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Abstract

Background CDST cells, also known as cytotoxic T lymphocytes, play a key role in the tumor immune microenvironment
(TME) and immune response. The aim of this study was to explore the potential role of CD8T cell-associated biomarkers
in predicting prognosis and immunotherapy efficacy in ovarian cancer.

Methods The single-cell sequencing data from the EMTAB8107 cohort were used to identify CD8 T-cell subtypes. The
TCGA-OV cohort was involved in constructing a machine learning-based CD8T cell-associated index (CCAI). Addition-
ally, independent ovarian cancer cohorts GSE26712 and GSE26193 were used to validate the predictive validity of CCAI.
Multifactorial Cox regression and ROC analysis were applied to assess CCAl. The STRING database was used to clarify the
interactions of CD8 T-cell-associated molecules. Furthermore, immune landscape analysis was performed using CIBER-
SORT, ssGSEA, TIMER, and ESTIMATE algorithms. Tumor mutation burden (TMB) analysis and drug sensitivity analysis
were used to evaluate the potential predictive value of CCAI.

Results The CCAI, comprising LRP1, PLAUR, OGN, TAP1, ISG20, CXCR4, IL2RG, LCK, and CD3G, serves as a reliable prognos-
tic marker for ovarian cancer patients, demonstrating robust predictive accuracy across various patient cohorts. Notably,
individuals with low CCAI tend to exhibit immunoinflammatory tumor characteristics.

Conclusions The developed CCAl serves as a promising prognostic biomarker for ovarian cancer, accurately predicting
patient outcomes. Additionally, it differentiates between patients with distinct immune landscape profiles. This insight
enables personalized treatment strategies and facilitates the exploration of underlying mechanisms involving CCAI-
related molecules.
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1 Introduction

Ovarian cancer (OC) ranks third among gynecological cancers, following cervical and uterine corpus cancers, yet it
has the second highest mortality rate [1]. While early-stage cases generally have a favorable prognosis, most patients
are diagnosed in advanced stages [2, 3]. Although many patients achieve remission with surgery and platinum-based
chemotherapy, a significant number die due to platinum resistance and disease progression, with a 5-year survival
rate of less than 50% [4]. Unfortunately, reliable biomarkers for predicting ovarian cancer prognosis are still lacking.
Therefore, there is an urgent need to identify more informative diagnostic and prognostic factors for OC.

Emerging evidence suggests that OC is immunogenic, making it susceptible to recognition by the host immune
system [5]. The dynamic interaction between the immune system and cancer cells plays a pivotal role in tumor pro-
gression. As a result, significant efforts have been directed toward identifying and characterizing tumor infiltrating
lymphocytes (TILs) in ovarian cancer over recent years [6, 7]. CD8T cells, also known as cytotoxic T lymphocytes, are a
crucial subtype of TILs integral to the immune response [8, 9]. Their interaction with antigen-presenting cells involves
recognizing and binding to major histocompatibility complex | molecules, leading to the activation of CD8T cells [10,
11]. CD8 T lymphocytes have the ability to kill OC cells in tumour immune microenvironment (TIME), and their infiltra-
tion levels correlate with patient survival [12]. Furthermore, CD8T cells interact with tumor cells and other TILs in the
TIME, influencing cancer evolution and the efficacy of anti-tumor drugs [13]. Understanding the unique role of CD8
T cells in evaluating outcomes and immune landscape in OC is crucial for uncovering reliable predictive biomarkers.

Recent advancements in high-throughput sequencing data across diverse cancers, combined with the evolution
of bioinformatics technologies, have greatly facilitated the identification of crucial targets and novel predictive bio-
markers [14-16]. In this study, we conducted a comprehensive analysis of CD8 T cell-associated prognostic markers
to predict OC clinical outcomes and immune landscape. Our findings provide valuable insights into the potential
roles of CD8T cell-related molecules in OC progression and immune regulation.

2 Materials and methods
2.1 Data sources

Transcriptome datasets, nucleotide variation data, and corresponding clinical information for patients with ovarian
cancer were retrieved from the TCGA-OV cohort (https://portal.gdc.cancer.gov/repository). A total of 587 patients
with both transcriptomic and survival data were included in the subsequent analysis, with their clinicopathological
parameters summarized in Table 1. The ovarian cancer cohorts GSE26712 and GSE26193 from the GEO database
(https://www.ncbi.nlm.nih.gov/) were utilized as validation cohorts. Single-cell sequencing data matrices and cell
marker annotations for the EMTAB8107 cohort were retrieved from TISCH Dataset Browser (http://tisch.comp-genom
ics.org/) [17]. Immunohistochemical images of index-associated genes in OC tissues were extracted from the HPA
database (https://www.proteinatlas.org) (Table S1) [18]. Tumor-infiltrating immune cells data were extracted from
the TIMER platform (http://timer.comp-genomics.org/) [19], while immunological gene sets were acquired from the
ImmPort Immunological Data Platform (https://www.immport.org/home) [20].

2.2 Extraction of CD8T cell-related differentially expressed genes

R (version 4.2.2) was employed to extract differentially expressed genes (DEGs) between CD8T cells in the EMTAB8107
cohort and other cells (Fold Change > 1.5, Adjusted-P < 0.05). The R packages "VennDiagram" and "ggplot2" were
used to analyze the intersection of DEGs with immune-related genes and to construct a Venn diagram. The STRING
Data Resource (https://cn.string-db.org/) was utilised to generate a network of interactions among the intersecting
genes, and neighboring nodes were ranked based on their interactions.
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Tab!e 1 CIi.nicopathoIogicaI Clinicopathological indicators Type TCGA-OV
indicators in TCGA-OV cohort cohort
(n=587)
Age <60 326 (55.54%)
>60 261 (44.46%)
Grade G1 6 (1.02%)
G2 69 (11.76%)
G3 495 (84.33%)
Not available 17 (2.89%)
TNM-Stage Stage | 17 (2.89%)
Stagelll 30(5.11%)
Stage lll 446 (76.00%)
Stage IV 89 (15.16%)
Not available 5(0.85%)
Survival status Alive 236 (40.20%)
Deceased 350 (59.62%)
Not available 1(0.17%)
Pathological type Serous cystadenocarcinoma 578 (98.47%)
Serous surface papillary carcinoma 2 (0.34%)
Papillary serous cystadenocarcinoma 4 (0.68%)
Not available 3(0.51%)

2.3 Development of a CD8T cell associated index (CCAI) in OC

The R "limma" was used to merge transcriptomic and survival data for subsequent analyses. The "survival" and
"survminer" packages were employed to perform univariate Cox regression, identifying DEGs associated with OC
prognosis in the TCGA-OV cohort. Subsequently, the Least Absolute Shrinkage and Selection Operator (LASSO) was
applied to shrink unimportant regression coefficients to zero, thereby excluding variables and selecting the DEGs
for constructing the CCAIL. The Kaplan-Meier (K-M) method was used to assess the impact of CCAl-related genes on
ovarian cancer survival. CCAl scores for patients in the TCGA-OV cohort were calculated based on the regression coef-
ficients and expression values of the DEGs in the CCAI. Finally, patients in TCGA cohort were classified into high- and
low-CCAl subgroups based on the median CCAl score.

2.4 Verification and assessment of CCAl in OC

The K-M method was applied to the TCGA cohort for survival validation to determine survival differences in risk-stratified
populations based on the CCAI. The "pheatmap" was used to visualize the expression of CCAl-associated genes in dis-
tinct risk subgroups. To further clarify the predictive validity of the CCAFI, the K-M method was also applied to survival
analyses of the validation cohorts GSE26712 and GSE26193. Multivariate Cox regression was then utilised to assess the
impact of the CCAl and key clinical parameters on ovarian cancer prognosis. Finally, receiver operating characteristic

(ROCQ) analysis was conducted to evaluate the predictive stability of the CCAI, with the "tidyverse", "colorBrewer", "grid",
and "ggplot2" packages employed for the ROC analysis and visualization of the curves.

2.5 Construction of a CCAl-based nomogram
Cox regression revealed that the CCAl and age were independent prognostic variables for OC. These two variables were
then used to develop a nomogram to better predict patient clinical outcomes. The R packages "regplot’, "rms" and

"survival" were utilized for the development and visualization of the nomograms. Moreover, calibration curves were
employed to assess the accuracy of the predicted results.
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2.6 CCAl-based enrichment analysis in OC

The R packages "enrichplot”, "DOSE", "limma", "org.Hs.eg.db" and "clusterProfiler" were used to perform GSEA to
identify functions and pathways enriched in high- and low-risk populations [21]. Subsequently, the "limma" package
was performed to identify DEGs (Fold Change > 2, FDR < 0.05) between the two stratified populations. Gene Ontology
(GO) analysis and KEGG enrichment analysis were then performed on these DEGs. Furthermore, Spearman correlation
analysis was used to explore the relationships between CCAl-related genes and key KEGG signaling pathways, with
visualization performed using the "limma", "GSVA", "GSEABase", "reshape2" and "ggplot2" packages.

2.7 CCAl-based TIME analysis in 0C

The TIMER platform estimates the degree of immune cells infiltration in tumours using various algorithms [19]. Based
on the immune cell data matrix retrieved from the TIMER, we analysed the correlation between CCAI scores and
immune cells infiltration using Spearman correlation analysis. The R packages "ggtext", "tidyverse", "ggplot2", "scales'
and "ggpubr" were employed for the Spearman analysis and for creating correlation bubble plots and scatter plots.
Additionally, the CIBERSORT algorithm was used to estimate the relative proportions of 22 immune cell types in the
TCGA-OV set and to analyse differences in immune cell infiltration between the two risk subgroups. Furthermore,
R package "ESTIMATE" was used to perform the ESTIMATE analysis to assess the level of immune and stromal cell
infiltration in the tumor tissue, and to calculate immune and stromal cell scores for each sample [22]. The R package
"ggpubr" was also employed to analyse the variability of these scores across different CCAl subgroups. Moreover,
the "GSEABase" and "GSVA" packages were used in the single-sample GSEA (ssGSEA) algorithm to quantify immune
cell infiltration, estimate immune function and immune cell scores, and analysis the variability of ssGSEA results
between the different CCAl subgroups.

In the evolution of oncology research, immune checkpoints (ICs) and immune checkpoint inhibitors (ICls) have
become crucial components of anti-tumor therapy [23]. However, the efficacy of ICls varies significantly across
patients, highlighting the importance of distinguishing between different immune subgroups. In this study, we
systematically analyzed the expression of ICs between two risk subgroups.

non "
’

2.8 CCAl-based tumor mutation burden (TMB) analysis

By downloading the nucleotide variation data from the TCGA-OV cohort and using Perl scripts, we calculated the
TMB values for each sample. Based on the median TMB value, patients were divided into high and low TMB groups.
Survival differences between the high and low TMB subgroups were then analyzed using the K-M method. Addition-
ally, TMB values were compared between the high and low CCAI score subgroups, and the expression of CCAl-related
genes in these TMB subgroups was also analyzed.

2.9 CCAl-based drug sensitivity analysis
The ‘pRRophetic’ R package predicts tumor responses to various anticancer drugs based on gene expression levels
[24]. We applied the 'pRRophetic’ package to assess the correlation between CCAl scores and the IC50 values of dif-

ferent anticancer drugs in the TCGA-OC cohort, evaluating the potential significance of CCAl in guiding clinical drug
therapy.

3 Results
3.1 Identification of CAFsin OV
The EMTAB8107 cohort includes single-cell sequencing data from tumor tissue of 5 ovarian cancer patients (Fig. 1A).

Based on classical cell marker annotations, the EMTAB8107 cohort identified eight distinct cell categories (Fig. 1B, C),
with CD8T cells comprising a proportion second only to fibroblasts, malignant cells, and monocyte macrophages
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Fig. 1 Identification of CD8T cell in OC. A The EMTAB8107 cohort includes single-cell sequencing data from five patients with OC. B, C The
EMTAB8107 cohort identified eight cell categories based on classical cell marker annotations. D Pie chart showing the proportions of the
eight cell types. E The EMTAB8107 cohort identified 17 cell clusters based on machine learning algorithm. F Correlation showing the rela-
tionships between CD8 T cells and other cell clusters

(Fig. 1D). Additionally, the machine learning algorithm t-distributed stochastic neighbour embedding identified
17 cell clusters, with CD8 T cells predominantly belonging to cluster 0 (Fig. 1E). The network map revealed strong
connections between CD8 T cells and clusters of malignant cells, monocyte macrophages and fibroblasts (Fig. 1F).
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Table2 Cox regression Gene Hazard ratio (HR) HR.95L HR95H P-value

analysis of IRGs differentially

expressed in CD8T cells HLA-F 0.894 0.803 0.994 0.039
TAP1 0.898 0.820 0.985 0.022
1SG20 0.845 0.754 0.946 0.004
LRP1 1.163 1.027 1.317 0.017
CXCR4 0.883 0.793 0.984 0.025
IGKC 0.962 0.927 0.997 0.035
PLAUR 1.141 1.005 1.295 0.041
OGN 1.114 1.028 1.207 0.008
IL2RG 0.869 0.789 0.956 0.004
LCK 0.864 0.755 0.989 0.034
SH2D1A 0.769 0.608 0.973 0.028
GZMB 0.892 0.811 0.982 0.020
CD3D 0.885 0.805 0.974 0.012
CD3E 0.905 0.820 0.998 0.046
CD3G 0.768 0.640 0.920 0.004
TRAC 0.911 0.839 0.989 0.026
TRBC1 0.907 0.840 0.979 0.013
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A
P-value
HLA-F 0.039
TAP1 0.022
ISG20 0.004
LRP1 0.017
CXCR4 0.025
IGKC 0.035
PLAUR 0.041
OGN 0.008
IL2RG 0.004
LCK 0.034
SH2D1A 0.028
GZMB 0.020
CD3D 0.012
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CD3G 0.004
TRAC 0.026
TRBC1 0.013
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Fig.3 Construction of the CCAl in OC. A Univariate Cox identified 17 IRGs significantly associated with disease HR in OC patients. B, C LASSO

regression identifies genes for constructing the CCAI

Table 3 CDS8T cell-related

index for ovarian cancer

Index factor Coefficient Association with outcome

TAP1 —0.004648235 Associated with better outcome
1SG20 —0.107240807 Associated with better outcome
LRP1 0.015253703 Associated with poorer outcome
CXCR4 —0.094351506 Associated with better outcome
PLAUR 0.189890158 Associated with poorer outcome
OGN 0.041441964 Associated with poorer outcome
IL2RG —0.10531695 Associated with better outcome
LCK —0.004777555 Associated with better outcome
CD3G —0.072098181 Associated with better outcome

3.2 CD8T cell-associated DEGs in OC

We identified 458 genes that were differentially expressed between CD8T cells and other cell types. These genes were
intersected with the ImmPort database of immune-related genes (IRGs), resulting in 116 immune-associated DEGs
(Fig. 2A). These 116 genes were identified as IRGs differentially expressed in CD8T cells. Protein—protein interaction
(PPI) analysis revealed the interactions of these 116 IRGs (Fig. 2B), and the neighbourhood node ordering map of
these genes is shown in Fig. 2C.
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Fig. 4 CCAl-associated genes in OC. A K-M survival curves for the nine CCAl-associated genes in the TCGA-OV cohort. B Expression of the
nine CCAl-related genes in CD8T cells of the EMTAB8107 cohort

3.3 Construction of the CCAI

The univariate Cox regression for 166 IRGs differentially expressed in CD8T cells identified 17 IRGs significantly associ-
ated with the disease Hazard Ratio (HR) in OC patients (P <0.05) (Table 2), including 3 genes associated with poorer
outcomes and 14 genes associated with better outcomes (Fig. 3A). Subsequently, we performed LASSO regression
analyses (Fig. 3B,C) to optimize model fitting and ensure the constructed CCAl had good generalizability. Finally,
LASSO identified 9 IRGs for CCAI construction (Table 3). Based on the LASSO regression coefficients and the expres-
sion values of the IRGs, the CCAl score for each patient was calculatedas follows: CCAI (score) =LRP1%*(0.015253703
)+ PLAUR*0.189890158) + OGN*(0.041441964) — TAP1*(0.004648235) — 1SG20%(0.107240807) — CXCR4*(0.09435150
6) — IL2RG*(0.10531695) — LCK*(0.004777555) — CD3G*(0.072098181).
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Fig.5 Verification of CCAI. A K-M survival curves based on CCAl in the training set. B Expression of CCAl-related genes in the training cohort.
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tion cohorts

3.4 CCAl-related

genes in OC

K-M analysis showed that high expression of TAP1, ISG20, CXCR4, IL2RG, LCK and CD3G in the CCAIl was associated
with better prognosis in OC, whereas high expression of LRP1, PLAUR and OGN was associated with poorer prognosis
(Fig. 4A). Furthermore, Fig. 4B shows the expression of the nine CCAl-related genes in CD8T cells of the EMTAB8107
cohort. The combined expression violin plot indicated that CXCR4, IL2RG and LCK were highly expressed in CD8 T
cells, while LRP1, PLAUR and OGN were expressed at lower levels in these cells (Figure S1). Figure S2A-G presents the
immunohistochemical images of CCAl-related genes in OC tumor tissues from the HPA database.
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Fig.6 Evaluation of CCAl and CCAIl-based nomogram. A Multivariate Cox of CCAI scores and clinical parameters. B ROC curves for CCAI at
2, 3,and 5 years. € Nomogram for predicting survival in OC patients based on CCAIl score and age. D Calibration curves for the nomogram

3.5 Verification of the validity of CCAl in predicting OC prognosis

K-M analysis demonstrated that patients in the low-CCAIl group had significantly better survival compared to those
in the high-CCAI group based on the CCAl score in the training set (P <0.001) (Fig. 5A). Additionally, the heatmap
revealed that LRP1, PLAUR, and OGN were highly expressed in the high-CCAI group, while the remaining six CCAI-
related genes exhibited lower expression (Fig. 5B). Moreover, the proportion of patients who experienced mortality
increased with higher CCAI scores (Fig. 5C, D). Further validation in independent cohorts showed that the survival
rates of low-CCAl individuals in the GSE26712 (P <0.001) and GSE26193 (P =0.046) cohorts were also significantly

better than those in the high-CCAIl subgroup (Fig. 5E, F), further confirming the prognostic utility of CCAl in ovarian
cancer.

3.6 Evaluation of CCAlin OC

Multivariate Cox regression analysis of CCAl scores and clinical parameters indicated that CCAl scores were an independent
prognostic factor for OC, with an HR value of 3.351 (P<0.001) (Fig. 6A). Additionally, age was also identified as an independ-
ent prognostic factor for OC, with an HR value of 1.023 (P <0.001). Furthermore, ROC analysis r showed that the AUC values
for CCAl at 2, 3,and 5 years were 0.617,0.615, and 0.655, respectively (Fig. 6B).
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Fig.7 GSEA for CCAl-based stratification. A GSEA showing enriched functions and pathways in the high CCAI groups. B GSEA showing
enriched functions and pathways in the low CCAI groups € Heatmap showing the association between the expression of CCAl-related
moleculars and key signaling pathways

3.7 CCAl-based nomograms for predicting OC prognosis

We constructed a nomogram to predict survival in OC patients based on CCAIl score and age. The nomogram esti-
mated 1-, 3- and 5-year survival rates to be 0.815, 0.379 and 0.0971, respectively, for an 81-year-old high-risk OC
patient (Fig. 6C). Additionally, calibration curves showed that the nomogram’s predictions aligned excellently with
the actual survival rates (Fig. 6D).

3.8 GSEA, GO and KEGG analyses for CCAl-based stratification

GSEA results revealed that the axon guidance, extracellular matrix-receptor interaction signalling pathways, focal
adhesion and pathways in cancer were enriched in the high CCAl group (Fig. 7A). In contrast, antigen processing and
presentation, primary immunodeficiency, and allograft rejection were enriched in the low CCAIl subgroup (Fig. 7B).
Additionally, the expression of CCAl-associated genes was significantly correlated with the status of key signaling
pathways (Fig. 7C).

@ Discover



Analysis

Discover Oncology (2025) 16:738 | https://doi.org/10.1007/512672-025-02582-4
TCGA-OV Cohort TCGA-OV Cohort
A antigen binding B g ’%w g o .
e a fr ~
ke p T \
St 2% * A

o
L >
sulfur eompour!d b!nd!ng 2, ,02 ~ % ° ONTOLOGY
heparin binding 00, v Biological Process
integrin binding ' ad ® Cellular Component

chemokine activity . - ~ W ® Molecular Function
immunoglobulin complex . “ ', \\ = 5 . ~log10(Pvalue)
. 02
external side of plasma membrane ONTOLOGY o, & . o
00

£ immunoglobulin complex, circulating . . \ 48]
) blood microparticle W ee S = Number o Selet - . o
[ . ) Mcc 0o Rich Factor(0-1) a ! o © (810]
collagen-containing extracellular matrix B vr o 5[ ® (10,15
plasma membrane signaling receptor complex § 200 ® (1520
S © : © 520
T cell receptor complex - & oo
o
immunoglobulin production ¢ g o
B cell receptor signaling pathway o
complement activation o ¥4 “ éé’ w
. " R " W S/
humoral immune response mediated by circulating immunoglobulin & ’ & -
positive regulation of B cell activation 4 ‘7‘ \ , e
membrane invagination & ~ s' ‘ @ #f’ &
plasma membrane invagination i 4 ’ eo&ﬁ(,ié i
N &
phagocytosis, engulfment § & . ' @ %
complement activation, classical pathway §% eg_@”’e % ®
phagocytosis, recognition £ 78 w £ Y k)
0 25 50 75 100 §5 8 8
Count
TCGA-OV Cohort
TCGA-OV Cohort A
B g s
C D 3 % 5804080 ““%ﬁ
Cytokine-cytokine receptor interaction - . %ﬁ = &
42
e &
Neuroactive ligand-receptor interaction | . A \/’%%\ $
& 2 4 70
Viral protein interaction with cytokine and cytokine receptor- [ ] Z?égf‘ Y %
7 &
Cell adhesion molecules { [ ] R B\
%
Hematopoietic cell lineage [ ] C.our:t b & 4 < © N\ Pathway
N 1 0 f & R KEGG
Chemokine signaling pathway . @ s j’
109, _ o ~log10(Pvalue)
Primary immunodeficiency { (] : 8 2 Sl 7% \ ©02
10 200
(24)
Protein digestion and absorption{ [ ] . 2 0 @ @ 6]
0
(6.8]
T cell receptor signaling pathway - [ ) 20 g - mz:ﬁ;g;gﬁl’;ﬁf —~ ® (8,10]
- Rich Factor(0-1 e © (10,15]
ECM-receptor interaction { [ ) anLL:: 100 § & o Feeer@1) o fio  ® (1520
= 3 ® >=20
Chagas disease [ ] 003 F fao
£
Th17 cell differentiation{ ) 002 "\g s 0
0 3 - S
Type | diabetes mellitus| @ oo R o F Ly
o 7
Autoimmune thyroid disease [ ] > (f -
Th1 and Th2 cell differentiation{ [ ] s %’ < 7 \ & L3
N / D
Allograft rejection | ® B¢ 9 4 ﬁe‘g 5
Graft-versus-host disease | ® 530, % 50 B D
»‘\\%\ o %
0050 0.075 0.100 0.125 §73 hsaoas1a f-"//g/
GeneRatio § F 5 & ®

Fig.8 GO and KEGG analyses for CCAl-based stratification. A, B GO analysis of DEGs between high and low CCAI subgroups. C, D KEGG
analysis of DEGs between high and low CCAIl subgroups

We further identified the DEGs between the high and low CCAIl subgroups. GO analysis showed that these DEGs
were enriched in antigen binding, immunoglobulin receiver binding, signaling receiver activation activity, immuno-
globulin complex, external side of plasma membrane, immunoglobulin complex circulating, T cell receiver complex,
immunoglobulin production, and B cell receiver signaling pathway (Fig. 8A, B). Additionally, KEGG analysis revealed
that the DEGs were enriched in cytokine-cytokine receptor interaction, neuroactive ligand-receptor interaction, T
cell receptor signaling pathway and primary immunodeficiency pathways (Fig. 8C, D).

3.9 CCAIl characterises the immune microenvironment of OC

TIMER analysis demonstrated that the CCAl score was inversely correlated with the degree of infiltration of most immune
cells in OC tumor tissues (Fig. 9A). Scatter plots showing the correlation between CCAI score and the infiltration levels
of CD8+ T cells are presented in Fig. 9B. CIBERSORT algorithm validation indicated that the infiltration of CD8T cells,
Tregs cells and M1 macrophages was significantly lower in the high CCAl group, whereas M2 macrophages presented a
higher level of infiltration in the high CCAI group (Fig. 10A). Additionally, ESTIMATE algorithm analysis revealed that the
immunity score was significantly higher in the low CCAl subgroup, while the stromal score showed the opposite situation
(Fig. 10B, C). Further validation using the ssGSEA algorithm validation showed that most of the immune cell infiltration
and immune functions were significantly stronger in the low CCAIl group (Fig. 10D, E).
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Fig. 9 Correlation of CCAIl scores with immune cells. A Correlation between CCAIl scores and immune cells assessed by various algorithms
on the TIMER platform. B Scatter plots showing the relationship between CCAI score and the infiltration levels of CD8T cells

The immune infiltration status of the tumor and the activation status of ICs are key determinants of the tumor’s
response to ICls [23]. Analysis of ICs revealed that most ICs were expressed at higher levels in the low CCAI subgroup
(Fig. 10F).

3.10 CCAl-based TMB and drug sensitivity analysis

K-M analysis revealed that patients in the high TMB group had better survival outcomes compared to those in the
low TMB group (Figure S3A). However, no significant difference in TMB was observed between the high and low
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Fig. 10 Validation of CIBERSORT, ESTIMATE and ssGSEA algorithms. A CIBERSORT verifies the relationship between CCAI scores and the
immune microenvironment. B, C ESTIMATE algorithm assesses CCAI score in relation to immune score and stroma score. D ssGSEA verifies
the correlation between CCAI score and immune function. E ssGSEA verifies the correlation between CCAI score and immune cells

CCAl subgroups (Figure S3B). Additionally, we found that LRP1 was underexpressed in the high TMB group, whereas
ISG20 was overexpressed in the high TMB group (Figure S3C). Nevertheless, the majority of CCAl gene expressions
did not show significant differences between high and low TMB groups. Additionally, the correlation scatter plots
show that CCAl scores were significantly correlated with the IC50 values of drugs such as axitinib, erlotinib, sorafenib,
and docetaxel (Figure S4).
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4 Discussion

The immune cell play a crucial role in the tumor microenvironment, where intercellular communication, primarily
mediated by ligand-receptor interactions, significantly influences tumor metastasis, drug resistance, and response
to chemotherapy [25, 26]. Previous studies have highlighted the correlation between CD8 T cell infiltration and
immunotherapy outcomes [27-29]. Additionally, several immunotherapy targets have been identified within CD8 T
cells [30], underscoring their potential relevance for various anti-cancer treatments. Furthermore, researches have
established the association between tumor-infiltrating immune cells and clinical outcomes in OC [31-33]. Therefore,
understanding the distinct role of CD8 T cells in evaluating clinical outcomes and immune landscape in OC will con-
tribute to the identification of efficient predictive biomarkers. In this study, we aim to elucidate the significance of
markers associated with CD8 T cell infiltration in patients with OC.

In the present work, we developed a CCAl composed of nine IRGs to predict the prognosis and characterising TIME
features of OC patients, using high-throughput sequencing data and machine learning algorithms analysis. Both Cox
and ROC analyses demonstrated that CCAl is a potential prognostic predictor for OC and serves as an independent
survival indicator with good stability. The predictive validity of CCAl was further validated in two independent OC
cohorts. The combined validation and evaluation results suggest that CCAl could serve as a potentially effective
prognostic biomarker for OC.

Among the nine IRGs that make up the CCAI, LRP1, PLAUR and OGN are associated with poorer outcomes in OC, and
notably all three are lowly expressed in CD8T cells. Among them, OGN has been suggested to be a possible pivotal
gene in polycystic ovary syndrome (PCOS) and ovarian cancer progression, which regulating hormonal responses
in both PCOS and OC [34]. In addition, OGN has been demonstrated to be associated with EMT characteristics and
poor prognosis in OC [35]. The miR-1290/0GN axis in OC-associated fibroblasts has been shown to regulate tumor
cell evolution [36]. In a previous study, LRP1 in serum exosomes of OC patients contributed to the migration of tumor
cells and has been suggested as a potential biomarker [37]. Although PLAUR has been reported to play a key role
in ovarian function [38], its exact contribution to OC remains unclear. Therefore, the mechanism of the role of CCAI-
related molecules in OC warrants further investigation in subsequent studies.

Despite the high initial treatment efficacy of OC, patients unfortunately remain at an extremely high risk of disease
recurrence after first-line treatment. Therefore, there is a pressing need to discover treatment modalities that are
both effective and safe, offering not only favourable therapeutic responses but also reduced toxicity and fewer side
effects. In recent years, immunotherapy, particularly ICls, has gradually become a efficient strategy for clinical treat-
ment and has taken a leading role in the systemic treatment of many cancers [39-41]. ICls activate and promote the
proliferation of tumor effector T cells and specifically target immunosuppressive cells in TIME to restore the immune
system’s ability to recognize and eliminate tumor cells [42]. However, in clinical practice, the response rate of ICls
remains suboptimal, with only some patients can benefit from ICls treatment. While clinical studies of ICls have been
conducted in selected OC cohorts, their clinical application has been hindered by a lack of sufficient evidence-based
medical data [42-44]. Therefore, understanding and characterising tumor subpopulations with different TIME char-
acteristics will help to better explore the key biological mechanisms and ultimately identify patient populations that
are more likely to benefit of immunotherapy.

The CIBERSORT, TIMER, ESTIMATE and ssGSEA algorithm analyses in this study collectively indicated that tumour-
infiltrating CD8T cells were higher in the low CCAI population. Additionally, most ICs also showed higher levels of expres-
sion in the low CCAI population. Notably, previous studies have defined tumours characterised by high levels of CD8 T
cell infiltration and overexpression of ICs as immunoinflammatory tumours [45, 46], which have been shown to achieve
better disease remission when treated with ICls [47]. These results suggest that the low CCAl subpopulation is more likely
to be immunoinflammatory, potentially leading to a better response rate to ICls compared to the high CCAIl population.

Although independent cohorts from different databases were included in this study for comprehensive analyses
and assessment, there are limitations. Firstly, in the retrospective analysis of the study, we were unable to assess the
potential bias of the included data. Secondly, the study lacks prospective data to further evaluate the role of CCAI
in predicting prognosis and response to immunotherapy. Notably, the conclusions drawn regarding the predictive
value of CCAI for ICls response have not been validated in ovarian cancer cohorts treated with ICls. The absence of
such validation means that the potential of CCAl as a predictive biomarker forimmunotherapy efficacy in OC needs
further confirmation. Future clinical studies should focus on collecting prospective ICl treatment data from OC cohorts
to refine the role of CCAl and validate its clinical utility as a prognostic and predictive biomarker.
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5 Conclusion

In this work, the CCAI was developed to predict the clinical outcomes of OC. The CCAI score was significantly cor-
related with OC survival and could independently predict prognosis with good accuracy and stability. Additionally,
the CCAIl score correlated with TIME of OC and may have potential in predicting the immune landscape. This study
provides valuable insights into the mechanism by which CD8T cell-associated IRGs influence OC prognosis.
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