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Simple Summary

Accurately estimating the risk of cancer recurrence after surgery is essential for personalizing follow-
up care. However, traditional tools like the TNM staging system and logistic regression models have
limited precision. In this study, we applied machine learning to develop a new predictive model
using information already available in a patient's electronic health record. By analyzing data from
over 7,000 patients, our model significantly outperformed traditional methods in forecasting both
cancer recurrence and patient survival. The model utilizes 17 routinely available clinical variables,
including blood test results and tumor characteristics, and can help clinicians identify patients at
higher risk who may benefit from more intensive therapy and closer postoperative surveillance.

Abstract

Background: Accurate prediction of outcomes in colorectal cancer (CRC) is essential for personalized
treatment. Conventional prognostic tools, including TNM staging, have limited accuracy. Machine
learning (ML) may better capture complex prognostic patterns. Methods: In a retrospective
multicenter cohort of 7,253 non-metastatic CRC patients after radical surgery, we compared
prognostic accuracy for predicting recurrence and mortality using: a baseline TNM stage model; a
logistic regression model with six clinicopathological variables; and ML algorithms (Logistic
Regression, Random Forest, XGBoost, LightGBM, CatBoost) with hyperparameter optimization
(Optuna) and iterative feature selection. Binary outcomes (recurrence and all-cause mortality at 1 and
3 years) were used for ML training. Performance was assessed using area under the ROC curve
(AUC). Results: The stage-only model showed poor discrimination (weighted AUC: 0.541 for
mortality, 0.528 for recurrence). Logistic regression improved predictions (AUC: 0.759 and 0.645,
respectively). Among ML models, CatBoost achieved the best performance. After iterative feature
selection, the optimized CatBoost model utilizing 17 clinical variables demonstrated superior cross-
validated AUCs of 0.81 for mortality and 0.84 for recurrence, consistently outperforming both
baseline models across all time horizons. External validation on 1,452 held-out patients confirmed
robustness with AUCs of 0.83 for mortality and 0.91 for recurrence. Conclusion: An optimized
CatBoost model significantly outperforms traditional TNM staging and logistic regression in
predicting recurrence and mortality in CRC using 17 routinely available variables. This
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parsimonious, data-driven tool offers improved individualized risk assessment for guiding post-
operative management. Prospective validation is warranted.

Keywords: colorectal cancer; cox regression; machine learning; CatBoost; survival analysis; AUC;
TNM staging

1. Introduction

Colorectal cancer (CRC) is the third most commonly diagnosed cancer and the second leading
cause of cancer death worldwide [1]. Advances in screening and treatment have led to a high 5-year
survival rate of 90-91% for localized disease [2]. Despite this progress, the risk of recurrence remains
a major determinant of long-term outcomes, with modern estimates ranging from approximately 7%
in stage I to 29% in stage III disease after curative surgery [3].

This persistent risk underscores the clinical challenge of identifying high-risk patients. Current
surveillance protocols are largely uniform, potentially misallocating resources.[3] Accurate risk
stratification is therefore essential to personalize follow-up. While traditional Cox regression
provides a baseline, machine learning (ML) models may better capture complex prognostic patterns.

Personalized risk prediction may also guide adjuvant treatment decisions in the future. Recently,
ctDNA detection has been recognized as a tool for selecting high-risk patients for adjuvant
chemotherapy [4], and additional prognostic tools may further improve treatment personalization.

Previous publications have demonstrated the potential of machine learning-based prognostic
models to accurately predict the risk of progression and survival in colorectal cancer patients after
radical surgery. Studies using radiomics and clinical data have achieved C-indices up to 0.836 and
accuracies up to 90.85% for recurrence prediction [5,6]. Models integrating clinical and genomic data
have reported AUCs of 0.850-0.872 for survival prediction [7]. However, most of these data sources
may have limited availability in daily practice. In contrast, data collected from electronic health
records (EHR) are readily accessible and have demonstrated comparable efficacy [8,9]. However,
outcomes across trials remain inconsistent due to the high heterogeneity of algorithms, clinical
settings, and validation methods used. Furthermore, only a limited number of studies have directly
compared machine learning models with traditional prognostic approaches, such as logistic
regression or Cox regression, to demonstrate the superiority of ML-based algorithms [9].

We've conducted this study aiming to develop a ML-based prognostic model using only the
readily available data from EHRs gathered in routine daily practice.

This study aimed to: develop a ML model to predict CRC recurrence and all-cause mortality in
CRC patients undergoing radical surgery and to compare it with TNM staging and non-ML
prognostic models.

2. Materials and Methods
2.1. Study Population and Data

This retrospective study analyzed data from EHRs of stage I-III CRC patients who underwent
curative-intent surgical resection in 3 tertiary cancer centers during 2017-2024. The exclusion criteria
were: distant metastases, multiple primary cancers. The depersonalized patient data was extracted
from the hospital registries and united into a single dataset. A total of 143 data features were initially
extracted for the database.

The study protocol was approved my the ethics committee of the N.N.Blokhin Russian Cancer
Research Center (protocol number 01062024). The written informed consent requirement was waived
considering the retrospective nature of the analysis.
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2.2. Predictor Variables and Target Outcomes

Predictors:

- Stage-Only Model: TNM disease stage.

- Logistic Regression Model: Univariate analysis was performed for all 52 extracted features, and
the model was developed based on variables significantly (p<0,05) associated with the outcome. The
final model retained six predictors: pT stage, pN stage, number of examined lymph nodes, perineural
invasion, serum aminotransferase (AST) level, and international normalized ratio (INR).

- ML Model: Among 143 data features included in the dataset, 52 potentially relevant variables
were selected, encompassing demographics, clinical characteristics, laboratory results, and treatment
details. Further feature selection using iterative elimination was performed, resulting in a final model
based on 17 variables. The full list of extracted clinicopathological variables and the final selected
features are presented in Supplement Table S1.

J Target Outcomes: Two primary endpoints were analyzed:

1. Recurrence: Defined as either locoregional or distant disease recurrence.
2. Mortality: Defined as death from any cause.
Binary outcomes were constructed for 1-, 3-year prediction horizons for model evaluation.

2.3. Statistical and Machine Learning Analysis

2.3.1. Stage-Only & Cox Models:

Time-dependent AUC was calculated for each horizon (1, 3 years). The overall integrated
discrimination was summarized using a weighted mean AUC, where weights were proportional to
the number of events in each interval.

2.3.2. Machine Learning Model:

Missing Data Handling and Imputation Strategy

Missing values were addressed within the cross-validation loop to avoid information leakage.

For numeric and binary variables, we performed feature-wise selection of imputation strategies,
evaluating several simple imputation rules (mean, median, most frequent, and a constant value) and
a neighbor-based method (k-nearest neighbors imputation) as an alternative global strategy. KNN-
based imputation estimates missing entries using the mean value from the nearest samples computed
with a distance metric that supports missing values.

The choice of imputation approach was guided by cross-validated loss: we first selected the best
simple strategy for each feature, and we additionally compared the resulting per-feature scheme
against KNN imputation to choose the overall best imputation pipeline.

CatBoost was treated separately because it supports missing numerical values natively.
Specifically, CatBoost can process NaNs by treating them as extreme values (minimum or maximum)
and explicitly considering splits that separate missing from non-missing values; the behavior is
controlled via the nan_mode setting.

Model Training and Evaluation

We evaluated a set of commonly used machine-learning algorithms for binary risk prediction,
including logistic regression, random forest, and gradient-boosted decision tree models (CatBoost,
XGBoost, and LightGBM). The objective was to identify the best-performing approach under a
unified training and evaluation protocol, while ensuring robust generalization.

Data Prepocessing

For each candidate algorithm, hyperparameters were optimized using Optuna, an automatic
hyperparameter optimization framework that implements an imperative “define-by-run” API and
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supports efficient search and pruning strategies. Hyperparameter tuning was performed within the
cross-validation scheme, using cross-validated loss as the optimization objective, and the best
configuration was then used for model comparison and subsequent analyses.

After comparing candidate algorithms, CatBoost was selected as the final model based on cross-
validated performance. In the final stage, we performed an iterative feature selection procedure
driven by model-based feature importance: at each iteration, feature importance was computed, the
least informative features were removed, and the model was retrained. Importantly, at each iteration
we re-ran the full training pipeline, including re-optimizing hyperparameters and re-selecting the
missing-value handling strategy when applicable, and recorded the resulting loss. This process was
repeated until removing additional features no longer improved performance or led to degradation.
After iterative feature elimination and model retraining, a final set of predictors was retained in the
CatBoost model. Feature importance was estimated using model-based importance scores, reflecting
each variable’s contribution to the predictive performance.

Evaluation and Validation

Model performance was assessed using the area under the receiver operating characteristic
curve (AUC) for predicting recurrence and all-cause mortality at 1 and 3 years post-surgery.

Of the total 7,253 patients, 5,801 were used for machine learning analysis. No additional train-
test split was performed; instead, five-fold cross-validation was applied on the entire cohort of 5,801
patients. Within each fold, hyperparameter tuning and iterative feature selection were performed on
the training portion, and performance was evaluated on the held-out fold. The final reported AUC
represents the average across all five folds.

The remaining 1,452 patients from the original database were not exposed to the model during
cross-validation and were held out for external validation to assess generalizability.

3. Results

3.1. Patient Characteristics

The study cohort for comprehensive analysis comprised 7,253 patients. Among them, 3,639
(50.2%) were female. The distribution of disease stages showed a predominance of stage III (3,228
patients, 44.5%), followed by stage II (2,890 patients, 39.8%). At the time of final analysis, a recurrence
event was documented in 693 patients (9.6%), and death from any cause was recorded for 1,344
patients (18.5%). Patient characteristics are summarized in Supplement Table S2.

3.2. Performance of the Stage-Only Model

Using a large cohort (n=7,253), a model based solely on TNM stage demonstrated very limited
discriminatory ability for predicting mortality (AUC = 0.551) and recurrence (AUC = 0.552) over 3
years (Table 1). This established a performance baseline.

Table 1. Prognostic Performance of the TNM Stage-Only Model.

Endpoint Time horizon AUC
Mortality 1 year 0,54
3 years 0,56

Recurrence 1 year 0,53
3 years 0,55

3.3. Performance of the Logistic Regression Model

Logistic regression analysis was performed to develop a prognostic model for both recurrence
and all-cause mortality. Initially, univariate analysis was conducted separately for recurrence and
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mortality at each time point (1 and 3 years). This revealed that different variables were significantly
associated with each outcome and time horizon.

Multivariate analysis was then performed, but the resulting models showed inconsistent
performance. For recurrence, three variables remained significant, and while the model performed
well for overall recurrence, it failed to maintain predictive accuracy at individual 1-, 3-year time
points. For mortality, only two variables were significant in multivariate analysis, and the resulting
model showed poor predictive performance across all time points.

Given these limitations, an alternative approach was adopted. Rather than relying on
multivariate selection, we performed iterative backward elimination, removing one variable at a time
while monitoring model performance. The final model was selected based on the optimal balance
between parsimony (fewest predictors) and predictive accuracy for both outcomes across all time
points.

The final logistic regression model included six variables: pT stage, pN stage, number of
examined lymph nodes, perineural invasion, AST, and INR. This single model was used to predict
both recurrence and mortality, overall and at each time point (1 and 3 years).

On the entire cohort, the model demonstrated good predictive performance with an overall AUC
of 0.7 for both recurrence and mortality. For recurrence, AUC values reached 0.85 and 0.87, at 1, 3
years, respectively. For mortality, AUC values were 0.82 and 0.85 at the same time points.

To further validate model performance, we subsequently split the dataset into a training cohort
(70%) and an internal validation cohort (30%). The model was retrained on the training set and
validated on the test set. The results were consistent with the initial findings and are presented in a
heatmap (Figure 1), confirming the robustness of the final six-variable model across different data
splits and time horizons.

Recurrence Death
o '
o
o '
Overall Year1 Year3 Overall Year1 Year3
AUC Value
]

0.60 0.70 0.80 0.90 1.00

Figure 1. Logistic regression model performance (AUC) for recurrence and survival prediction.

3.4. Comparison and Performance of Machine Learning Models

Among the ML algorithms evaluated with five-fold cross-validation on the cohort of 5,801
patients, CatBoost consistently achieved the highest AUC for both endpoints (Table 2). It
outperformed both the logistic regression model and other ML algorithms, with a cross-validated
AUC of 0.770 for mortality and 0.749 for recurrence.
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Table 2. Cross-Validated ROC-AUC of Machine Learning Algorithms.

Algorithm Recurrence AUC Mortality AUC
CatBoost 0.749 0.770
Random Forest 0.738 0.748
XGBoost 0.736 0.747
LightGBM 0.725 0.741
Logistic Regression 0.692 0.713

3.5. Feature Optimization and Final Model Configuration

After evaluating multiple feature combinations, iterative feature selection was performed within
the cross-validation framework. The optimal predictive performance was achieved with a refined set
of 17 clinically relevant variables: absolute lymphocyte count, surgical approach, hemoglobin,
weight, AST, leukocytes, number of positive lymph nodes, pretreatment CEA, platelets, height,
number of examined lymph nodes, age at treatment initiation, total bilirubin, pT stage, NRAS
mutation status, operation name, and disease stage.

The performance of the final optimized CatBoost model was assessed using two approaches:
cross-validation on the entire cohort of 5,801 patients and external validation on the held-out cohort
of 1,452 patients not exposed to the model during development.

When evaluated on the entire cohort using 43 features, the model achieved an AUC of 0.78 for
recurrence and 0.81 for mortality. After feature selection, the 17-feature model demonstrated
improved performance with cross-validated AUCs of 0.84 for recurrence and 0.81 for mortality. By
time point, recurrence AUCs ranged from 0.82 to 0.85, and mortality AUCs ranged from 0.78 to 0.83
across 1, 3, and 5 years.

External validation of the 17-feature model showed even higher performance, with an overall
AUC of 0.91 for recurrence and 0.83 for mortality. At individual time points, recurrence AUCs ranged
from 0.84 to 0.91, while mortality AUCs ranged from 0.65 to 0.75.

The model achieved excellent discrimination for both primary endpoints, with cross-validated
AUC values ranging from 0.78 to 0.85 across different prediction windows. Notably, the external
validation demonstrated even higher performance for recurrence prediction, confirming the
robustness and generalizability of the final 17-feature CatBoost model. The results were consistent
with the initial findings and are presented in a heatmap (Figure 2)

Recurrence

External validation (17 features) ' 0.89

Cross-validation (17 features)

Entire cohort (17 features)

Figure 2. Machine learning model performance (AUC) for recurrence and survival prediction.
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3.6. Comparison of Logistic Regression and Machine Learning Models

Direct comparison of the final logistic regression model (6 variables) and the optimized CatBoost
model (17 variables) revealed superior performance of the machine learning approach across all
endpoints and time horizons.

The logistic regression model demonstrated good predictive ability on the entire cohort, with an
overall AUC of 0.72 for both recurrence and mortality. At individual time points, it achieved AUCs
of 0.85 and 0.87 for recurrence at 1, 3 years, respectively, and 0.82 and 0.85 for mortality. However,
when evaluated on the internal validation set (30% hold-out), performance declined, with overall
AUCs of 0.79 for recurrence and 0.66 for mortality, suggesting some degree of overfitting.

The CatBoost model, after iterative feature selection, achieved notably higher cross-validated
performance with 17 features: overall AUCs of 0.84 for recurrence and 0.81 for mortality. By time
point, recurrence AUCs ranged from 0.82 to 0.85, and mortality AUCs from 0.78 to 0.83. Most
impressively, on external validation, the CatBoost model maintained or even improved its
performance, achieving AUCs of 0.91 for recurrence and 0.83 for mortality overall, with recurrence
AUCs reaching 0.84-0.91 across individual time points.

While the logistic regression model offers the advantage of interpretability with fewer variables,
the CatBoost model consistently outperformed it across all metrics, particularly in external validation.
The improvement was most pronounced for recurrence prediction, where the CatBoost model
showed a 19% increase in overall AUC compared to logistic regression (0.91 vs. 0.72 on external
validation). These findings underscore the value of machine learning approaches for capturing
complex nonlinear relationships in clinical data, even when using a relatively modest set of routinely
available variables.

4. Discussion

This study provides a direct, head-to-head comparison of three prognostic approaches for
patients with colorectal cancer: a model based solely on TNM stage, a multivariable logistic
regression model, and a machine learning model (CatBoost).

Our findings are consistent with the existing literature on machine learning-based
prognostication in CRC. The strong performance of gradient boosting methods observed in our study
is supported by multiple previous investigations. Kayikcioglu et al. [10] reported an AUC of 0.92 for
recurrence prediction using CatBoost in a cohort of 396 patients that included laboratory parameters
(CEA, albumin, platelet count, neutrophils, lymphocytes). Rodriguez et al. [11] achieved an AUC of
0.94 for recurrence prediction using XGBoost that incorporated longitudinal CEA measurements,
demonstrating the added prognostic value of repeated biomarker assessments over time. Susic et al.
[7], in a sample of 1,236 patients, reported the following AUC values for 5-year survival: logistic
regression 0.87, XGBoost 0.86, LightGBM 0.86, and RF 0.85. Buk Cardoso et al. [12], in the largest
cohort to date (31,916 patients), documented an AUC of 0.86 for XGBoost and 0.84 for RF. The
consistency of these findings across diverse populations and healthcare settings underscores the
robustness and generalizability of tree-based ensemble methods for survival prediction in CRC.

The advantage of gradient boosting algorithms becomes particularly evident when laboratory
parameters are included in the model. In the study by Kayikcioglu et al. [10], the model incorporated
multiple laboratory parameters: CEA, albumin, platelet count, neutrophils, and Ilymphocytes. These
inherently continuous features often exhibit non-linear relationships with clinical outcomes and were
effectively captured by the CatBoost algorithm. This supports the notion that gradient boosting
methods are particularly well-suited for modeling complex interactions and threshold effects present
in laboratory data. In our study, the inclusion of 17 heterogeneous features (clinical, demographic,
and laboratory variables) similarly favored tree-based methods over linear approaches, with
CatBoost achieving the highest AUC values (0.749 for recurrence and 0.770 for mortality). The
superiority of machine learning algorithms over traditional regression models observed in our study
aligns with the results reported by Tang et al. [13], where XGBoost (AUC 0.86) outperformed logistic
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regression (AUC 0.83), as well as with the work of Alinia et al. [9], where gradient boosting (AUC
0.96) and mboost (AUC 0.88) substantially surpassed Cox regression (AUC 0.54-0.71).

It is noteworthy that studies conducted on smaller cohorts, such as Alinia et al. [9] (N =284, AUC
0.96 for recurrence and 0.88 for mortality) and Kayikcioglu et al. [10] (N = 396, AUC 0.92), reported
higher absolute AUC values compared to our larger cohort. This discrepancy likely reflects the
absence of overfitting in our models and the greater heterogeneity inherent to larger populations. In
contrast, our results are comparable to studies by Buk Cardoso et al. [12] (N = 31,916, AUC 0.86).

In our analysis, XGBoost and RF demonstrated nearly identical performance (AUC 0.74 for
recurrence and 0.747-0.748 for mortality), a pattern also observed in other large-scale studies [7,12].
This convergence may be attributed to the stabilizing effect of large sample sizes, which reduces
variance between ensemble methods. However, in the study by Alinia et al. [9], conducted on the
smallest sample (N = 284), RF exhibited a marked decline in performance (AUC 0.50 for both
recurrence and mortality). This observation suggests that in small datasets, boosting may be more
robust due to sequential error correction, whereas RF, by averaging multiple trees, may be more
susceptible to noise and class imbalance. Logistic regression consistently underperformed relative to
tree-based models (AUC 0.69-0.71), confirming the presence of non-linear dependencies and feature
interactions in CRC data that cannot be adequately captured by linear models.

The final model incorporates 17 predictors, a number that falls within the optimal range
identified in the literature, where most studies utilize between 10 and 20 parameters [8,19-21]. This
balance is crucial for maintaining model parsimony without sacrificing predictive performance.

Comparison of our results with those of Susi¢ et al. [7] revealed differences in the predictive
importance of molecular biomarkers. In the study biomarkers such as KRAS, BRAF, and MSI did not
rank among the most important prognostic features, being outperformed by clinical variables. In our
study, conversely, NRAS mutation status was identified as a significant predictor. This discrepancy
may be attributable to differences in cohort composition or feature engineering strategies. This
finding underscores the need for cautious interpretation of biomarker importance and suggests the
value of incorporating molecular data when available, although further validation on independent
cohorts is required.

Notably, both aspartate aminotransferase AST and INR emerged as significant predictors in our
logistic regression models. However, in the machine learning models, only AST retained its
predictive significance across all algorithms, while INR did not maintain consistent importance. The
persistent significance of AST across all modeling approaches suggests it captures a robust prognostic
signal, potentially reflecting underlying hepatic dysfunction that could affect postoperative
chemotherapy tolerability and dose intensity. However, due to the absence of detailed data on
planned and administered adjuvant chemotherapy, this hypothesis requires further investigation.
This finding highlights the potential value of incorporating liver function markers into prognostic
models and warrants validation in future studies with comprehensive treatment data.

An important observation pertains to model behavior upon external validation. While the
logistic regression model exhibited a decline in performance on the test set (AUC for recurrence
decreasing from 0.74 to 0.69, and for mortality from 0.74 to 0.64), the CatBoost model not only
maintained but improved its performance (recurrence AUC increasing from 0.84 in cross-validation
to 0.91 in external validation). This finding indicates that the machine learning model possesses
superior stability and generalizability —the capacity to maintain predictive accuracy when applied to
novel, previously unseen data.

Furthermore, while external validation is infrequently performed in prediction model studies
[19-21], we were able to validate our model on a substantial independent cohort (n = 1,452), where it
sustained its high predictive accuracy.

An important direction for future improvement involves incorporating longitudinal biomarker
data, as demonstrated by Rodriguez et al. [11], where dynamic changes in CEA over 6-month
intervals achieved an AUC of 0.94, substantially exceeding models based on static measurements.
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uture studies should explore whether integrating repeated measurements of key biomarkers could
enable dynamic risk stratification that updates over time.

In developing our model, we considered key aspects recommended by the updated
PROBAST+ALI tool [22], which is designed to assess the risk of bias and applicability of prediction
models, including those based on artificial intelligence. Our study incorporated several of these
criteria, including the use of multi-center data, clearly defined outcomes, external validation on an
independent cohort, and predictor selection based on clinical relevance. A formal assessment of our
model using the complete PROBAST+AI framework will be a crucial subsequent step to
comprehensively evaluate its quality and potential for clinical implementation.

A key strength of this study is its utilization of routinely collected clinical data from electronic
health records. Unlike approaches that rely on radiomics [15,16], pathomics [23], or genomics [24],
our methodology does not require specialized equipment or additional costs, which may facilitate its
integration into standard clinical workflows.

Looking ahead, the integration of our model into clinical practice could complement emerging
molecular markers of minimal residual disease (MRD), particularly circulating tumor DNA (ctDNA).
Detection of ctDNA has been demonstrated to identify patients at elevated risk of recurrence who
may benefit from adjuvant chemotherapy [4]. While c¢tDNA provides dynamic, biology-driven risk
assessment, our model offers static, baseline risk stratification using routinely available clinical
variables. Future iterations of the model could incorporate ctDNA status alongside other multi-omics
data, such as genomic or radiomic features, to create a more comprehensive prognostic instrument
that captures both tumor biology and clinical phenotype. Such multi-modal approaches may further
refine risk stratification and enable truly personalized treatment decisions.

This study has several limitations. Our primary focus was on model discrimination (AUC), and
we did not conduct a detailed analysis of model calibration. The considerable heterogeneity in
published studies also warrants caution when directly comparing absolute AUC values.
Furthermore, as all patients were recruited from three regions within the Russian Federation, the
model's performance should be validated in other geographic populations to confirm its
generalizability.

5. Conclusions

In conclusion, our CatBoost-based model, developed with 17 routinely available clinical
variables, demonstrates prognostic accuracy (AUC 0.84-0.91) comparable to the best-performing
models in the literature and consistently outperforms traditional logistic regression. Its stability,
strong performance on external validation, and reliance on readily accessible data make it a
promising tool for integration into clinical practice to support personalized risk stratification for
patients with colorectal cancer.
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Abbreviations

Al Artificial Intelligence

AST Aspartate Aminotransferase
AUC Area Under the Curve

CA19-9 Carbohydrate Antigen 19-9

CEA Carcinoembryonic Antigen

CRC Colorectal Cancer

ctDNA Circulating Tumor DNA

EHR Electronic Health Record

Hb Hemoglobin

1ICD International Classification of Diseases
INR International Normalized Ratio
LightGBM Light Gradient Boosting Machine
LVI Lymphovascular Invasion

ML Machine Learning

MRD Minimal Residual Disease

MSI Microsatellite Instability

PNI Perineural Invasion

PROBAST Prediction Model Risk of Bias Assessment Tool
RF Random Forest

ROC Receiver Operating Characteristic
SD Standard Deviation

TNM Tumor/Node/Metastasis

TRG Tumor Regression Grade

WBC White Blood Cells

XGBoost Extreme Gradient Boosting
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