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Objective: To develop a nomogram prediction model for ovarian cancer prognosis using tumor proliferation and immune-related
biomarkers.

Methods: Between January 2018 and December 2023, clinical data were collected from 140 patients diagnosed with epithelial
ovarian cancer (EOC). These patients were randomly allocated into a training cohort consisting of 84 patients and a validation cohort
comprising 56 patients, adhering to a 6:4 ratio. Immunohistochemical staining assessed Ki67, epidermal growth factor receptor
(EGFR), and programmed death-ligand 1 (PD-L1) expression. Lasso-Cox regression identified variables for the nomogram model.
Model performance was evaluated using time-dependent receiver operating characteristic (ROC) curves, concordance index, calibra-
tion curves, and decision curve analysis. Kaplan-Meier survival analysis assessed the prognostic value of the model’s risk score.
Results: Lasso-Cox regression identified seven variables for constructing the nomogram prediction model: maximum tumor diameter,
KI67 positive rate, pathological grade, N stage, M stage, KI67 > 20%, and PD-L1 > 0. The area under the ROC curve (AUC) for 1-, 4-,
and 6-year overall survival (OS) in the training set were 0.908, 0.940, and 0.965, respectively, with a concordance index of 0.85 [95%
confidence interval (CI): 0.80-0.90]. In the validation set, the AUCs for 1-, 4-, and 6-year OS were 0.835, 0.802, and 0.832,
respectively, with a concordance index of 0.72 (95% CI: 0.65-0.79). Calibration curves demonstrated good agreement between
predicted and actual outcomes (as indicated by non-significant Hosmer-Lemeshow tests, all P>0.05). The model outperformed TNM
staging in clinical benefit. High-risk scores correlated with poorer overall and progression-free survival (P<0.01). These findings
suggest the nomogram can effectively stratify patients and predict prognosis.

Conclusion: The successful development and validation of a nomogram prediction model based on tumor proliferation and immune-
related biomarkers offers an efficient and straightforward clinical tool. This tool holds promise for enabling personalized treatment
strategies for patients with ovarian cancer.
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Introduction

Ovarian cancer (OC) represents one of the most prevalent malignant tumors in the field of gynecology, accounting for
a significant proportion of cancer-related mortality among women globally."? In China, ovarian cancer incidence and
mortality rates have also shown an increasing trend, posing a significant public health challenge.> Within this category,
epithelial ovarian cancer (EOC) is the predominant pathological subtype, constituting over 90% of all ovarian cancer

cases.” Despite recent advances in therapeutic approaches, such as targeted therapy and immunotherapy, the five-year
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survival rate for ovarian cancer patients remains dismally low, frequently below 50%.> This alarming statistic highlights
the need for improved prognostic tools that can facilitate better risk stratification and personalized treatment strategies.

Cancer staging, primarily based on the TNM (Tumor, Node, Metastasis) system by the American Joint Committee on
Cancer (AJCC) and the International Federation of Gynecology and Obstetrics (FIGO) staging system, provides crucial
prognostic information and guides treatment decisions. The TNM system assesses the primary tumor’s extent (T),
regional lymph node involvement (N), and distant metastasis (M). FIGO staging is specific to gynecological cancers and
similarly categorizes disease spread.® While essential, these systems primarily rely on anatomical extent and may not
fully capture the biological heterogeneity influencing patient outcomes.

The pathophysiology of ovarian cancer is complex, with both tumor cell proliferation and immune evasion playing
critical roles in disease progression and patient prognosis.” Tumor proliferation is often associated with aggressive
disease behavior, while the ability of cancer cells to evade immune surveillance is a key mechanism through which
tumors can progress unchecked. Ki67, a well-established marker of cellular proliferation, is a nuclear protein expressed
throughout the active phases of the cell cycle (G1, S, G2, and mitosis) but absent in quiescent (G0) cells, has been
extensively utilized to gauge proliferative activity in tumor tissues.> Additionally, the epidermal growth factor receptor
(EGFR) is intricately linked to processes of tumor proliferation, invasion, and metastasis, making it a valuable biomarker
in the study of EOC.® EGFR activation triggers downstream signaling pathways, such as MAPK and PI3K-Akt,
promoting cell growth and survival. Furthermore, programmed death-ligand 1 (PD-L1) expression is closely intertwined
with tumor immune evasion, as it facilitates the suppression of anti-tumor immune responses.” PD-L1 on tumor cells
binds to PD-1 on T cells, inhibiting T-cell effector functions and allowing tumors to escape immune destruction.

This study aims to holistically evaluate the impact of aberrant tumor proliferation and immune evasion on the
prognosis of patients with EOC. By integrating key biomarkers, including Ki67, EGFR, and PD-L1, along with relevant
clinical characteristics, we seek to develop a comprehensive prognostic nomogram model. This model is designed to
provide a more accurate framework for assessing the prognosis of EOC patients, ultimately enabling clinicians to tailor
treatment strategies more effectively based on individual risk profiles. Through this research, we hope to contribute to the
ongoing efforts to enhance the management of ovarian cancer and improve outcomes for affected patients.

Materials, Subjects, and Methods
Study Subjects

A retrospective collection of medical records and pathological tissues from ovarian cancer patients treated Between
January 2018 and December 2023 was conducted, utilizing formalin-fixed, paraffin-embedded (FFPE) specimens exclu-
sively from the Shanghai Xinchao Biological Ovarian Cancer Tissue Microarray (HOvaC154Su01), which represents
a cohort of EOC cases from various contributing institutions in China. The sampling strategy for inclusion in this study
was based on the availability of complete clinical and pathological data from this pre-existing tissue microarray.

Inclusion Criteria: Cases were included if they were pathologically confirmed as malignant epithelial ovarian cancer
(EOC) with available overall survival (OS) and follow-up data.

Exclusion Criteria: Tissue samples derived from metastatic sites or adjacent to cancerous regions were excluded from
the study. Patients who received neoadjuvant chemotherapy or radiotherapy before surgery, those with a history of other
malignant tumors, or those with incomplete clinicopathological or follow-up data were also excluded.

Reagents and Instruments
The following reagents and instruments were utilized:

EnVision™ FLEX + reagent and Antibody Diluent with Background Reducing Components, both manufactured by
Dako, Glostrup, Denmark;

Mayer’s hematoxylin staining solution (Solarbio, Beijing, China) and rabbit anti-PD-L1 antibody (Clone SP142),
sourced from Genetic (Shanghai, China);

Rabbit anti-EGFR antibody (Clone EP38Y) and rabbit anti-KI67 antibody (Clone MIB-1), provided by Maixin
Biotech, Fuzhou, China.
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For staining, a ST502 fully automatic staining machine (Leica, Wetzlar, Germany), PT Link fully automatic
immunohistochemistry pretreatment system, and Autostainer Link48 fully automatic immunohistochemistry staining
system (both produced by Dako, Glostrup, Denmark) were used, along with an Aperio XT scanner (Leica, Wetzlar,
Germany).

Experimental Methods
Medical Record Collection

Clinical information was gathered, including patient age, pathological diagnosis, International Federation of Gynecology
and Obstetrics (FIGO) grade, tumor invasion, lymph node metastasis, distant metastasis (TNM staging), pathological
grade, and maximum tumor diameter. Follow-up data on OS and progression-free survival (PFS) were also recorded.

Immunohistochemical Staining for KI67, EGFR, and PD-LI Expression

Immunohistochemical staining of the tissue microarray was conducted following the protocol described in reference’ and
manufacturer’s instructions for each antibody. The tissue microarray underwent steps including dewaxing, antigen
retrieval, incubation with primary antibodies (anti-Ki67, anti-EGFR, anti-PD-L1) followed by the EnVision™ FLEX +
reagent (which includes secondary antibodies and visualization system), color development with diaminobenzidine
(DAB), and hematoxylin counterstaining prior to mounting for pathological examination. Immunohistochemical results
were quantified as the percentage of positive cells (positive rate). KI67 was localized in the nucleus, EGFR in the cell
membrane/cytoplasm, and PD-L1 in the cell membrane. Under microscopy, cells exhibiting light yellow, yellow, or
brownish-yellow staining in the respective cellular components were deemed positive. Ten fields of view were randomly
selected at high magnification (typically 200x or 400x) for counting positive cells, with patients categorized based on
positive rate thresholds of >0%, >10%, >20%, >30%, >40%, and >50%, as explored during univariate analysis.

Nomogram Model Construction and Evaluation

The “caret” package (version as available in R 4.0.3) was employed for random division of the final included patients
into training and validation sets in a 6:4 ratio. The “mice” package (version as available in R 4.0.3) facilitated multiple
imputations for a small amount of missing data (less than 5% for any single variable). Zero-variance and collinearity
testing were performed on the training set using the “caret” package. Subsequently, univariate COX regression analysis
was carried out using the “survival” package (version as available in R 4.0.3) for prognostic evaluation, and variables
correlated with prognosis were subjected to Lasso-Cox regression for further model variable screening. The “regplot”
package (version as available in R 4.0.3) was utilized to construct a nomogram model predicting 1-, 4-, and 6-year OS for
ovarian cancer patients, with model performance evaluated and validated in the validation set. The selection of 1-, 4-, and
6-year survival prediction points was based on common clinical follow-up milestones for ovarian cancer, aiming to
provide short-term, intermediate-term, and longer-term prognostic insights.

Time-dependent receiver operating characteristic (ROC) curves were generated using the “time-ROC” package (ver-
sion as available in R 4.0.3), and the concordance index (C-index) was calculated with the “survcomp” package (version
as available in R 4.0.3) to assess the model’s discriminative performance. Model calibration accuracy was evaluated
through calibration curves plotted with the “PredictABEL” package (version as available in R 4.0.3). Additionally,
decision curve analysis (DCA) quantified the clinical net benefit of the model. Based on the predictive model, risk scores
were computed for each patient, stratifying the cohort into high- and low-risk groups according to the median risk score;
this is a common data-driven approach for Kaplan-Meier analysis when predefined cutoffs are not established. Survival
differences between these groups were analyzed using Kaplan-Meier survival curves, generated with the “survminer”
package (version as available in R 4.0.3). All R packages were used with their respective versions available at the time of
analysis within the R (version 4.0.3, R Foundation for Statistical Computing, Vienna, Austria) environment.

Statistical Analysis
All statistical analyses were conducted using R version 4.0.3. Categorical variables were expressed as proportions (%),
while continuous variables were presented as mean + standard deviation (X &= s) for normally distributed data, or as
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median and interquartile range for non-normally distributed data. For group comparisons, one-way ANOVA was used for
normally distributed continuous variables, and the Wilcoxon rank-sum test was applied for non-normally distributed data.
Categorical variables were compared using either the chi-square test or Fisher’s exact test, as appropriate. The goodness-
of-fit of the model was assessed using the Hosmer-Lemeshow test, and survival differences between groups were
evaluated using the Log rank test. A P-value < 0.05 was considered statistically significant. Outliers were identified
using standard deviation methods or boxplots during exploratory data analysis, but given the nature of the clinical
variables and the use of robust methods like Lasso regression, no specific trimming or winsorizing was applied beyond
addressing clear data entry errors. The potential impact of any remaining outliers is considered minimal due to the sample
size and regression techniques used.

Results

General Information

A total of 140 patients with epithelial ovarian cancer (EOC) were selected based on the inclusion and exclusion criteria.
Among these, 84 patients were included in the training set, and 56 patients in the validation set. After performing
multiple imputations for missing data (which affected less than 5% of data points for variables like PD-L1 positivity rate
and tumor maximum diameter), the clinical characteristics of the patients are summarized in Table 1. There was
a statistically significant difference in FIGO stage distribution between the training and validation cohorts (P<0.05),
with the validation cohort having fewer Stage I/II cases and more Stage III/IV cases; other baseline characteristics were
comparable. This imbalance was noted, and the model’s performance was assessed in both cohorts independently to

ensure robustness.

Univariate Cox Regression Analysis for Screening Prognostic Variables
Univariate Cox regression analysis identified seven variables significantly associated with overall survival (OS) in
ovarian cancer patients. These variables include:» Maximum tumor diameter (hazard ratio [HR] = 1.121, P < 0.05)
K167 positive rate (HR = 4.852, P < 0.05)+ Pathological grade (HR = 3.198, P < 0.05)* N stage (HR = 6.187, P < 0.05)
M stage (HR = 8.901, P < 0.05)* KI67 > 20% (HR = 2.219, P < 0.05)s PD-L1 > 0 (HR = 2.203, P < 0.05).

All of these variables were identified as risk factors influencing the prognosis of ovarian cancer patients.

Lasso-Cox Regression Analysis for Screening Predictive Model Variables
Lasso-Cox regression, using an L1 norm penalty and cross-validation, was applied to the variables identified by
univariate Cox regression. Seven variables were ultimately selected for the predictive model: maximum tumor diameter,

Table | General Information of EOC Patients

Characteristics Training Cohort (n=84) | Validation Cohort (n=56)
Age (year, X £ ) 502 £ 12.1 51.8+95
Tumor maximum diameter [Median (QI, Q3)] 12.3 (6.2, 15.6) 132 (8.0, 17.4)
K167 positivity rate [Median (QI, Q3)] 0.31 (0.11, 0.41) 0.29 (0.08, 0.42)
EGFR positivity rate [Median (QI, Q3)] 0.36 (0.12, 0.84) 0.49 (0.11, 0.71)
PD-LI| positivity rate [Median (QI, Q3)] 0.01 (0, 0.05) 0.01 (0, 0.06)
Grade (I-1/111) 25/59 14/42

T stage (T1/T2/T3) 8/18/58 0/14/42

N stage (NO/NI) 64/20 45/11

M stage (MO/MI) 68/16 4917
FIGO stage (I/1I/NI/IV) 8/18/41/17 0/14/35/7*

Note: Compared with training cohort, *P<0.05.

Abbreviations: Kl67, Nuclear associated antigen Ki67; EGFR, Epidermal growth factor receptor; PD-LI, Programmed death-
ligand I; T, Tumor invasion; N, Lymph node metastasis; M, Distant metastasis; FIGO, International federation of gynecology and
obstetrics.
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K167 positive rate, pathological grade, N stage, M stage, KI67 > 20%, and PD-L1 > 0. EGFR positivity rate was not
selected by the Lasso-Cox regression as a significant predictor in the multivariate model.

Construction and Performance Evaluation of the Prognostic Nomogram for Ovarian

Cancer Patients

A prognostic nomogram for predicting OS in ovarian cancer patients was constructed based on the variables selected by Lasso-
Cox regression. The formula for the prognostic model is as follows: Lasso-Cox=ho(t)exp[0.112x(Tumor max diameter)
+1.128%(K167 positive rate)+0.953x(Grade)+0.889x(N stage)+1.402x(M stage)+0.358%(KI67 > 20%)+0.321x(PD-L1 > 0)].

The predictive model was visualized using a nomogram, as shown in Figure 1.

In both the training and validation sets, the concordance index (C-index) for the model was 0.85 [95% confidence
interval (CI): 0.80-0.90] and 0.72 (95% CI: 0.65-0.79), respectively. The area under the time-dependent ROC curve
(AUC) for predicting 1-, 4-, and 6-year OS in the training set was 0.908, 0.940, and 0.965, respectively. In the validation
set, the corresponding AUC values were 0.835, 0.802, and 0.832, as shown in Figure 2. These results indicate that the
model demonstrates good predictive performance for OS in ovarian cancer patients.

Calibration curve analysis showed that the model-predicted OS rates were well aligned with actual observations
(Hosmer-Lemeshow goodness-of-fit test indicating no significant difference between predicted and observed probabil-
ities: y? = 13.892, P > 0.05 for the training set; ¥*> = 8.503, P > 0.05 for the validation set). A P-value > 0.05 in the
Hosmer-Lemeshow test suggests good calibration, as the null hypothesis is that there is no difference between the
predicted and observed outcomes. Decision curve analysis (DCA) revealed that within the threshold probability range of
5%-50%, the Lasso-Cox model exhibited superior clinical net benefits in both the training and validation sets compared
to the traditional TNM staging system, as illustrated in Figure 3. This suggests that using the nomogram to make clinical
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Figure | Nomogram prediction model for |-year, 4-year, and 6-year OS of EOC. The nomogram integrates seven variables: PD-L| >0 (Programmed Death-Ligand |
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decisions would lead to a greater net benefit than relying on TNM staging alone across a range of clinically relevant risk
thresholds.

Prognostic Value Assessment of Model Risk Scores

Based on the predictive model, the prognostic risk scores were calculated for each patient. Patients were stratified into
high-risk and low-risk groups according to the median risk score derived from the training cohort, which was then
applied to the validation cohort. Kaplan-Meier survival analysis demonstrated that the high-risk group had significantly
worse OS (HR =17.2, P <0.01 in training; HR = 4.58, P < 0.01 in validation) and progression-free survival (PFS) (HR =
2.20, P < 0.01 in training; HR = 3.28, P < 0.01 in validation) in both the training and validation sets.

Discussion
This study presents a 7-feature prognostic model that includes maximum tumor diameter, KI67 positive rate, pathological
grade, N stage, M stage, KI67 > 20%, and PD-L1 > 0. The model demonstrates good discrimination and calibration in
predicting the overall survival (OS) of epithelial ovarian cancer (EOC) patients. Notably, it offers a greater net benefit
compared to the traditional TNM staging system, as demonstrated by DCA. In contrast to conventional mathematical
formula-based predictive models, we introduced a nomogram that converts regression coefficients into scores, providing
a visual representation of the impact of each factor on the prediction outcome. This approach enhances clarity and aids
both physicians and patients in understanding the prognostic influence of each factor.'®

Lasso regression, which is based on penalized least squares, is widely used for variable selection in Cox regression
modeling. It compresses variable coefficients, reducing model complexity and mitigating the risk of overfitting. This
technique is particularly effective when dealing with datasets that vary in the number of predictors and sample sizes."'

Several previous studies have explored the relationship between traditional clinical features—such as N stage,
M stage, and pathological grade—and the prognosis of EOC patients. These studies consistently found that poor
tumor differentiation, lymph node involvement, and distant metastasis are associated with an increased risk of mortality

1213 which is consistent with our findings. Maximum tumor diameter, a key indicator of tumor size,

and poor prognosis,
reflects the biological heterogeneity of the tumor. Previous research has identified tumor size as an independent risk
factor for ovarian cancer prognosis,'* and our study further corroborates the role of maximum tumor diameter as
a significant risk factor in EOC prognosis.

The nuclear protein KI67, which is closely linked to cell proliferation and invasion,'® was found in our study to be
associated with worse OS in EOC patients. Ki67 is expressed during all active phases of the cell cycle (Gl1, S, G2,
mitosis) but is absent in resting cells (G0), making it a reliable marker of the growth fraction of a cell population. High
Ki67 expression indicates a greater proportion of actively dividing tumor cells, which often correlates with more
aggressive tumor behavior and resistance to certain therapies. This finding aligns with a meta-analysis that also identified
a high KI67 positive rate as a marker of poor prognosis.'® Notably, EOC patients with a KI67 positive rate > 20%
experienced significantly worse OS. Further investigation revealed that EGFR, another biomarker associated with tumor
proliferation, was not correlated with EOC prognosis in our multivariate model, likely due to the low frequency of EGFR
mutations in ovarian cancer patients,'” though EGFR overexpression can occur via other mechanisms and its role
remains complex and may vary between studies.'®

PD-L1, a critical immune checkpoint molecule, binds to the PD-1 receptor on T cells, promoting T cell apoptosis and
facilitating tumor immune escape. This interaction dampens the anti-tumor immune response, allowing cancer cells to
evade destruction by cytotoxic T lymphocytes. Our study showed that EOC patients with a PD-L1 positive rate > 0 had
worse OS. However, it is important to note that there is currently no universally accepted cutoff value for PD-L1
expression, and the standards vary depending on the detection antibody used, the cell types assessed (tumor cells vs
immune cells), and the specific cancer type.'” As a result, further large-scale clinical studies are needed to establish
a standardized cutoff value for PD-L1 and refine its prognostic significance.

This study has several notable strengths and limitations. By incorporating both tumor proliferation and immune-
related biomarkers into the prognostic model, we effectively capture the complex biological heterogeneity of ovarian
cancer. This enhances the model’s accuracy and generalizability, offering a more nuanced understanding of patient
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prognosis. However, the study’s reliance on data from a single tissue microarray supplier, albeit representing multiple
institutions, and its retrospective design may limit the external validity of the model. This constraint could impact the
broader applicability of the findings, and further validation in multicenter prospective cohorts is warranted. Additionally,
while multiple imputation was used for missing data, this cannot fully replace complete data. The imbalance in FIGO
staging between training and validation cohorts, though addressed by separate validation, is another limitation.

Conclusion

In conclusion, this study successfully developed and validated a novel nomogram incorporating clinical features, tumor
proliferation marker Ki67, and immune checkpoint molecule PD-L1 for predicting 1-, 4-, and 6-year OS in EOC patients.
The nomogram demonstrated good predictive accuracy and calibration, outperforming the traditional TNM staging
system in terms of clinical net benefit. This user-friendly tool has the potential to assist clinicians in more accurately
stratifying patients by risk, thereby facilitating personalized treatment planning and potentially improving outcomes for
individuals with ovarian cancer. Further prospective, multicenter studies are recommended to confirm its clinical utility.
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