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ABSTRACT: Colorectal cancer is the third most diagnosed cancer worldwide, and immune checkpoint inhibitors
have shown promising therapeutic outcomes in selected patient groups. This study performed a comprehensive
analysis of multi-omics data from The Cancer Genome Atlas colorectal adenocarcinoma cohort (TCGA-COADREAD),
accessed through cBioPortal, to develop machine learning models for predicting progression-free survival (PES)
following immunotherapy. The dataset included clinical variables, genomic alterations in Kirsten Rat Sarcoma Viral
Oncogene Homolog (KRAS), B-Raf Proto-Oncogene (BRAF), and Neuroblastoma RAS Viral Oncogene Homolog
(NRAS), microsatellite instability (MSI) status, tumor mutation burden (TMB), and expression of immune checkpoint
genes. Kaplan-Meier analysis showed that KRAS mutations were significantly associated with reduced PFS, while
BRAF and NRAS mutations had no significant impact. MSI-high tumors exhibited elevated TMB and increased
immune checkpoint expression, reflecting their immunologically active phenotype. We developed both survival and
classification models, with the Extra Trees classifier achieving the best performance (accuracy = 0.86, precision = 0.67,
recall = 0.70, Fl-score = 0.68, AUC = 0.84). These findings highlight the potential of combining genomic and immune
biomarkers with machine learning to improve patient stratification and guide personalized immunotherapy decisions.
An interactive web application was also developed to enable clinicians to input patient-specific molecular and clinical
data and visualize individualized PFS predictions, supporting timely, data-driven treatment planning.
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1 Introduction

Colorectal cancer (CRC) is the third most commonly diagnosed cancer and the second most common
cause of cancer-related death worldwide, contributing significantly to the global burden of disease [1]. In
the United States alone, there are over 135,000 new cases and 50,000 deaths due to CRC annually [2].
Despite advances in surgical approaches, chemotherapy, and radiotherapy, treatment resistance and recur-
rence remain significant clinical challenges. Recently, immunotherapy, and specifically immune checkpoint
blockade, has emerged as a novel treatment strategy for multiple malignancies, including CRC [3]. However,
only part of patients, notably those with microsatellite instability-high (MSI-H) tumors, receive substantial
and durable clinical benefit from immune checkpoint inhibitors (ICIs) [4]. This variability underscores
the importance of robust biomarkers and predictive modeling to personalize immunotherapy and enhance
outcomes in CRC.

Microsatellite instability (MSI) results from defects in the DNA mismatch repair (MMR) system, leading
to insertion-deletion mutations within repetitive microsatellite regions [5]. The MSI tumor phenotype
exhibits a hypermutation, resulting in a high tumor mutation burden (TMB) and the generation of
neoantigens, thereby increasing tumor immunogenicity. Approximately 15% of CRC tumors are MSI-H and
exhibit higher densities of cytotoxic T lymphocytes and increased levels of immune checkpoint molecules
such as programmed cell death protein 1 (PD-1), cytotoxic T-lymphocyte-associated protein 4 (CTLA-
4), and programmed death-ligand 1 (PD-L1) compared to non-MSI-H tumors [6,7]. These immunologic
characteristics contribute to the high response rate of MSI-H tumors to ICIs (e.g., pembrolizumab and
nivolumab) with sustained response and prolonged survival in landmark clinical trials (KEYNOTE-177 and
CheckMate-142) [8,9].

In addition to MSI status, oncogenic alterations in the RAS-RAF signaling pathway play a pivotal role
in modulating tumor biology and antitumor response. Mutations in the Kirsten rat sarcoma viral oncogene
homolog (KRAS) occur in approximately 40%-45% of CRC cases and lead to constitutive activation of
the MAPK pathway, promoting uncontrolled proliferation and immune evasion [10]. KRAS mutations are
strongly correlated with resistance to anti-epidermal growth factor receptor (EGFR) therapies and are
simultaneously linked to immunologically “cold” tumor phenotypes characterized by low levels of T-cell
infiltration [11]. The B-Raf proto-oncogene (BRAF) V600E mutation, present in roughly 10% of CRCs,
is associated with poor prognosis, increased metastatic potential, and variable immunotherapy response.
Mutations in the Neuroblastoma RAS viral oncogene homolog (NRAS) are less common (2%-5%) but also
contribute to oncogenic signaling and resistance to immune modulation [12,13]. Collectively, these genomic
alterations represent distinct subtypes of CRC characterized by unique biologically relevant immunologic
microenvironments and differential response to therapy. Tumor Mutation Burden (TMB) has been identified
as an independent predictor of response to ICIs in various cancers [14]. High TMB is associated with greater
somatic mutation load, including more neoantigens, leading to increased immune activation. However, in
CRC, the predictive value of tumor mutational burden (TMB) is dependent on context; tumors exhibiting
microsatellite instability-high (MSI-H) generally present with high

TMB and a high level of immunogenicity, whereas the majority of CRC cases (microsatellite stable, MSS)
present low TMB and limited immune response potential [15]. Thus, combining TMB with other genomic
and transcriptomic biomarkers may yield improved predictive performance in identifying responders
to immunotherapy.

Despite the effectiveness of immunotherapy in patients with MSI-H CRC, nearly 85% of patients
with CRC (the MSS cohort), derive minimal benefit from checkpoint blockade, delivering response rates
in the clinical setting of less than 5% [16]. Of the patients with MSI-H, at least one in two suffered
from a lack of response to ICIs. This indicates that MSI status alone cannot fully differentiate/or stratify
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patients [17]. Thus, there is a need for multi-parametric predictive models that can integrate prognostic
molecular, transcriptomic, and immunologic features to facilitate identifying patients most likely to benefit
from treatment and to avoid unnecessary toxicity in those unlikely to respond.

In this study, we used an integrated dataset of clinical, genomic, and transcriptomic data from the
TCGA-COADREAD cohort to predict the progression-free survival (PES) in patients with colorectal cancer
receiving immunotherapy. The dataset contains clinical and demographic information, mutational profiles
(including KRAS, BRAF, and NRAS mutations), MSI, TMB, and expression of immune checkpoint genes
(PD-1, CTLA-4, PD-L1). We implemented both survival modeling and classification machine learning
frameworks to predict patient outcomes and, more broadly, the risk of progression over time. By integrating
molecular and immunologic biomarkers, our approach aimed to enhance patient stratification and identify
individuals most likely to benefit from immunotherapy. Moreover, we created an interactive, real-time
predictive web application that enables clinicians and researchers to enter patient-specific genomic and
clinical data to view their individual predicted PFS probabilities. This tool bridges computational modeling
with clinical decision-making, offering a practical interface for personalized treatment guidance. The overall
methodological workflow of the proposed framework is shown in Fig. 1.
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Figure1: Overview of the proposed machine learning workflow for predicting immunotherapy outcomes in colorectal
cancer.

2 Materials and Analysis
2.1 Data Collection and Cleaning

The dataset used in this study was obtained from cBioPortal [18]. We extracted the TCGA Colorectal
Adenocarcinoma (TCGA-COADREAD) dataset, which comprised multi-omics data including clinical
characteristics, somatic mutation profiles, and gene expression measurements. The clinical dataset originally
consists of 594 patient samples, including demographic information as well as progression-free survival
(PFS) outcomes. Due to the sensitive nature of cancer-related data and the need for high fidelity, we chose
to remove the data samples with missing values. Therefore, the final cohort included 513 patients. The
demographic characteristics of the cohort were representative of a wide age range of patients (ages 31-
90 years old) and represented gender diverse groups (53% male, 47% female). The tumor stage for each
patient was assigned according to the clinical AJCC pathological staging (Stages I-1V), providing evidence
for comprehensive comparisons across clinical representation. The PES status of patients was composed of
74% being censored (no progression at last follow-up visit) and 26% indicating progression was confirmed.
Progression-free survival time was recorded as a continuous variable in months, measured from the date of
diagnosis to disease progression or last follow-up. Clinical features extracted for analysis included age, sex,
AJCC tumor stage, and survival endpoints. A comprehensive summary of baseline demographic, clinical,
and molecular characteristics of the study population is provided in Appendix Table Al.
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2.2 Rationale for Biomarker Selection and Feature Definition

We selected candidate biomarkers using three criteria. First, selection was literature-driven and focused
on features linked to immune checkpoint inhibitor response in colorectal cancer. We included microsatellite
instability and mismatch repair status based on the established sensitivity of mismatch repair-deficient
tumors to checkpoint blockade [5-7,17]. We included tumor mutational burden because it reflects neoantigen
load and has been associated with immunotherapy benefit across cancers [4,14]. We also included RAS-RAF
pathway mutations, including KRAS, BRAFE, and NRAS, because they are common drivers of colorectal can-
cer and associated with prognosis and treatment response [8-12]. Finally, we included immune checkpoint
pathway expression as a transcript-level marker of tumor immune activity and checkpoint engagement [3,19].
We specifically selected PDCD1, CTLA4, and CD274 because they represent core, clinically actionable
immune checkpoint axes. PDCDI1 encodes PD-1, and CD274 encodes PD-LI1, which define the PD-1, PD-L1
pathway targeted by approved therapies, and their expression is commonly used to reflect adaptive immune
resistance and T-cell exhaustion within the tumor microenvironment. CTLA4 is a key negative regulator of
T-cell priming and is relevant to combination checkpoint blockade strategies. Together, these genes provide
a compact transcriptomic proxy for checkpoint engagement and immune activity, complementing MSI
and TMB. Second, we prioritized features with consistent definitions across TCGA-COADREAD clinical,
mutation, and expression modalities, available through cBioPortal [18]. This ensured alignment of clinical
variables with somatic mutation calls and gene expression measurements for the same patients. Third, we
aimed for a compact feature set that is feasible to measure in routine workflows and practical to deploy in a
web-based prediction tool.

2.3 Somatic Mutation Analysis

Somatic mutation data were extracted from the mutation annotation format (MAF) file, which included
332,610 mutation events, given as 114 different annotation columns. Gene identities are given using the
HUGO gene nomenclature standardized format. We focused on important oncogenes within the RAS/RAF
signaling pathway: KRAS (Kirsten rat sarcoma viral oncogene homolog), BRAF (v-raf murine sarcoma
viral oncogene homolog B1), and NRAS (neuroblastoma RAS viral oncogene homolog). To perform further
statistical and machine learning analyses, the mutation status for each gene was converted to a binary variable
for each patient sample (1 = mutant, 0 = wild-type).

As shown in Fig. 2, using Kaplan-Meier survival analysis [20], we determined whether RAS/RAF
pathway mutation status was correlated with PES. Patients with KRAS-mutant tumors had a significantly
worse PES compared to those with wild-type tumors (log-rank test, p = 0.0087). In contrast, BRAF and NRAS
mutation status did not significantly impact prognosis (p = 0.1778 and p = 0.5881, respectively). Generally, the
results suggest that the KRAS mutation may have clinical significance as a prognostic marker for progression
in colorectal cancer.

2.4 Tumor Mutational Burden and Microsatellite Instability Assessment

Tumor Mutational Burden (TMB) was defined as the total number of non-synonymous somatic
mutations per tumor sample, calculated by summing all mutational events for each patient identifier in the
mutation data. TMB is a numerical indicator of genomic instability and has been associated with response
rates to immunotherapy [14]. Microsatellite Instability (MSI) status was derived from the MSI sensor scores
obtained from a clinical data file. MSI is caused by defects in DNA mismatch repair (MMR) machinery that
lead to an accumulation of insertion-deletion mutations at microsatellite loci. The sensor scores from the MSI
were categorized into a binary classification variable (MSI_BINARY), with samples classified as MSI-High
(MSI-H) or Microsatellite Stable (MSS/MSI-Low) based on established thresholds.
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Progression-Free Survival by Mutation Status
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Figure 2: Progression-Free Survival (PES) stratified by mutation status of KRAS, BRAFE and NRAS.

2.5 Gene Expression Profiling of Inmune Checkpoint Molecules

The gene expression data were derived from the RNA-sequencing data normalized using the RSEM
(RNA-Seq by Expectation-Maximization) algorithm. This dataset contained a total of 20,531 genes and
was profiled across 593 patient samples. The data were subsequently transposed so that samples were
observations and genes were considered features (data shape: 593 x 20,531). The expression values for
three immune checkpoint genes were identified: PDCDI1 (PD-1, Programmed Cell Death Protein 1), CTLA4
(Cytotoxic T-Lymphocyte-Associated Protein 4), and CD274 (PD-LI, Programmed Death-Ligand 1). These
three molecules act as prominent negative regulators of T-cell activation and are established therapeutic
targets for cancer immunotherapy [19].

The expression data of these immune checkpoint genes were then merged with datasets/clinical
information and mutation status for richer multi-omics data analyses. Based on the exploratory data analysis,
we found PDCDI expression levels were higher in MSI-H tumors than in MSS tumors (Fig. 3), consistent with
the hyper-mutated, immunogenic phenotype associated with MSI-H colorectal cancers. On the contrary,
CTLA4 expression showed no significant difference between the KRAS-mutant and wild-type groups.
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Figure 3: Expression of immune checkpoint genes by MSI and KRAS mutation status. (a) PDCD1 expression stratified
by MSI status. (b) CTLA4 expression stratified by KRAS mutation status,.
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2.6 Immunogenomic Feature Correlation and Interaction Analysis

We explored whether immune checkpoint molecules from gene expression levels exhibited
co-regulation patterns using Pearson correlation analyses. The results of the correlation analysis are displayed
in the heat-map in Fig. 4, with the analyses showing moderate positive correlations across all gene pairs.
PDCD1 and CTLA4 had the highest correlation (r = 0.51), followed by PDCD1 and CD274 (r = 0.47). These
data suggest coordinated expression or shared regulations that modulate the immune checkpoint molecules
within a tumor micro-environment, which may impact response to immunotherapy.

Correlation Between Immune Checkpoint Genes

1.00
a 0.75
8 1 : 0.47
(@]
a - 0.50
-0.25
<
; 1 0.35 - 0.00
O
| --0.25
N - -0.50
§ 0.47 0.35 1
@) -0.75
-1.00
PDCD1 CTLA4 CD274

Figure 4: Correlation between immune checkpoint gene expression.

We further analyzed the relationship between immune checkpoint gene expression and disease pro-
gression outcomes. As shown in Fig. 5, boxplot of PDCD1, CTLA4, and CD274 expression stratified by
progression status (0 = censored/no progression, 1 = progression) showed a trend toward lower expression
levels in patients who progressed. However, substantial inter-patient variability and overlapping distributions
between groups were observed, suggesting these biomarkers alone may not be definitive prognostic indica-
tors.
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Figure 5: Expression of immune checkpoint genes by progression status.

Lastly, we explored multidimensional relationships with key immunogenomic features and used scatter

plot visualization stratified by PFS status (Fig. 6). In the left panel, patients who progressed had slightly
higher TMB values, which connects to the negative association with PDCDI; as expected, the middle
panel shows a positive correlation between the MSI sensor score and TMB, associated with the hyper-
mutated phenotype with MMR deficiency. The right panel illustrates moderate positive co-expression of
PDCD1 and CTLA4, with no clear separation between progression groups. Overall, each analysis shows
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that immunogenomics features exhibit complex interactions that could elucidate PFS and response to
immunotherapy in colorectal cancers.
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Figure 6: Immune and genomic biomarker relationships stratified by progression status.

3 Modeling and Results

The following section outlines the machine learning approaches implemented to predict progression-
free survival (PFS) outcomes in colorectal cancer patients. Specifically, we employed two distinct but
complementary modeling approaches: survival analysis models for predicting time-to-event outcomes, and
classification models for predicting a binary outcome.

3.1 Feature Engineering

Before modeling the data, we standardized all continuous numerical variables, including age, TMB,
MSI sensor score, and immune checkpoint gene expression (PDCDI1, CTLA4, CD274), using z-score
normalization to ensure a uniform scale across variables. We then converted the categorical variables, such
as sex and tumor stage, into binary indicator variables using one-hot encoding, which is required before
training the machine learning algorithms. Finally, the preprocessed dataset was randomly stratified to split
the data into training (80%) and testing (20%) sets, retaining proportional representation of progression
events across the training and testing datasets.

3.2 Modeling Approaches
3.2.1 Survival Analysis Modeling

To model time-to-event data while accounting for censoring, we implemented a Random Survival Forest
(RSF) model [21]. The RSF model is a non-parametric ensemble method that extends the random forest
framework to survival analysis, enabling estimation of individual survival probabilities that incorporate both
event times and censoring status. We specifically selected this model because it accommodates censoring
and captures nonlinear effects and interactions without assuming proportional hazards. Other survival
models, such as Cox models, are interpretable, but their performance can be sensitive to violations of
proportional hazards and to how continuous predictors and interactions are specified. In addition, Neural
survival approaches generally require larger cohorts with more events and may overfit in small, highly
censored datasets. The RSF algorithm creates an ensemble of B survival trees, each built independently from
abootstrapped training sample, and assigns a subset of predictors at each node split. For a given patient with
covariate vector x, the predicted survival function is obtained by averaging the cumulative hazard estimates
across B, as shown in Eq. (1):
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~§(tvx):exp(%}§:lflb (tvx)) (1)
b=1

where H, (t v x) represents the cumulative hazard function from the b-th tree, estimated using the Nelson-
Aalen estimator within terminal nodes. Each terminal node’s survival curve is constructed using the
Kaplan-Meier estimator based on the subset of training samples assigned to that specific node. The final
patient-specific survival probability at time ¢ is computed by averaging these survival curves across all
trees in the ensemble. The advantages of adopting this approach over common parametric models for
survival analysis are that it avoids assumptions about the functional form of the baseline hazard, imposes
no functional form on covariate interactions beyond their inclusion or exclusion, and estimates variable
importance by measuring increases in prediction error from permuting individual features. The RSF is
unique in preserving the complete temporal structure of a PFS time-to-event outcome rather than converting
it a dichotomous outcome. This temporality affords more granular prediction of prognostic PFS outcomes.

3.2.2 Classification Modeling

In addition to the survival analysis, we built multiple tree-based ensemble classifiers to predict PFS status
(0 = censored/no progression, 1 = progression) in binary format. Specifically, four state-of-the-art algorithms
were developed and compared.

Random Forest (RF): This ensemble method generates multiple decorrelated decision trees from
bootstrap aggregation (bagging) and randomly selected features for each split [22]. Each tree in the forest is
trained independently on a bootstrap sample from the data, randomly selecting some subset of features at
each node to maximize information gain (or minimize Gini impurity) for a given feature threshold. The final
predictions of an RF model are determined by the majority vote in the ensemble; therefore, the predictions
will have less variance and improve the model’s generalization performance.

Extremely Randomized Trees (Extra Trees): This algorithm builds on the RF framework by applying
additional randomization to the tree-building stage [23]. Extra Trees applies random sampling to candidate
thresholds for each feature rather than searching for the optimal split threshold, then selects the best
among these candidates. The additional randomization can prevent overfitting, improve performance in high
dimensions or noisy data, and reduce computational costs.

Gradient Boosting Machine (GBM): Unlike bagging-based methods, gradient boosting employs a
sequential ensemble approach that builds trees continuously [24]. The next tree is trained to predict the
residual errors of the previous ensemble, and the entire process can be thought of as performing gradient
descent in function space. The final prediction will be the weighted sum of the predictions from each tree.

Extreme Gradient Boosting (XGBoost): This is a refined version of a gradient boosting algorithm that
includes a crucial algorithmic enhancements [25]: (1) second-order Taylor approximation to the loss function
for a more accurate optimization strategy, (2) L1 (Lasso) and L2 (Ridge) regularization terms to mitigate
overfitting, (3) faster, parallel tree construction capability through histogram-based finding of the more
optimal splits, and (4) automatically handles missing values instead of simply ignoring them. Due to these
developments, XGBoost can often outperform other methods by improving predictive accuracy and reducing
the training time on structured tabular data.
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For all classification models, tuning hyperparameters, including max tree depth, shrinkage parameter
(learning rate), and the number of boosting iterations, was performed on stratified cross-validation on the
training dataset.

3.2.3 Evaluation Metrics

To evaluate the performance of the survival model, we used the Concordance Index, or C-index. The
C-index is a common metric used in the context of survival analysis [26]. The C-index evaluates the model’s
ability to correctly rank patients based on predicted risk and survival time. The prediction of an outcome
is concordant if the model assigned a higher risk (or shorter predicted survival time) to the subject that
experienced the event first. The C-index is then defined as:

C—index:%Zl(}?i>j/j)-1(Ti<Tj) (2)
i<j
where j; denotes the predicted risk score, and T the true survival time. A higher C-index indicates
better concordance between predicted and observed survival. We employed several evaluation metrics for
the classification models, including accuracy, precision, recall, Fl-score, and the area under the receiver
operating characteristic curve (AUC). Given the imbalance in the dataset, where censored cases dominate,
we placed special emphasis on recall and Fl-score. These metrics better capture the model’s ability to
identify progression events, which are clinically significant but less frequent. Accuracy measures the overall
proportion of correct predictions made by the model and is defined as:
TP+ TN

Accuracy = (3)
TP+ TN+ FP+FN

where TP represents the number of true positive progression predictions, TN represents the number of true
negative non-progression predictions, FP represents the number of false positive predictions of progression,
and FN represents the number of false negative missed predictions of progression. Accuracy provides an
overall view of performance but can be misleading when there is a censored outcome in the data set
and/or a degree of class imbalance, as models can achieve high accuracy by predicting only the majority
class. Precision (positive predictive value) evaluates the proportion of predicted progression cases that are
progression:

. TP
Precision = ———— (4)

TP+ FP

It reflects the model’s ability to reduce false positives, which is important when deciding whether to
treat patients with a low risk of progression. Recall (sensitivity) measures the proportion of true progression
cases that the model successfully identifies:

TP
Recall = ———— (5)
TP+FN

This is important in clinical settings to avoid delaying treatment for patients at high risk of progression.
Therefore, high recall is prioritized to ensure reliable detection of at-risk individuals. F1-score is the harmonic
mean of precision and recall, balancing the trade-off between false positives and false negatives.

Precision x Recall

F1Score = 2 x — (6)
Precision + Recall
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In this work, correctly identifying high-risk patients (progressors) is essential for clinical decision-
making. Therefore, we prioritized the recall and Fl-score metrics to ensure that the models did not overlook
potential progression cases. AUC was also reported to summarize overall model discrimination capability
across different decision thresholds.

3.3 Model Performance
3.3.1 Survival Model Performance

The RSF model was evaluated for its ability to predict PFS while appropriately handling censored
observations and time-to-event data. The model achieved a concordance index (C-index) of 0.7770 on the
training set and 0.7213 in the test cohort, indicating its ability to rank patients by progression risk.
illustrates the confusion matrix at 24 months, using a survival probability threshold of 0.7 to classify patients
as censored (no progression) or as having progression. This threshold and time point were chosen based
on the relevance to expected clinical follow-up schedules and timelines for decisions regarding treatment
options in colorectal cancer. At this cutoff, the model correctly classifies 67 as censored and 11 as progression
cases and misclassifies 16 as progression and 9 as censoring. This shows the trade-oft between sensitivity and
specificity in translating the probabilistic survival estimates into binary outputs.

Confusion Matrix at 24 Months (Threshold =0.7) Predicted Survival Curves for 50 Random Patients
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Figure 7: Random Survival Forest model performance. (a) Confusion matrix for binary classification at 24 months
using threshold = 0.7. (b) Predicted survival curves for 50 test patients illustrating patient-specific risk variability.

Predicted survival curves for 50 randomly selected patients from the test sets are shown in

Each curve represents a patient-specific progression-free survival function over time, with substantial
heterogeneity observed across the cohort. The figure demonstrates varying degrees of predicted decline
in survival probability, from patients who appear to have steeply decreasing survival probability early
(high progression risk profiles) to patients who maintain elevated PFS probabilities even beyond 150
months, indicating low-risk profiles. This variability reflects the model’s ability to capture individual-level
heterogeneity in the risk of progression, which is important for personalized treatment planning and risk
stratification in clinical practice.

3.3.2 Classification Model Performance

The performance of four tree-based ensemble classifiers in predicting binary PFES status (0 = censored,
1 = progression) was evaluated using standard classification metrics and summarized in . The Extra
Trees model achieved the best overall performance, with accuracy of 0.864, precision of 0.636, recall = 0.700,
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F1=0.667, and AUC = 0.837, and showed the best balance between sensitivity and specificity. In addition
to point metrics, the model outputs probabilistic estimates that can support risk ranking across patients
rather than only a hard class label. The Extra Trees classifier yielded the most favorable probability separation
between classes, which supports its use as the primary model for downstream decision support. Random
Forest model showed comparable accuracy and precision to Extra Trees, but a lower recall and F1 score,
implying somewhat reduced sensitivity in detecting progression events. Gradient Boosting showed similar
performance with Random Forest, but with slightly lower predictive power. It can be noted that XGBoost
exhibited the weakest performance across all evaluation metrics.

Table 1: Performance metrics of classification models for predicting progression-free survival status.

Model Accuracy Precision Recall F1-Score AUC
Extra Trees 0.864 0.636 0.700 0.667 0.837
Random Forest 0.844 0.611 0.550 0.579 0.821
Gradient Boosting 0.825 0.563 0.550 0.556 0.799
XGBoost 0.796 0.474 0.450 0.462 0.785

To assess the robustness and generalizability of the selected classifier, we further evaluated the Extra
Trees model using repeated stratified 5-fold cross-validation with 10 repeats. In each repeat, the data were
split into five folds while preserving the class distribution (progression vs. censored); the model was trained
on four folds and evaluated on the held-out fold, repeating until each fold served once as the test fold.
This process was repeated 10 times with different random partitions to reduce sensitivity to any single
split and provide a more stable estimate of performance. Across the 50 total validation runs (5 folds x 10
repeats), Extra Trees demonstrated consistently strong performance, achieving mean (+SD) accuracy 0.864
+ 0.034, precision 0.636 + 0.106, recall 0.700 + 0.086, F1-score 0.667 + 0.085, and AUC 0.837 + 0.044, with
corresponding 95% confidence intervals reported in Appendix Table A2. These results support the stability
of the Extra Trees classifier and indicate that the performance reported in Table 1 is not driven by a favorable
single split, but is reproducible across repeated stratified resampling

In addition, to provide more insight into the classification behavior, we presented the confusion matrices
for each of the four models as displayed in Fig. 8. Extra Trees predicted 75 censored and 14 progressions,
which had the highest sensitivity prediction (70%) across all the models, suggesting it is the best performer
in the detection of patients at risk of progression. Random Forest produced a similar performance with 76
TN but much lower sensitivity, with 11 TP and 9 TN. Gradient Boosting correctly predicted 76 censored
cases and 9 progression cases, with 7 FP, and 11 FN, resulting in moderate balanced performance. XGBoost
demonstrated the poorest performance in both sensitivity and specificity, limiting its utility in clinical
practice for identifying patients at high risk. Overall, the Extra Trees classifier achieved the most balanced
and clinically interpretable performance, minimizing both false negatives and false positives. This balance
is critical for real-world deployment, where accurate identification of high-risk patients can directly guide
treatment prioritization and monitoring strategies.
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Figure 8: Confusion matrices for classification models: (a) Random Forest, (b) Extra Trees, (c) XGBoost, (d) Gradient
Boosting.

3.4 Model Interpretability Using SHAP Analysis

To improve the interpretability of the final Extra Trees model, we applied SHapley Additive exPlanations
(SHAP) to quantify the contribution of each feature to progression-free survival predictions. Fig. 9 presents
the SHAP summary plot, where features are ranked by mean absolute SHAP value and colored by feature
magnitude. The analysis identified PFS duration, immune checkpoint gene expression, and tumor stage
variables as the strongest contributors to model output. Higher values of CD274 and PDCDI expression
were associated with shifts in predicted outcomes, consistent with immune activation patterns observed
in immunotherapy-responsive tumors. Tumor burden indicators, including tumor mutation burden and
MSI status, also demonstrated meaningful influence, supporting their established role in immunotherapy
response. Clinical staging variables, particularly pathologic T and N stages, showed substantial impact on
predictions, reflecting disease extent as a key determinant of progression risk. KRAS mutation status emerged
as a relevant contributor, with mutated cases generally shifting predictions toward higher progression risk.
In contrast, BRAF and NRAS mutations had a limited effect, consistent with their lower prevalence in the
cohort. Overall, the SHAP analysis demonstrates that the model integrates both clinical and molecular signals
in a biologically coherent manner, rather than relying on a single dominant feature.
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Figure 9: SHAP summary plot for the Extra Trees classifier. Features are ranked by mean absolute SHAP value. Each
point represents a patient sample, with red indicating higher feature values and blue indicating lower feature values.
Positive SHAP values indicate higher predicted progression risk, while negative values indicate lower risk.

3.5 Real-Time Web Application Development

To facilitate clinical use of the predictive model, we developed a web application that render real-time
probabilities of PES for colorectal cancer patients (shown in Appendix A, in Fig. Al). The web application
was developed using Streamlit, a Python framework that allows rapid implementation of machine learning
(ML) models in user-friendly web applications. The platform was designed to allow a clinician or researcher
to provide patient-specific clinical information, organized into four sections: (1) Clinical Factors (age,
sex, and tumor staging, etc.); (2) Mutation Information (KRAS, BRAF, NRAS, MSI status, and TMB);
(3) Gene Expression Information (PDCDI1, CTLA4, and CD274); and, (4) Survival Time Input (PFS in
months). After data entry, the app automatically standardizes numeric variable values and encodes the
categorical input values. Subsequently, submissions are processed using the pretrained Extra Trees classifier,
the best-performing model in this study.

Once the users complete all inputs, the web app displays the submitted data and provides an estimated
probability of progression, along with the results of the prediction in a donut pie chart of showing the
probability of Progression to censored outcomes. Probabilities are classified using a default threshold of 0.5,
offering immediate interpretability for clinicians. The web-based interactive app serves as an effective tool
for integrating computational modeling and clinical decision-making, enabling user-friendly and actionable
methods for predictive analysis in immunotherapy for colorectal cancer research.

4 Discussion

This study integrated clinical, genomic, and transcriptomic features from the TCGA-COADREAD
dataset to predict immunotherapy outcomes in colorectal cancer using various ML models. Our findings
demonstrated that KRAS mutations were significantly associated with poor progression-free survival, whilst
BRAF and NRAS mutations did not demonstrate any clear prognostic value. Tumors with MSI-high
subtypes displayed increased TMB and higher rates of immune checkpoint gene expression, confirming their
immunologically active tumor phenotype. The co-expression of PDCD1, CTLA4, and CD274 highlighted the
important role of immune-related biomarkers in reflecting heterogeneity in the tumor micro-environment.
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From a modeling perspective, our results provide important insights regarding the comparative
performance of survival vs. classification modeling approaches. While survival models are theoretically
beneficial for time-to-event analysis because they directly account for censoring data, the designed RSF
model demonstrated an average performance, with moderate predictive power. In contrast, the classification
models, particularly the Extra Trees classifier, exhibited higher predictive accuracy and achieved a better
balance between precision and recall. Related oncology studies also report strong performance from ensem-
ble learning and optimized classifiers for cancer prediction tasks, which supports our choice to evaluate
tree-based ensembles in this work [27-29]. Although the model achieved the best overall performance, its
precision indicates a non-trivial false-positive rate. In clinical practice, false positives could lead to additional
testing in patients who would remain progression-free. The operating threshold is therefore a clinical choice.
A lower threshold prioritizes recall and reduces missed high-risk patients, while a higher threshold improves
precision and reduces unnecessary interventions. Prospective validation is needed before deployment as
a decision-support tool. Given the relatively small sample size and high censoring rate, the difference in
performance is likely due to limitations of the survival model. In small sample datasets, it appears tree-based
classifier models may provide more generalizable predictions than survival-based models.

The SHAP-based interpretation confirms that the model leverages clinically meaningful features rather
than spurious correlations. The prominence of immune checkpoint expression, MSI status, TMB, and tumor
stage aligns with current understanding of colorectal cancer immunotherapy response. This interpretability
supports the clinical relevance of the proposed framework and strengthens confidence in its use as a decision-
support tool [30]. The development of a real-time web application further demonstrates the translational
potential of this work, enabling real-time, patient-specific predictions through an intuitive interface. The
web-based application demonstrates the potential to create clinician-facing tools that bridge computational
modeling and clinical decision support, a significant advance for clinicians evaluating actionable treatment
decisions. External validation on independent cohorts is also essential to confirm robustness and real-
world applicability.

Despite the promising results of this study, the sample size limits the model’s generalizability, and
the class imbalance also contributed to reduced sensitivity in detecting progression cases. In addition, the
single-cohort design and the absence of external validation on independent real-world immunotherapy
datasets. This is important for the microsatellite stable subgroup, where response rates to immune checkpoint
blockade remain low and clinical need is high. Future work should focus on external cohort validation, cohort
expansion, and richer biology where available, such as tumor microenvironment composition and other
omics signals, alongside prospective evaluation of deployment workflows and therefore strengthen clinician
trust in Al-based tools [31].

5 Conclusion

This work developed and validated different machine learning models for predicting PFS outcomes
in colorectal cancer using integrated multi-omic features. The Extra Trees classifier model outperformed
all other models, achieving the best predictive performance and an effective balance between sensitivity
and specificity for clinical risk stratification. Key biological insights include the prognostic significance
of KRAS mutations and the immunologically active phenotype of MSI-high tumors, characterized by
elevated TMB and increased expression of immune checkpoints. Deploying the designed model via an
accessible web application enhances clinical translation, providing an actionable tool for personalized
treatment planning and surveillance. While the current performance in this study is promising, expanding
the dataset, validating in independent cohorts, and incorporating advanced deep learning architectures will
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be essential to build more robust, generalizable, and clinically implementable prognostic tools for colorectal
cancer immunotherapy.
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Table Al: Baseline clinical and molecular characteristics of the TCGA-COADREAD cohort.

Characteristic Overall (N = 513)
Age, years
Mean + SD 65.8 +13.0
Median (IQR) 67.0 (57.0-75.0)
Sex, n (%)
Male 265 (51.7)
Female 248 (48.3)
AJCC Pathologic Stage, n (%)
Stage I 93 (18.1)
Stage 11 198 (38.5)
Stage III 150 (29.2)
Stage IV 72 (14.0)
Microsatellite Status, n (%)
MSS/MSI-L 444 (86.5)
MSI-H 69 (13.5)
Tumor Mutation Burden
Median (IQR), mutations/Mb 3.5(2.7-5.1)
Mean + SD, mutations/Mb 13.7 £+ 36.4
Genomic Alterations, n (%)
KRAS mutation
Yes 211 (41.1)
No 302 (58.9)
BRAF mutation
Yes 62 (12.1)
No 451 (87.9)
NRAS mutation
Yes 34 (6.6)
No 479 (93.4)
Progression-Free Survival Status, n (%)
Censored 379 (73.9)
Progression 134 (26.1)

Table A2: Repeated stratified 5-fold cross-validation performance of the extra trees classifier (10 Repeats).

Metric Mean + SD 95% CI (mean)
Accuracy 0.864 + 0.034 0.855-0.873
Precision 0.636 + 0.106 0.607-0.665

Recall 0.700 + 0.086 0.676-0.724

Fl-score 0.667 + 0.085 0.643-0.691
AUC 0.837 £ 0.044 0.825-0.849
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