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Abstract
Purpose:

To develop and validate computed tomography (CT)-based radiomic models for differentiating stage II
from stage III colon cancer and predicting 5-year relapse risk.

Materials and Methods:

In this retrospective single-center study, 104 patients with colon cancer who underwent preoperative CT
between December 2016 and September 2022 were included. Primary tumors were manually segmented
in three dimensions, and 105 radiomic features were extracted together with preoperative clinical
variables. The dataset was randomly divided into a training cohort (70%) and an independent validation
cohort (30%). Model development and optimization were performed using 10-fold cross-validation within
the training cohort. Separate machine learning models were developed for stage differentiation (n = 84)
and 5-year relapse prediction (n = 104). Model performance was evaluated in the validation cohort using
area under the receiver operating characteristic curve (AUC).

Results:

For stage differentiation, the generalized linear model achieved an AUC of 0.760 in the validation cohort,
with a balanced accuracy of 0.744 and a sensitivity of 0.889 for identifying stage II disease. For 5-year
relapse prediction, the partial least squares model showed the highest performance, with an AUC of
0.910 and a sensitivity of 0.950. Subgroup analyses demonstrated consistent predictive performance in
stage II (AUC, 0.929) and stage III disease (AUC, 0.926).

Conclusion:

CT-derived radiomic features enabled differentiation between stage II and stage III colon cancer and
showed prognostic value for predicting 5-year relapse. These findings support the potential role of
radiomics as a noninvasive imaging biomarker for preoperative risk stratification in colon cancer.

HIGHLIGHTS
CT radiomics differentiated stage II from stage III colon cancer.

CT radiomics predicted 5-year relapse using preoperative imaging biomarkers.

Radiomic biomarkers may complement conventional staging for individualized preoperative risk
stratification in colon cancer.

INTRODUCTION
Colon cancer remains one of the most frequently diagnosed malignancies and a leading cause of
cancer-related mortality worldwide (1). Prognosis is largely determined by tumor stage, yet outcomes
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vary substantially among patients within the same stage. In stage III disease, adjuvant chemotherapy
improves survival, although approximately 25–30% of patients still relapse within five years (2–4). In
contrast, most stage II patients have a favorable prognosis, but a subset experiences recurrence and
may benefit from systemic treatment (2). Conversely, a proportion of stage III patients have a relatively
favorable prognosis and may achieve similar outcomes with shorter durations of adjuvant
chemotherapy, thereby reducing treatment-related toxicity (5). This clinical heterogeneity highlights the
limitations of current risk stratification strategies and the need for more precise prognostic tools.

The tumor–node–metastasis staging system remains the standard for clinical decision-making;
however, it does not fully capture the biological diversity of colon cancer (6, 7). Several molecular and
histopathological biomarkers, including microsatellite instability (8) and BRAF mutation (9), have been
proposed to refine prognosis, yet their clinical utility remains limited in routine practice (10). As a result,
identifying noninvasive biomarkers capable of improving risk assessment before surgery remains an
unmet need.

Computed tomography plays a central role in the preoperative evaluation of colon cancer, primarily to
detect metastatic disease (11). Its potential to provide prognostic information beyond visual
assessment is still underexplored. Radiomics allows extraction of quantitative features from medical
images, capturing tumor characteristics related to shape, intensity, and texture that may reflect
underlying tumor biology (12–14). Previous studies have shown that radiomic features can be
associated with survival, treatment response, and molecular alterations across different tumor types
(15–17).

In colon cancer, however, evidence remains limited and heterogeneous. Many studies have evaluated
colorectal cancer as a single entity or focused on isolated endpoints such as survival or molecular
status (18–22), which restricts their applicability to stage-specific clinical decision-making. In addition,
variability in imaging protocols and analytical pipelines has further hindered the translation of radiomic
findings into clinical practice, particularly in distinguishing risk within stage II and stage III disease.

The aim of this study was to develop and validate radiomic-based models derived from preoperative
computed tomography to (a) differentiate stage II from stage III colon cancer and (b) predict 5-year
relapse. By focusing on preoperative data, this approach seeks to provide clinically actionable
information at an early stage, with potential implications for treatment selection and risk-adapted
management.

MATERIALS AND METHODS

Study Design and Patients
The study population was restricted to patients with sporadic colon cancer. Individuals with familial
adenomatous polyposis or fulfilling the Amsterdam criteria for hereditary non-polyposis colorectal
cancer were not included. A total of 121 patients with colon cancer who underwent colonoscopy,
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preoperative computed tomography, surgery, and adjuvant chemotherapy when indicated were initially
identified. Inclusion criteria were age 18 years or older, recent diagnosis of colon cancer, and availability
of preoperative computed tomography imaging. Exclusion criteria included inability to provide informed
consent, prior colon surgery, pregnancy, or any condition preventing participation in the study or
adequate follow-up. After applying these criteria, 104 patients were included in the final analysis.

Patients were followed after diagnosis through scheduled clinical visits, laboratory testing, and imaging
studies according to institutional protocols. Additional imaging, including abdominal ultrasound, was
performed when clinically indicated. Patients were followed for up to 5 years after diagnosis; those with
shorter available follow-up were censored at their last recorded assessment. Overall survival was
calculated from the date of diagnosis until death, irrespective of cause, whereas disease-free survival
was calculated from diagnosis until the first confirmed recurrence. Patients who did not experience the
corresponding event were censored at the date of their last available follow-up. Clinical variables
collected included age at diagnosis, sex, tumor location, histopathological characteristics, and tumor
stage according to the tumor–node–metastasis classification.

Patients were randomly assigned to a training cohort (70%) and an independent validation cohort (30%),
ensuring a comparable distribution of clinical and imaging variables between both sets.

CT Acquisition and Tumor Segmentation
Preoperative contrast-enhanced computed tomography scans as part of routine clinical care between
December 2016 and September 2022 were analyzed. All images were processed using the QP-Precision
platform (Quibim, Valencia, Spain).

Primary tumors were manually segmented in three dimensions on a slice-by-slice basis by trained
imaging technicians in collaboration with experienced radiologists, following institutional segmentation
procedures. The entire tumor volume was included for analysis. Figure 1A illustrates the segmentation of
the primary lesion in one representative case (patient 82).

Radiomic Feature Extraction
A total of 105 quantitative radiomic features were extracted from each segmented tumor volume using
the QP-Precision platform (Quibim, Valencia, Spain) (23). The extracted features were classified into
three main categories:

Shape features, which characterize tumor geometry, including measures such as volume, sphericity,
and elongation.

First-order features, which describe the distribution of voxel intensities, including entropy, skewness,
and kurtosis.
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Second-order texture features, which characterize spatial patterns and relationships among voxel
intensities. These features were calculated from gray-level co-occurrence, run-length, size-zone,
dependence, and neighboring gray-tone difference matrices.

Radiomic features were reviewed to identify outliers and near-zero variance variables. Features with
variance < 0.01 were excluded prior to model development.

Study Endpoints and Feature Set
Two primary endpoints were defined:

1. Differentiation between stage II and stage III colon cancer
2. Prediction of 5-year relapse

For stage differentiation, patients with stage I, stage IV, or unknown stage were excluded (final n = 84).
For relapse prediction, the full cohort was used (n = 104).

Radiomic features were combined with preoperative clinical variables, including age, sex, and tumor
laterality. Pathological variables were excluded from the stage differentiation analysis to ensure a strictly
preoperative model.

Data Preprocessing
A k-nearest neighbors (KNN) approach was applied to impute missing values. The proportion of missing
values was low and mainly affected tumor laterality and selected pathological variables.

Dimensionality reduction included removal of near-zero variance features and univariate filtering using
the Mann–Whitney U test. Variables with effect size > 0.10 and p < 0.05 were retained for model
development. This process is detailed in Supplementary Material I.

Model Development and Validation
Patients were randomly allocated to model development (70%) and hold-out validation (30%) sets. Model
selection and hyperparameter optimization were carried out within the development set, with
performance during model training estimated by 10-fold cross-validation.

Several machine learning models were evaluated for each endpoint (Fig. 1B). Their final predictive
performance was determined on the 30% hold-out set based on the area under the receiver operating
characteristic curve (AUC), accuracy, sensitivity, and specificity.

For relapse prediction, partial least squares and support vector machine models were further analyzed
due to their performance and complementary interpretability.
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RESULTS

Patient Characteristics
The study cohort included 104 patients with colon cancer (mean age, 73 years; range, 34–91 years),
comprising 49 men and 55 women. Tumors were located in the right colon in 46 patients (44%) and in
the left colon in 40 (39%), while 17 patients (16%) had unknown tumor location.

According to tumor stage, 16 patients (15%) were classified as stage I, 40 (39%) as stage II, 44 (42%) as
stage III, and 2 (2%) as stage IV; staging was unknown in 2 patients (2%). During follow-up, 19 patients
experienced disease relapse (Fig. 1C).

Stage II versus Stage III Differentiation
After excluding patients with stage I, stage IV, or unknown stage, 84 patients were included in this
analysis.

Following feature selection, four radiomic variables were retained based on statistical significance and
effect size criteria (Fig. 2A). Detailed results, including p-values and effect sizes for all variables, are
provided in Supplementary Material II. Most evaluated classification models achieved an area under the
curve greater than 0.70, indicating consistent discriminative performance across approaches (Fig. 2B).

Model comparison using accuracy and kappa metrics showed similar performance among classifiers,
with the C5.0 model achieving slightly higher accuracy. However, the generalized linear model was
selected due to its balance between performance and interpretability (Fig. 2C and 2D).

In the validation cohort, the generalized linear model achieved an area under the curve of 0.760 (Fig. 3A),
with a balanced accuracy of 0.744 and a sensitivity of 0.889 for identifying stage II disease (Fig. 3B). The
relative importance of the included variables is shown in Fig. 3C.

Prediction of 5-Year Relapse
In the full cohort (n = 104), 28 radiomic features were retained after feature selection (Fig. 4A). Full
statistical details for all variables are presented in Supplementary Material III.

Among the evaluated models, partial least squares and support vector machine classifiers showed the
best predictive performance (Fig. 4B). The partial least squares model achieved the highest accuracy,
with an area under the curve of 0.910 and a sensitivity of 0.950 in the validation cohort (Fig. 5).

Although the partial least squares model showed superior performance, its interpretability was limited
due to the use of latent components. In contrast, the support vector machine model showed lower
overall performance (area under the curve, 0.730) but enabled identification of the most relevant
predictive features, which were predominantly radiomic texture variables (Fig. 6).
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Subgroup Analyses by Tumor Stage
Separate analyses were performed for stage II (n = 40) and stage III (n = 44) patients.

For the stage II subgroup, 21 radiomic features were initially retained after univariate filtering (effect size 
> 0.10, p < 0.05) (Supplementary Fig. 1A; Supplementary Material IV). Given the limited sample size,
multicollinearity was assessed using variance inflation factor analysis (Supplementary Fig. 1B).
Stepwise exclusion of highly collinear variables resulted in a final model including four radiomic features
with acceptable collinearity metrics (Supplementary Fig. 1C). A binomial logistic regression model was
then constructed without evidence of multicollinearity (Supplementary Fig. 1D). The model achieved an
area under the curve of 0.929 and a specificity of 0.964 for identifying patients without relapse at 5 years
(Supplementary Fig. 1E).

For the stage III subgroup, 22 radiomic features were retained after univariate filtering (Supplementary
Fig. 2A; Supplementary Material V). After collinearity assessment, seven radiomic features were included
in the final model (Supplementary Fig. 2B). The resulting logistic regression model achieved an area
under the curve of 0.926, with specificity of 1.000 and sensitivity of 0.714 (Supplementary Fig. 2C).

These subgroup analyses were exploratory due to the limited sample size but demonstrated consistent
predictive performance across stages.

DISCUSSION
In this study, we developed radiomic-based models derived from preoperative computed tomography
that enabled both differentiation between stage II and stage III colon cancer and prediction of 5-year
relapse risk. The generalized linear model achieved moderate accuracy for stage discrimination, whereas
the partial least squares model showed high performance for relapse prediction, with consistent results
across stage-specific subgroup analyses. Together, these findings suggest that a single imaging-based
framework may provide quantitative imaging information related to both tumor stage and prognosis
using routinely acquired preoperative imaging.

Beyond model performance, the main value of this work lies in its potential clinical applicability. Current
risk stratification in colon cancer is largely driven by postoperative pathological features, which limits its
usefulness for guiding decisions before surgery (2, 5). In contrast, the present approach relies
exclusively on preoperative data, raising the possibility of incorporating imaging-derived biomarkers
earlier in the clinical workflow. In practice, such models could complement the initial staging process by
providing additional quantitative imaging information during multidisciplinary evaluation. This may
contribute to improved identification of patients with different relapse risk profiles before treatment
initiation.

Although the tumor–node–metastasis classification remains the cornerstone of clinical decision-making
(6), it does not fully account for the biological heterogeneity observed within each stage (7). The
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variability in outcomes among patients with similar staging highlights the need for complementary
biomarkers that can refine risk stratification. In this context, radiomics offers a noninvasive approach
that may reflect underlying tumor heterogeneity and biological characteristics not captured by
conventional staging systems (12, 13).

Radiomic features, particularly those describing tumor texture, were consistently associated with relapse
risk in our study. Tumors with more homogeneous imaging patterns were more frequently observed in
patients without recurrence, whereas increased heterogeneity appeared to be linked to more aggressive
behavior. These findings are consistent with prior studies showing that radiomic features can identify
high-risk patients and predict clinical outcomes in colon cancer (18, 20, 24), as well as with work
demonstrating their utility in tumor characterization, staging, and the prediction of molecular and
histopathological features such as microsatellite instability and perineural invasion (19, 25–27).
However, the biological basis of these imaging patterns remains incompletely understood.

Prior radiomics studies in colorectal cancer have explored a range of clinical applications, including
stage assessment and outcome prediction, often within heterogeneous cohorts that combine colon and
rectal tumors (28–32). In parallel, studies focused specifically on colon cancer have typically addressed
individual endpoints, such as stage prediction or prognosis, in isolation (19, 20, 24). This fragmentation
may limit the ability of existing approaches to provide a comprehensive framework for risk stratification.
In contrast, the present study focuses exclusively on colon cancer and integrates both stage
differentiation and relapse prediction within a single analytical approach based on preoperative imaging.

The subgroup analyses further suggest that radiomic models may retain predictive value within
individual tumor stages. High area under the curve values were observed in both stage II and stage III
cohorts. However, these findings should be interpreted as exploratory due to the limited sample size and
the potential risk of overfitting. External validation in larger, multicenter datasets will be necessary to
confirm their robustness and generalizability.

This study has several limitations. First, its retrospective and single-center design may introduce
selection bias and limit generalizability. Second, the relatively small sample size, particularly in subgroup
analyses, constrains the stability of the models. Third, although feature selection and cross-validation
strategies were applied, no independent external validation cohort was available. In addition, manual
tumor segmentation may introduce variability, and the impact of image acquisition variability and feature
extraction reproducibility across institutions and imaging protocols was not formally assessed.

In summary, radiomic features extracted from routine preoperative computed tomography may provide
clinically relevant information for both stage differentiation and relapse prediction in colon cancer. If
validated in larger prospective studies, these models could complement existing clinical and
pathological factors, supporting quantitative imaging-based risk assessment in colon cancer.
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Figure 1

Clinical and imaging data of the cohort of colon cancer patients. A) In yellow segmentation of CT images
of the primary tumor of patient 82 using Quibim Precision® platform. B) Classification models tested in
this study. C) Clinicopathological characteristics of the patient cohort.
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Figure 2

Radiomic data and model performance for the stratification of stage II and stage III colon cancer
patients. A) Radiomic features included in the patient stratification analysis. B) AUC values of the
different classification models tested for stage II vs. stage III stratification. C) Comparison of model
performance using accuracy and kappa metrics for the endpoint of stage II vs. stage III stratification. D)
Boxplots comparing classification models based on accuracy and kappa metrics for the endpoint of
stage II vs. stage III stratification.
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Figure 3

Preoperative radiomic data stratify colon cancer patients into stage II and stage III. A) ROC curve for the
GLM model in the stratification between stages II and III. B) Class statistics for the test set using the
GLM model for patient stratification. C) Variable importance in the GLM model for patient stratification.
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Figure 4

Radiomic data and model performance for the prediction of 5-year relapse in colon cancer patients. A)
Radiomic features included in the 5-year relapse prediction analysis. B) AUC values of the different
classification models tested for 5-year relapse prediction.
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Figure 5

Partial Least Squares Discriminant Analysis (PLS) predicts 5-year relapse in colon cancer patients. A)
Confusion matrix for the training set using the PLS model for 5-year relapse prediction. B) Confusion
matrix for the test set using the PLS model for 5-year relapse prediction. C) Class statistics for the test
set in the PLS model for 5-year relapse prediction. D) Variable importance in the PLS model for 5-year
relapse prediction. E) ROC curve for 5-year relapse prediction using the PLS model.
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Figure 6

Support Vector Machine Analysis (SVM) predicts 5-year relapse in colon cancer patients. A) Confusion
matrix for the training set using the SVM model for 5-year relapse prediction. B) Confusion matrix for the
test set using the SVM model for 5-year relapse prediction. C) Class statistics for the test set in the SVM
model for 5-year relapse prediction. D) Variable importance in the SVM model for 5-year relapse
prediction. E) ROC curve for 5-year relapse prediction using the SVM model.
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