT3 CCTs

Densiy
10,009

0.0068
0.003

umap 2

CCT6A

Densily

Hooos S
3
Io,ooﬁ £
5

0003 O

umap 2

umap 1

umap 1

umap 1

Figure 6. Single-cell transcriptomic profiling revealed enrichment of cisplatin resistance-associated core genes in epithelial cells. (A) UMAP visualiza-
tion of key cell populations in lung cancer single cell RNA-sequencing data (GSE229253). (B) Canonical marker gene expression for annotated cell types.
(C) Cell-cell communication networks inferred by CellChat. (D) Distribution of core gene expression across key cell populations. (E) UMAP of epithelial
cell subclusters. (F) Marker gene signatures defining epithelial cell subpopulations. (G) Immune-related Gene Set Enrichment Analysis-based enrichment
of cisplatin resistance gene signatures across epithelial subclusters. (H) Expression patterns of the five core genes across epithelial subclusters, highlighting
enrichment in cisplatin-resistant populations. CCT, chaperonin-containing TCP-1; CENPK, centromere protein K; UMAP, Uniform Manifold Approximation
and Projection; VAM, Variance-adjusted Mahalanobis; SCSE, Single-Cell Signature Explorer; ssGSEA, single sample Gene Set Enrichment Analysis.

Notably, numerous members of the CCT family (CCT2,CCT3,
CCT5 and CCT6A) were consistently identified, suggesting
that the CCT family may serve a broader and coordinated role
in cisplatin resistance. Among these, CCT2 exhibited the most
significant prognostic association, as it exhibited the smallest
log-rank P-value in Kaplan-Meier survival analysis (Fig. 5C)
and patients with high CCT2 expression demonstrated signifi-
cantly worse overall survival, which led it to be prioritized for
further investigation.

Single-celltranscriptomicprofilingrevealsthe celltype-specific
distribution and cisplatin resistance enrichment of core genes.
Single-cell RNA-seq data from lung cancer samples retrieved

from the GEO database (GSE229253) were used to explore the
cellular origin and functional heterogeneity of the core genes
at single-cell resolution. Dimensional reduction and clustering
revealed key cell populations, including epithelial cells,
macrophages, endothelial cells, T cells and B cells (Fig. 6A),
with representative marker genes for each lineage displayed
in Fig. 6B. Cell-cell communication networks inferred using
CellChat revealed extensive intercellular interactions across
these cell types (Fig. 6C). Visualization of core gene expres-
sion across cell populations demonstrated that CCT2, CCT3,
CCT5 and CCT6A were predominantly enriched in epithelial
cells (Fig. 6D). Further reclustering of epithelial cells revealed
six distinct epithelial cell subpopulations, each characterized
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by unique marker gene signatures (Fig. 6F). According to the
results of the IRGSEA for resistance gene-set enrichment,
subclusters 0 and 5 exhibited strong enrichment for cisplatin
resistance signatures across numerous algorithms (Fig. 6G).
Finally, mapping the five core genes onto epithelial subclusters
demonstrated that CCT2, CCT3, CCT5 and CCT6A were
significantly enriched in both cisplatin-resistant subclusters
0 and 5, whereas CENPK expression was predominantly
enriched in subcluster 5 (Fig. 6H). These findings highlighted
specific epithelial cell subpopulations as the principal cellular
reservoirs of cisplatin resistance-associated gene activation.

Single-cell functional characterization of CCT?2 in epithelial
subclusters. GSVA across six epithelial subclusters revealed
distinct biological functions of CCT2, with subcluster 0
exhibiting significant enrichment of genes associated with
oncogenic and proliferative pathways, including genes associ-
ated with ‘KRAS signaling up’, “Wnt beta-catenin signaling’
and ‘cell cycle’ (Figs. 7A and S1). RNA velocity analysis
further demonstrated a directional flow from subcluster O
toward other epithelial subclusters, suggesting that subcluster
0 may represent a transcriptionally active and developmental

origin state (Fig. 7B). On the basis of the IRGSEA-derived
drug resistance signatures, the epithelial cells were stratified
into high- and low-resistance groups. Cell cycle phase scoring
indicated that, compared with the low-resistance group, the
high-resistance group exhibited a markedly higher proportion
of proliferating cells (S and G,/M phases; Fig. 7C). Cell-cell
communication analysis revealed that the high-resistance
epithelial cell population exhibited stronger interactions with
endothelial cells and mast cells compared with the low-resis-
tance population, as indicated by the increased interaction
strength in the communication network (Fig. 7D). Consistently,
ligand-receptor analysis identified a greater number of signifi-
cant interactions between these cell populations, including
representative ligand-receptor pairs such as semaphorin-3C
(SEMA3C)-[neuropilin (NRP)-2 + plexin-A2 (PLXNAZ2)],
SEMA3C-(NRP1 + PLXNA?2), SEMA3C-(NRP1 + NRP2),
cell adhesion molecule 1 (CADM1)-CADMI1 and amphireg-
ulin (AREG)-EGFR, among others (Fig. S2). CNV profiling
further demonstrated increased chromosomal instability in the
resistant epithelial population (Fig. 7E). To clarify the contri-
bution of CCT2 expression, epithelial cells were separately
analyzed according to their CCT2 expression level. High-CCT2
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Figure 8. Experimental validation of the function of CCT2 in cisplatin resistance in lung cancer cells. (A) Quantitative PCR validation of the knockdown
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optical density.

epithelial cells exhibited stronger interactions with endothelial
cells and mast cells compared with low-CCT?2 epithelial cells,
as indicated by increased interaction strength in the commu-
nication network (Fig. 7F). Consistently, ligand-receptor
analysis revealed a greater number of significant interactions
between high-CCT2 epithelial cells and these cell popula-
tions, including representative ligand-receptor pairs such as
SEMA3C-(NRP1 + PLXNA2), SEMA3C-(NRP1 + NRP2),
secretoglobin family 3A member 2-macrophage receptor with
collagenous structure, CADM1-CADMI and AREG-EGFR,
among others (Fig. S3). Consistent with the resistance-associ-
ated cell population, CCT2-high epithelial cells also exhibited
a higher proportion of proliferating cells (S and G,/M phases;
Fig. 7G). In addition, CNV analysis showed greater genomic
alterations in the high-CCT2 subgroup (Fig. 7H), collectively
indicating that CCT2 upregulation was associated with
proliferative activity, enhanced cellular communication and
genomic instability within epithelial tumor cells.

Experimental validation of CCT2 function in cisplatin resis-
tance. Functional roles of CCT2 were next validated in the
cell lines A549 and NCI-H1299, respectively. A total of two
shRNA expression constructs targeting CCT2 were transfected
into both cell lines and gPCR determined the efficient knock-
down by sh-CCT2-1 and sh-CCT2-2 (Fig. 8A; n=3; P<0.05).
Western blotting analysis demonstrated that CCT2-targeting
shRNA vectors effectively reduced CCT2 protein expression

in A549 and NCI-H1299 cells (Fig. 8B; n=3; P<0.05). Cell
proliferation assessed by CCK-8 assays at 24 and 48 h revealed
that CCT2 depletion significantly reduced the proliferative
capacity of both A549 and NCI-H1299 cells (Fig. 8C; n=5;
P<0.05). To further evaluate whether CCT2 influences the
cellular response to cisplatin, cells were treated with cisplatin
following CCT2 knockdown. Cisplatin alone significantly
suppressed cell viability, whereas combined treatment with
cisplatin and CCT?2 silencing resulted in a notably greater
reduction in cell viability (Fig. 8D; n=5; P<0.05). Compared
with cisplatin treatment alone, CCT2 knockdown further
enhanced the inhibitory effect of cisplatin on cell viability,
indicating that depletion of CCT2 increased the sensitivity
of lung cancer cells to cisplatin. These findings indicated that
CCT?2 promoted lung cancer cell proliferation and modulated
the sensitivity of lung cancer cells to cisplatin.

Ildentification of potential therapeutic compounds
targeting CCT2. Molecular docking was performed using
a natural-product compound library within the MOE plat-
form to identify potential inhibitors of CCT2. A number of
compounds, including deslanoside (-11.9 kcal/mol; Fig. 9A),
digitoxin (-10.7 kcal/mol; Fig. 9B), lanatoside C (-11.8 kcal/mol;
Fig. 9C), lecithin (-11.7 kcal/mol; Fig. 9D) and thymopentin
(-10.9 kcal/mol; Fig. 9E), demonstrated strong binding affini-
ties. Subsequent molecular dynamics simulations revealed
stable RMSD, radius of gyration and solvent-accessible surface
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Figure 9. Identification of potential therapeutic compounds targeting CCT2. (A) Deslanoside, (B) digitoxin, (C) lanatoside C, (D) lecithin and (E) thymo-
pentin. Molecular docking conformations and corresponding molecular dynamics simulation results with CCT2, including RMSD, Rg and SASA, indicating
stable ligand-CCT?2 interactions. CCT, chaperonin-containing TCP-1; RMSD, root mean square deviation; Rg, radius of gyration; SASA, solvent-accessible

surface area.

area profiles for each ligand-protein complex, indicating
stable binding conformations. These results suggested that the
identified compounds may serve as promising candidates for
targeting CCT?2 in future therapeutic development.

Discussion

Despite marked advances in the treatment of LUAD, including
targeted therapies, immunotherapy and emerging metabo-
lism-oriented strategies, cisplatin-based chemotherapy remains
a cornerstone of clinical management, particularly for patients
without actionable driver mutations or those who are refrac-
tory to targeted and immunotherapeutic approaches (65-69).

Although cisplatin-based chemotherapy provides substantial
clinical benefit, its efficacy is often constrained by the devel-
opment of adaptive resistance, including the emergence of
resistant tumor cell populations with enhanced DNA damage
repair capacity and altered apoptotic responses following cispl-
atin exposure (70,71). In particular, the efficacy of cisplatin is
frequently undermined by the rapid development of acquired
resistance, which is associated with alterations in DNA damage
responses, cell cycle control, metabolic reprogramming and the
tumor microenvironment (72-74). In routine clinical practice,
the management of cisplatin resistance still relies largely on
empirical combination therapies or treatment switching rather
than mechanism-driven interventions, reflecting the lack of
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robust molecular markers and validated therapeutic targets
specific to cisplatin resistance in LUAD. Collectively, these
difficulties underscore the need to systematically elucidate the
molecular and cellular basis of cisplatin resistance to develop
more precise and durable therapeutic strategies.

In the context of the clinical challenge of overcoming
cisplatin resistance in LUAD, previous efforts have focused
on identifying molecular determinants that underlie differ-
ential treatment responses. A number of genes and pathways,
including TP53 signaling, cell cycle regulators and glycolytic
pathways, have been implicated, yet their prognostic and thera-
peutic relevance remains unclear across cohorts (75-77). The
present study systematically integrated bulk and single-cell
transcriptomic data to define cisplatin resistance-associated
molecular subtypes in LUAD. The present findings not
only corroborate the enrichment of cell cycle- and DNA
repair-associated pathways in resistant tumors but also reveal
distinct immune infiltration patterns and notable cellular
heterogeneity associated with resistance phenotypes. Notably,
through machine learning-based feature selection, a robust core
gene signature with both prognostic relevance and biological
relevance was refined, offering a complementary approach to
previous studies and enabling more comprehensive candidate
gene identification and prognostic evaluation (78-80).

Notably, the present study highlights the CCT gene
family, particularly CCT2, as key regulators of cisplatin
resistance. The chaperonin-containing TCP-1 (CCT/TRiC)
complex is essential for protein folding, cytoskeletal orga-
nization and cell cycle control, processes that are closely
associated with tumor cell proliferation and stress adap-
tation (81-83). Emerging evidence has suggested that
posttranslational modifications, including palmitoylation,
modulate protein stability and signaling dynamics in cancer
cells (84). By integrating palmitoylation-associated genes
obtained from the GeneCards database with the present
cisplatin resistance-associated gene sets, CCT2 was identi-
fied as a candidate gene of interest. In the present study,
CCT2 was predominantly enriched in cisplatin-resistant
epithelial cell subpopulation. In addition, CCT2-high
epithelial cells exhibited a higher proportion of proliferating
cells (S and G,/M phases) and stronger interactions with
endothelial cells and mast cells compared with CCT2-low
epithelial cells, as indicated by increased communication
strength in the network analysis and a greater number of
ligand-receptor interactions/Functional validation further
demonstrated that CCT2 knockdown enhanced the inhibi-
tory effect of cisplatin on cell viability, suggesting that CCT2
depletion sensitizes lung cancer cells to cisplatin. Based on
previous studies demonstrating the involvement of CCT2 in
chaperonin-mediated protein folding and cell cycle regula-
tion (85,86), it was speculated that CCT2 may contribute to
cisplatin resistance by promoting tumor cell adaptation to
chemotherapeutic stress. Previous studies have demonstrated
that dysregulated G,/M checkpoint progression and chaper-
onin-mediated proteostasis contribute notably to cisplatin
resistance and tumor stress adaptation (87,88). In ovarian
cancer, anlotinib reversed cisplatin resistance by inducing
G,/M arrest and apoptosis through the aurora kinase A/p53
pathway, highlighting the importance of cell cycle dysregu-
lation in platinum resistance (87). In addition, CCT3 was
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upregulated in cisplatin-resistant LUAD cells, whereas CCT3
knockdown induced G,/M arrest and apoptosis and restored
cisplatin sensitivity through inhibition of the JAK2/STAT3
pathway (88).

In summary, the present study provides a comprehensive
framework for understanding cisplatin resistance in LUAD
through the integration of molecular subtyping, immune
profiling, machine learning and experimental validation. The
identification of CCT2 as a key resistance-associated gene
offers new insights into the role of chaperonin-mediated regu-
lation in chemotherapy resistance. Despite this, a number of
limitations should be acknowledged. First, although the present
integrative analyses and experimental validation suggest
that CCT?2 is associated with cisplatin resistance, the precise
molecular mechanisms underlying its function, particularly
its roles in protein folding and cell cycle regulation, require
further in-depth investigation. Notably, future studies should
include pathway-specific functional assays to directly deter-
mine whether CCT2 regulates these BPs. In addition, future
studies should include CCT?2 overexpression and rescue experi-
ments (such as CCT?2 re-expression following knockdown) to
further establish the causal role of CCT2 in cisplatin resistance
and determine whether CCT?2 overexpression attenuates cispl-
atin-induced growth inhibition. Second, the present study was
primarily based on public datasets and in vitro experiments and
thus lacks validation in large-scale clinical cohorts and in vivo
models. Therefore, the clinical predictive value and therapeutic
potential of CCT2 need to be further determined in prospective
studies. Third, although potential compounds targeting CCT2
have been identified through molecular docking, their biolog-
ical efficacy and safety remain to be experimentally validated.
Collectively, the present study provides a foundation for future
mechanistic and translational studies aimed at overcoming
cisplatin resistance in LUAD.

In conclusion, the present study systematically eluci-
dated the molecular landscape of cisplatin resistance in
LUAD through integrated multiomics analyses, machine
learning-based modeling and experimental validation. A
total of two distinct cisplatin resistance-associated molecular
subtypes with significantly different prognoses, immune
infiltration patterns and genomic alteration profiles were
identified. By combining differential expression analysis,
WGCNA, palmitoylation-associated gene sets and large-scale
machine learning screening, the present study established a
robust five-gene signature and highlighted CCT2 as a key
regulator of cisplatin resistance. Single-cell analyses further
revealed that CCT2 is preferentially enriched in resistant
epithelial cell subpopulations and is associated with enhanced
cell cycle activity, increased intercellular communication
and genomic instability. Functional assays demonstrated that
CCT?2 knockdown significantly suppressed tumor cell prolif-
eration and sensitized LUAD cells to cisplatin treatment. In
addition, molecular docking and molecular dynamics simula-
tions revealed a number of candidate compounds with stable
binding to CCT2, suggesting potential therapeutic avenues.
Collectively, the present findings provide novel insights into
the mechanisms underlying cisplatin resistance in LUAD and
identified CCT2 as a promising biomarker and therapeutic
target, thereby offering a potential strategy for improving
treatment efficacy and patient outcomes.
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