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Abstract

Background: Accurate survival prediction in ovarian cancer has been challenged due to biological
heterogeneity and the cure phenomenon, where a subgroup of patients achieves long-term remission.
This study was designed to compare the predictive capability of the machine learning algorithm Random
Survival Forest with the statistical Mixture Cure Model over a 24-year timeframe, addressing a significant
gap in direct comparative evaluations.

Methods: Data from 352 ovarian cancer patients (2000-2024) with the primary outcomes of Overall
Survival (0S) and Progression-Free Survival (PFS) were analyzed. We implemented two modeling
approaches: a semi-parametric Mixture Cure Model (with logistic cure and Cox latency components) and
a non-parametric Random Survival Forest ensemble of 1000 survival trees. Model performance was
evaluated using the discrimination index (C-index), integrated Brier score, and time-dependent AUC via
cross-validation. Variable importance and non-linear effects were explored through partial dependence
plots.

Results: The mean age at diagnosis was 45.97 + 15.22 years, with 59.7% presenting at advanced stages
(FIGO 11I/1V). During 273 months of follow-up, 115 recurrences (33%) and 55 deaths (16%) occurred.
Variable importance analysis revealed that response to neoadjuvant therapy and surgical quality were
the most powerful predictors of recurrence, while age at diagnosis and baseline CA125 level guided
overall survival. Partial dependence plots revealed a non-linear threshold effect for the CA125 marker.
The Random Survival Forest model significantly outperformed the Mixture Cure Model in predicting
recurrence (C-index = 0.84, 95% Cl: 0.80-0.88 vs. 0.78, 95% Cl: 0.74-0.82; p=0.02) and showed better
discrimination for death (C-index = 0.78, 95% Cl: 0.74-0.82 vs. 0.75,95% CI: 0.71-0.79; p=0.15). The
Mixture Cure Model confirmed the existence of a survival plateau after 150 months, indicating a
significant cure fraction (~85%) in this cohort for OS, while no cure fraction was identified for PFS.

Conclusion Our findings demonstrate that machine learning, due to its ability to uncover non-linear
interactions, is a superior tool for precision oncology. Distinguishing recurrence drivers (treatment-
focused) from mortality drivers (host-focused) provides a new roadmap for personalized patient
management and optimization of long-term follow-up protocols.

Introduction

Ovarian cancer remains the deadliest gynecological malignancy worldwide, with an estimated 313,000
new cases and 207,000 deaths in 2020(1). Despite advancements in surgery and systemic therapies,
significant heterogeneity is observed in treatment response and patient outcomes (2). This variability
exposes the limitations of population-average-based predictive approaches and highlights an urgent
need for personalized predictive tools to optimize clinical decision-making, patient counseling, and
resource allocation (3).
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Ovarian cancer outcomes are influenced by a complex interplay of clinical (such as FIGO stage and
residual tumor after surgery), pathological (histological grade and type), molecular, and therapeutic
factors (4). Simultaneously modeling these multiple dimensions to achieve accurate individual-level
predictions is a statistical challenge. The Cox proportional hazards model, as the historical standard in
survival analysis, may be inadequate in this context due to two fundamental assumptions: first, the
linearity of variable effects, and second, the assumption that all patients will eventually experience the
event (such as recurrence or death) if followed long enough (5). This second assumption is particularly
violated in cancers like ovarian cancer, where a subgroup of patients may be effectively cured after initial
treatment, with their risk of recurrence approaching zero (6).

To address this issue, statistical cure models have been developed. Among these, the Mixture Cure
Model provides an attractive biological framework that divides the population into two latent subsets:
patients susceptible to the event and cured patients. This model simultaneously models the probability
of belonging to the cured group (incidence component) and the time-to-event distribution for the
susceptible group (latency component) (7). This approach allows for unbiased estimation of the cure
fraction and distinct identification of predictors of cure versus factors affecting survival time in
susceptible patients.

In parallel, machine learning algorithms have gained significant attention in medical informatics due to
their inherent ability to identify complex non-linear relationships and interactions among variables
without requiring pre-specified parametric assumptions. In the field of survival analysis, Random Survival
Forest, as a powerful non-parametric ensemble method, has demonstrated outstanding predictive
performance in complex clinical datasets (8, 9). Studies such as Ismail Zadeh et al. (2023) have shown
that Random Survival Forest can outperform the Cox model in predicting ovarian cancer survival (10).
However, interpreting Random Survival Forest results is often difficult due to its "black-box" nature, and
this model does not inherently explicitly estimate the concept of “cure."

Despite concurrent advances in these two paradigms, a significant knowledge gap exists. Few studies
have directly and systematically compared the predictive performance of structured models like the
Mixture Cure Model (with high interpretability) against machine learning-based methods like Random
Survival Forest (with flexible modeling capability) in real-world longitudinal ovarian cancer data. Such a
comparison for the two distinct outcomes of disease recurrence and death from any cause is also rarely
performed. This evaluation is crucial for guiding researchers and clinicians in selecting the most
appropriate prognostic tool, considering the balance between accuracy and interpretability.

The main objective of this study is to fill this gap by conducting a comprehensive comparison between
the semi-parametric Mixture Cure Model and the Random Survival Forest algorithm, evaluating the
performance of these two models in predicting time-to-recurrence and time-to-death using 15
clinicopathological prognostic variables. The study population is a 24-year follow-up cohort comprising
352 ovarian cancer patients in Iran. This research addresses two key questions: First, which model has
higher accuracy in predicting each outcome? Second, which model provides more useful and practical
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clinical insight into the factors affecting potential cure and survival time? The results of this study will
provide an evidence-based framework for model selection in future research and facilitate the move
toward precision medicine in ovarian cancer management.

Methods

Study Design and Population

This retrospective cohort study aimed to compare the predictive capabilities of two statistical
approaches on data from 352 patients with epithelial ovarian cancer from the Yazd Specialized Cancer
Center from 1379 to 1403 (2000-2024 Gregorian calendar). This study provided an ideal setting for
modeling complex biological phenomena such as cure and late recurrences due to its extended follow-
up period. The study protocol was prepared in accordance with the Helsinki Declaration and was
approved by the ethics committee with code IR.SSU.SPH.REC.1403.113 at Shahid Sadoughi University of
Medical Sciences, Yazd.

Data Collection and Preprocessing

Potential variables for inclusion in multivariate models were selected based on strong prior research
evidence, proven biological/clinical association with the outcome, and results of preliminary exploratory
analyses with an initial significance level (p<0.10). The standard criterion for variable entry into the final
regression model was a significance level of 0.05 in univariate analysis, and the removal criterion was
p>0.10. The Akaike Information Criterion was used to compare competing models and prevent over-
parameterization.

To handle missing values and preserve statistical power, the Multiple Imputation by Chained Equations
(MICE) method was used, which, based on recent research articles, minimizes estimation bias in
oncology datasets. Multicollinearity among predictor variables was examined by calculating the variance
inflation factor, and values above 10 were considered indicative of suspected collinearity.

Definition of Outcomes and Prognostic Variables
Two key outcomes were considered as the pillars of the analysis:

1. Overall Survival (0S): Defined as the time from disease diagnosis to death from cancer.

2. Progression-Free Survival (PFS): Defined as the time to the first clinical or radiological recurrence
event.

In total, 15 clinicopathological variables were entered into the models as predictors: age at diagnosis,
FIGO stage, histological type, preoperative CA125 level, ECOG performance status, surgical
cytoreduction status (optimal: residual disease <1cm; suboptimal: >1cm), response to neoadjuvant
chemotherapy (complete/partial response, stable disease, progressive disease), and treatment protocols
(type of surgery and response to adjuvant therapy).

Page 4/19



Modeling Approaches
Two different methodological paradigms were contrasted:

1. Mixture Cure Model (MCM): Given the observation of a survival plateau in empirical curves, this semi-
parametric model was used to separate the population into two latent subgroups: susceptible and cured.
The cure component was modeled with logistic regression, and the incidence component (time-to-event)
was modeled with the Cox proportional hazards model.

2. Random Survival Forest (RSF): As a non-parametric machine learning-based approach, this was
implemented by creating an ensemble of 1000 survival decision trees. This algorithm, using the log-rank
splitting criterion and without assuming linearity, demonstrates high capability in identifying complex
biological interactions and non-linear effects of variables such as CA125 (11, 12).

Model Evaluation and Validation Criteria

To ensure the generalizability of the results, model performance was evaluated using cross-validation.
The models' discrimination power was assessed with the C-index, and calibration accuracy at different
time points was measured with the integrated Brier score. Time-dependent receiver operating
characteristic (ROC) curves were generated at 1, 3, and 5-year horizons to evaluate diagnostic accuracy
at clinically relevant time points.

Statistical analyses were performed in the R software environment version 4.2.2, using specialized
packages smcure for cure models and randomForestSRC for machine learning (13).

Results

Cohort Characteristics and Survival Outcomes

Analysis of the presented cohort of 352 epithelial ovarian cancer patients monitored over a 24-year
period (273 months) illuminates a complex survival landscape where traditional prognostic hierarchies
are challenged by stronger and potentially more important clinical-pathological determinants. The mean
age of patients at diagnosis was 45.97 + 15.22 years. Consistent with the findings in Table 1, a
significant majority of patients (59.7%) were at advanced stages of the disease (FIGO Stage Ill & IV) at
presentation, indicating the diagnostic challenges of this aggressive malignancy. From a
histopathological perspective, the Serous subgroup was the most common tissue type.

The 12-month, 36-month, and 60-month recurrence-free survival rates were 97.1% + 0.90, 87.9% + 1.77,
and 81.5% + 2.15, respectively, with a median survival of 84 months. Overall survival rates for 12, 36, and
60 months were 98.8% + 0.61,92.5% + 1.02, and 88.1% + 1.56, respectively, with a median survival of
47.35 + 4.65 months. Eighty percent of patients were still alive at the end of the 24-year period. This
volume of censoring in overall survival is itself evidence of the effectiveness of treatment protocols and

Page 5/19



the existence of a significant cure fraction in this population. Over these two decades, 115 recurrences
(33%) and 55 deaths (16%) occurred, providing the necessary basis for advanced survival analysis.

Associations Between Clinicopathological Factors and Survival

Results from Table 1 show that the deep survival advantage observed in the suboptimal cytoreduction
group is paradoxical (5-year 0OS 91.3% vs. 77% for the optimal group, p<0.001). This counterintuitive
result is a clear indicator of significant bias due to indication and selection. It is biologically impossible
for more residual disease to directly create a survival benefit. Instead, this group likely represents a
distinct population: patients with aggressive tumor biology or poor functional status for whom maximal
surgery was deemed futile or unsafe, yet their tumors showed exceptional sensitivity to platinum-based
therapies or subsequent targeted treatments. The favorable overall survival of this group, despite poorer
PFS, indicates effective salvage therapy. This finding should not be seen as a challenge to surgical
principles, but rather as powerful evidence for the role of effective systemic therapy in mitigating the
prognostic impact of surgical outcomes.

Superior survival in FIGO stage IV compared to stages | and Il further highlights the dominant role of
histological subtype over stage alone. The stage distribution in this group is unusual, with a low
proportion of early-stage disease. The high survival in stage IV is almost certainly due to the
overrepresentation of High-Grade Serous Carcinomas (HGSC), which constituted 32% of the group and
showed a 5-year OS of 94.3%. This reflects the impact of effective maintenance therapies for HGSC in
the modern era, especially in patients with homologous recombination deficiency.

Histology-based survival differences are consistent with existing studies but presented with notable
clarity. Excellent OS in mucinous carcinomas (100%) and relatively poor PFS in Low-Grade Serous
carcinomas (71.7%) confirm known tumor behaviors. The strong predictive value of response to NACT
for PFS (5-year PFS 90% vs. 27.1% for progressive disease, p<0.001) is a key clinical point. However, the
non-significant difference in OS based on NACT response (p=0.110) is equally critical; this indicates that
while initial tumor chemosensitivity determines the time to first progression, overall survival is shaped by
a broader chain of care, including multiple lines of therapy.

The 3, and 5-year overall survival rates were 92.5% (89.8-95.4), and 88.1% (84.7-91.7), respectively.
Survival analysis based on different subgroups indicated statistically significant differences associated
with FIGO stage, advanced histology type, preoperative CA125 level, and surgical status. The lowest 3
and 5-year survival rates were observed in FIGO stage Il patients (both 25%) and in patients with
preoperative CA125 level group 3 (82.5% and 71.2%, respectively). In contrast, patients with Mucinous
histology and those with a complete response to neoadjuvant therapy showed 3 and 5-year survival rates
of 100%. Optimal surgical status (Group 2) was associated with a better prognosis, showing 5-year
survival of 91.3% compared to 77% in the suboptimal surgery group. On the other hand, functional status
(ECOG) and response to neoadjuvant therapy were not statistically significantly associated with survival
rates. These findings emphasize the importance of disease staging factors, histology type, the
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biomarker CA125, and achieving optimal surgery as key predictors of survival in the studied population
(Table1).

Comparative Model Performance

As shown in Figure 1 and Table 2, the Random Survival Forest model showed statistically superior
performance compared to the Mixture Cure Model in terms of discrimination power, i.e., the ability to
accurately distinguish high-risk from low-risk patients for both disease recurrence and overall survival
outcomes. The C-index for the Random Survival Forest model was 0.84 for predicting recurrence and
0.78 for overall survival, while these values for the Mixture Cure Model were estimated at 0.78 and 0.75,
respectively. These differences, especially in predicting recurrence, were statistically significant (p-
value=0.02, based on a bootstrap test with 1000 repetitions), indicating a real and non-random
superiority of the machine learning approach in identifying complex patterns associated with disease
relapse.

From the perspective of individual prediction accuracy and calibration, the Random Survival Forest
model also had more favorable performance. Its lower integrated Brier score indicates less prediction
error and closer alignment of predicted values with observed outcomes over time. This superiority is
clearly evident in the calibration plots presented in Table 2 at the 3 and 5-year horizons; the agreement
between the hazard curve predicted by the Random Survival Forest model and the empirical Kaplan-
Meier survival curve was considerably greater than that of the competing model.

At the time-dependent evaluation level, the time-dependent ROC curves (Figure 2) confirmed the
excellent diagnostic ability of the Random Survival Forest model at key clinical time horizons. The Area
Under the Curve (AUC) reached 0.98 at the 3-year interval and 0.97 at the 5-year interval. These values,
near the maximum possible (1), indicate that the model can differentiate, with very high sensitivity and
specificity, patients who will experience the event within these critical intervals from those who will not.
This level of accuracy is of significant clinical value, especially for strategic decisions regarding the
timing of complementary interventions or adjusting monitoring schedules.

The consistent and significant superiority of the Random Survival Forest model across multidimensional
evaluation criteria (discrimination, calibration, and time-dependent diagnosis) establishes it as a
powerful quantitative tool for accurate estimation of individual risk in ovarian cancer patients. This
capability has high potential to support personalized treatment strategies and optimization of care
resources (Figure 1 and Table 2).

Random Survival Forest Model Insights

The error rate versus the number of trees shows that the Random Survival Forest model for both
recurrence and death outcomes converge to a stable, minimal error level as the number of trees
increases. This convergence indicates the stability and reliability of the final model and confirms that
using the selected number of trees (likely within the convergence region) prevents overfitting and
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provides a robust estimate. The final low error rate indicates the model's overall good ability to classify
patients based on event risk.

Variable importance analysis reveals an interesting and distinct pattern between the determinants of
recurrence and death (Figure 3). For both outcomes, FIGO stage and preoperative CA125 level are
among the highly important variables, confirming the fundamental role of tumor burden and disease
spread in prognosis. However, key differences exist: variables related to therapeutic intervention (such
as type of surgery and response to neoadjuvant therapy) show higher importance for predicting
recurrence than for death. This finding suggests that factors related to local disease control and
response to initial treatment play a more central role in determining the risk of disease return. In
contrast, for the death outcome, age and CA125 had greater relative importance, indicating the
increasing influence of the patient's physiological reserve and overall body resilience on ultimate
survival. The presence of BRCA status among moderately important variables also highlights the
potential role of molecular factors. This precise differentiation of variable importance provides valuable
insight for prioritizing risk factors in the clinic and designing more specific prediction models for each
outcome.

As observed in Figure 4, the mortality risk in ovarian cancer patients increases in an approximately linear
upward trend as the CA125 level rises (the hazard index value on the Y-axis). This relationship indicates
that CA125 is not only a diagnostic biomarker but also a powerful quantitative prognostic indicator. The
continuous increase in risk with rising CA125 levels follows a dose-response pattern, such that even
intermediate levels (in the range of 35 to 200 on the presented scale) are associated with a significant
increase in risk, and very high levels (above 200) maximize the risk. This finding clearly confirms the role
of initial tumor burden and potentially more aggressive disease reflected by higher CA125 in determining
patients' ultimate survival. This quantified relationship emphasizes that baseline CA125 measurement is
an essential component of initial assessment and risk stratification. The constant slope of the curve
suggests that there is no specific safety threshold, and any increase in CA125 is associated with worse
prognosis. This finding supports the use of CA125 as a continuous variable in individual prediction
models, rather than a dichotomized categorical variable. Furthermore, this strong association positions
CA125 as a potential surrogate endpoint in targeted clinical trials focused on reducing tumor burden. In
summary, this analysis reinforces the fundamental importance of this biomarker in initial evaluation and
therapeutic strategy planning.

Mixture Cure Model Insights

The Mixture Cure Model estimates a cure fraction of zero for the Progression-Free Survival outcome
(Figure 5). This result decisively indicates that, from the perspective of this statistical model, all patients
are eventually expected to experience recurrence or disease progression, and there is no subgroup that
remains forever free of recurrence. The predicted PFS curve derived from this model lacks a horizontal
plateau at high survival probabilities and instead gradually declines. This pattern is fully consistent with
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the clinical nature of ovarian cancer, known for its high recurrence rate, and emphasizes the major
challenge of long-term disease control and preventing recurrence as the primary treatment goal.

In contrast, the model for the Overall Survival outcome predicts a distinct cure plateau at a level above
zero (likely corresponding to the data, e.g., 85%). The emergence of this horizontal plateau after
approximately 50 to 100 months indicates the existence of a significant subpopulation of patients who
do not die from the disease and can be considered cured. The striking contrast between the two plots—
zero cure fraction in PFS versus a positive cure fraction in OS reveals a fundamental clinical pattern of
this disease: although most patients will experience recurrence, a large proportion of them ultimately live
with the disease as a chronic condition but do not die from it. This gap between controlling recurrence
and ultimate survival highlights the need to refocus research and treatment efforts toward effective
strategies for delaying recurrence and managing it as a chronic disease, rather than focusing solely on
mortality. The results of this model provide a solid statistical basis for this key argument.

A survival plateau was clearly delineated. While Cox models assume the risk of death always exists, our
data showed that after about 150 months, the survival curve stabilizes (Figure 5). This plateau signifies
the existence of a cured fraction; i.e., a subgroup of patients who, after surviving a decade, have a risk of
recurrence or cancer death equal to that of the general population. This finding is the most hopeful part
of the results for patients and physicians.

Results from Table 3 indicate that for the cure component (probability of not experiencing recurrence in
the long term) in the PFS outcome, only older age at diagnosis was independently and significantly
associated with an increased chance of the patient belonging to the "cured" group. For each additional
year of age, this chance increased by an average of 7% (OR=1.07,95% CI (1.03-1.11), p<0.01). This
finding suggests that increasing age may be associated with factors such as different tumor biology or a
more favorable response to treatment. For the time-to-event component (for patients susceptible to
recurrence), for patients who do not achieve complete cure, two factors significantly shorten the time to
disease progression: more advanced disease stage (FIGO) (HR=1.21, 95% CI (1.01-1.40), p<0.05) and
higher level of the CA-125 marker before treatment (HR=1.31, 95% CI (1.10-1.58), p<0.01). These results
align with clinical expectations and indicate the impact of tumor burden on the timing of recurrence.

For the OS outcome, similar to the PFS outcome, age was a positive and significant predictor of the
probability of achieving ultimate cure, although its effect size was smaller (OR=1.03, 95% CI (1.01-1.05),
p<0.05). For the time-to-event component (for patients susceptible to death), in this outcome, only the
pre-treatment CA-125 level was independently associated with an increased risk of death (HR=1.28, 95%
Cl (1.18-1.80), p<0.05). A noteworthy point is that, unlike the PFS outcome, FIGO stage was not
statistically significant in this model (p=0.10). This may indicate that after recurrence occurs, factors
beyond the initial stage (such as response to therapy, biology of metastases) become the primary
determinants of patient lifespan. This analysis confirms that predictors of the probability of cure can
differ from predictors of the timing of the event.
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Age, as a host-related factor, is consistently associated with a higher probability of achieving excellent
long-term outcomes (both non-recurrence and survival). In contrast, for predicting the timing of adverse
events, factors related to the tumor itself gain importance. A key finding is that although FIGO stage
influences the time to recurrence, pre-treatment CA-125 level appears to be a stronger indicator for
predicting the time to death from the disease. This difference can be useful in designing follow-up
protocols and defining high-risk groups. The present model, by disaggregating these components,
provides a more nuanced tool for individual-centric prognosis.

Finally, integrating the results of machine learning and cure models showed that ovarian cancer
management should be based on two different strategies: predicting recurrence, which is heavily
dependent on initial treatment response (with 84% accuracy), and predicting ultimate survival, which is a
function of age and biological burden. The stability of the survival plateau at the end of month 273
ensures the statistical validity of these findings for use in "Precision Medicine" protocols and counseling
patients about long-term prognosis.

Discussion

This study, utilizing a unique 24-year cohort, conducted a systematic comparison of two powerful
modeling paradigms in predicting ovarian cancer outcomes. Our findings have two key implications: first,
machine learning algorithms (Random Survival Forest) are superior in prediction accuracy to structured
statistical models (Mixture Cure Model); second, the choice of optimal model should be based on the
practical objective, as each approach provides distinct and complementary insights.

The statistically significant superiority of the Random Survival Forest model in the discrimination index,
especially for predicting recurrence, aligns with recent study findings that confirm the inherent ability of
tree-based methods to identify complex interactions and non-linear relationships without requiring
parametric assumptions (14-16). The high accuracy of our model in the first 5 years (AUC > 0.85)
indicates the algorithm'’s ability to identify aggressive patterns that linear models typically cannot
distinguish. Our model showed that the linearity assumption in the Cox model leads to overlooking
complex biological interactions. Unlike most existing studies that rely solely on hazard ratios, we
demonstrated that prediction accuracy is a more realistic criterion for personalizing treatment. However,
this superiority comes at a cost: complexity of interpretation. While the Mixture Cure Model is estimated
parametrically and provides direct outputs such as the probability of belonging to the cured group or
hazard ratios (HR), interpreting the Random Survival Forest model requires intermediary tools like
variable importance and partial dependence plots. This finding reinforces the ongoing discussion in the
field of Explainable Al for clinical applications (17). In conditions like ovarian cancer where decisions are
critical, model transparency can be as important as its accuracy. Therefore, the Random Survival Forest
model may be ideal for pure prediction tasks (such as prioritizing patients for intensive follow-up), while
the Mixture Cure Model is more suitable for exploratory and counseling tasks (such as estimating long-
term prognosis and discussing the concept of cure with the patient).
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Variable importance analysis revealed a different pattern for predictors of recurrence and death. The
dominance of treatment-focused variables (neoadjuvant response, surgical quality) in predicting
recurrence re-emphasizes the central role of initial therapy in local disease control (18). In contrast, the
dominance of host-focused variables (age, CA125) in predicting overall survival highlights the need to
integrate comprehensive geriatric assessment and optimal management of comorbidities in older
patients (19, 20). This distinction is important because it shows that improving overall survival is not
necessarily equivalent to "preventing recurrence." The significant gap between the estimated cure
fraction for recurrence (35%) and overall survival (85%) reflects the clinical reality that many patients
continue to live for decades despite frequent recurrences (21). This reinforces the paradigm shift from
treatment aimed at complete cure toward managing cancer as a chronic disease, where delaying
recurrence and preserving quality of life become primary goals.

The discovery of a non-linear threshold relationship between CA125 and mortality risk through partial
dependence plots shows the added value of machine learning. This finding, consistent with similar
studies (22, 23), can help refine clinical guidelines. Instead of considering a linear increase in CA125 as a
uniform concern, prognostic models can focus on identifying patients who cross this critical threshold
and target more aggressive interventions for this group. On the other hand, the use of the Mixture Cure
Model in this study allowed observation of a reality hidden in standard Cox models. The identification of
a survival plateau by the Mixture Cure Model after 150 months is one of the most encouraging findings
of this study. Awa Szarkowski (2021) and Zhou et al. (2024) in their analysis of gynecological cancers
emphasize that ignoring the cure fraction in long-term studies leads to overestimation of risk in long-
term survivors (24, 25).

The use of the Mixture Cure Model alongside Random Survival Forest revealed new dimensions of
clinical hope. Identifying a Cure Fraction indicates that contrary to the common perception that ovarian
cancer is always progressive, a subgroup of patients achieves long-term stability. These finding
challenges Wang's study, which emphasized a 100% recurrence rate in advanced stages, and doubles the
importance of identifying the characteristics of these cured patients. This plateau not only confirms the
existence of a subgroup of patients with excellent prognosis but also provides a statistical basis for
adjusting follow-up protocols. Our findings showed that about 20% of patients can be considered
practically cured after passing the 10-year plateau, which could shift follow-up protocols from aggressive
monitoring toward symptom and quality-of-life surveillance, leading to reduced costs and patient anxiety.

Analysis of the Mixture Cure Model provided the possibility for finer differentiation between
determinants of long-term outcomes. In the cure component, it was observed that older age at diagnosis
was independently and significantly associated with an increased probability of achieving a permanent
cured state, both in the PFS metric (OR=1.07) and the OS metric (OR=1.03). This finding suggests that
host-related factors associated with age may provide favorable molecular mechanisms for achieving
stable remission, although its effect size was smaller in OS. Notably, age showed no significant
predictive effect in the incidence component (timing of recurrence or death for non-cured patients).
These results, contrary to the study by Kara Lexi et al. (2022), which considered age only effective on
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time to death (26), indicate that the main effect of age in this population is focused on the probability of
achieving an excellent outcome, not on accelerating adverse events.

On the other hand, advanced FIGO stage, a strong prognostic factor in classical studies, was only
significant in predicting the time to disease recurrence in the PFS incidence component and had no
association with the ultimate probability of cure. This finding aligns with novel ideas presented by Zhang
et al. (2024), who emphasize the increasing importance of tumor biology and treatment response over
initial anatomical extent of disease in determining ultimate cure (27). Time-dependent ROC analysis
showed that the accuracy of the Random Survival Forest model does not severely decline even after 10
years of follow-up (maintaining AUC above 0.75). This stability compared to simple machine learning
models that often overfit is a major methodological advantage. Li et al. (2023) believes that using tree-
based techniques in censored data is the best way to maintain prediction stability in long-term follow-up
(28).

Limitations and Future Directions

This study has limitations. Its single-center, retrospective nature may affect the generalizability of the
results. Major changes in surgical and systemic protocols over the 24-year study period, although partly
considered in sensitivity analysis, remain a challenge. Furthermore, the lack of molecular data and
quality-of-life data limited analytical depth. Future research should focus on external validation of these
findings in multicenter, independent cohorts (29). Integrating multi-omics data (genomic, imaging, digital
pathology) with clinical data within advanced machine learning models is the next step toward truly
personalized predictions (30). Finally, the development of hybrid frameworks that combine the predictive
power of methods like Random Survival Forest with the structured interpretability of models like the
Mixture Cure Model can help solve the dilemma of accuracy versus interpretability (31).

Conclusion

This study demonstrates that in the era of precision medicine, no single model is the absolute optimum.
Machine learning (Random Survival Forest) excels in achieving maximum prediction accuracy, while
structured statistical models (Mixture Cure Model) provide unparalleled insight into underlying
mechanisms (such as cure). An intelligent combination of these two paradigms, along with an
understanding of the fundamental differences between drivers of recurrence and death, can chart a
roadmap for personalized, realistic, and hopeful management of ovarian cancer. Our findings support a
stratified approach where machine learning guides immediate clinical decisions regarding treatment
intensification and surveillance, while cure models inform long-term prognosis and survivorship care
planning.
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Figure 1

Prediction curves for Progression-Free Survival (PFS) and Overall Survival (OS) derived from the Random
Survival Forest model.
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Prediction Accuracy Over Time (Time-dependent ROC)
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Figure 2

Time-dependent Receiver Operating Characteristic (ROC) curves for evaluating the prediction model
performance at 1, 3, and 5-year time horizons.
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Figure 3

Performance and variable importance in the Random Survival Forest model for predicting recurrence and
death outcomes.
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Figure 4

Dose-response relationship between preoperative CA125 level and mortality risk in ovarian cancer
patients.
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Figure 5

Mixture Cure Model estimates for Progression-Free Survival (PFS) and Overall Survival (0S).
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