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Simple Summary

Pelvic exenteration is a major operation performed for patients with advanced rectal cancer,
but the risk of cancer returning after surgery remains high. Accurately identifying which
patients are most likely to benefit from this treatment is important for surgical planning
and patient counselling. In this study, we analyzed MRI scans from 191 patients treated
in fourteen hospitals worldwide. We used a computer-based method called radiomics to
extract detailed information about tumour shape and texture that cannot be seen by the
human eye. We combined these features into a mathematical model that predicts the chance
of cancer returning after surgery. The model showed good accuracy and was converted
into a user-friendly tool, called a nomogram, that doctors can apply before surgery. This
approach may help improve patient selection and guide personalized treatment, but further
prospective testing is needed before routine clinical use.

Abstract

Introduction: Recurrence after pelvic exenteration remains a significant concern in patients
with locally advanced rectal cancer (LARC). Therefore, there is a need for improved non-
invasive predictive tools to aid in patient selection. Radiomics, which extracts quantitative
imaging features, may help identify patients at greater risk of recurrence. This study aimed
to develop and validate a radiomics-based nomogram using pre-treatment MRI to predict
postoperative recurrence risk in LARC. Methods: The largest multicenter retrospective
radiomics analysis of 191 patients with pathologically confirmed LARC treated at fourteen
centres (2016–2018) was performed. All patients received neoadjuvant chemoradiotherapy
followed by curative-intent exenterative surgery. Manual tumour segmentation was per-
formed on pre-treatment T2-weighted MRI. Feature selection employed LASSO regression
with 5-fold cross-validation across 1000 bootstrap samples. The most frequently selected
features were used to construct a logistic regression model via stepwise backward selection.
Model performance was assessed using ROC analysis, calibration plots, decision curve
analysis, and internal validation with 1000 bootstraps. A nomogram was generated to
enable individualized recurrence risk estimation. Results: Postoperative recurrence oc-
curred in 51% (n = 98) of cases. Five radiomic features reflecting tumour heterogeneity,
morphology, and texture were included in the final model. In multivariable analysis, all
selected features were significantly associated with recurrence, with odds ratios ranging
from 0.63 to 1.64. The model achieved an optimism-adjusted AUC of 0.70, indicating fair
discrimination. Calibration plots showed good agreement between predicted and observed
recurrence probabilities. Decision curve analysis confirmed clinical utility across relevant
thresholds. A clinically interpretable nomogram was developed based on the final model.
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Conclusions: A radiomics-based model using preoperative MRI can predict recurrence in
LARC. The derived nomogram provides a practical tool for preoperative risk assessment.
Prospective validation is necessary.

Keywords: radiomics; oncology; MRI; advanced rectal cancer; recurrence

1. Introduction
The management of locally advanced and recurrent rectal cancer involves radical

surgical procedures, such as pelvic exenteration [1]. While this approach offers the potential
for a cure, it is associated with substantial morbidity and the risk of both locoregional
and distant disease recurrence [2–6]. Identifying patients at higher risk of recurrence after
exenteration is essential for patient selection, customizing postoperative management, and
patient counselling [1,7].

In recent years, radiomics—the high-throughput extraction of quantitative features
from medical images—has become a transformative tool in surgical oncology [8,9]. By
using advanced computational techniques, radiomics allows for the analysis of imaging
biomarkers that go beyond traditional radiological assessments, offering diagnostic and
prognostic potential [8–10]. In cases of pelvic cancer, MRI-based radiomics has shown
promise in characterizing tumour heterogeneity and nodal spread, thus improving the
prediction of clinical outcomes, including disease recurrence [11–13].

Despite these advances, the use of MRI radiomics to predict post-exenteration recur-
rence remains underexplored, particularly in a multicentre setting where external validation
is crucial for clinical relevance. To address this, our study aims to develop and externally
validate a predictive nomogram that incorporates T2-weighted MRI radiomics features.
Using data from the PelvEx Collaborative, a multi-institutional group comprising 14 centers
across 12 countries, focused on outcomes for patients who have undergone exenterative
surgery, we aim to create a robust and clinically useful model for recurrence risk stratifica-
tion in this high-risk patient group [14].

2. Materials and Methods
2.1. Study Design and Participants

This multi-institutional retrospective study was conducted in accordance with the
principles of the Declaration of Helsinki (1964) and received ethical approval from the St
James Hospital/TUH Joint Research Ethics Committee. Due to its retrospective design, the
requirement for written informed consent was waived.

Between January 2016 and December 2018, 191 consecutive patients with locally
advanced rectal cancer were retrospectively enrolled from fourteen tertiary centers across
countries (with 5-year follow-up data). Radiomic analysis was performed on pooled
data from both centers, with internal validation conducted using 1000 bootstrap samples.
Eligible patients met the following inclusion criteria.

2.1.1. Inclusion Criteria

• Histologically confirmed locally advanced rectal adenocarcinoma (LARC);
• Radiological staging: T4 with or without nodal involvement (N+);
• Pre-treatment staging MRI of the rectum is available;
• Absence of metastatic disease (M0) at presentation;
• Underwent pelvic exenteration with curative intent.
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2.1.2. Exclusion Criteria

• Palliative resection;
• Insufficient follow-up (<3 years);
• Distant metastases (M1) at presentation;
• Recurrent rectal cancer.

2.2. Treatment and Follow-Up

All patients received neoadjuvant therapy followed by exenterative surgery, as de-
termined by multidisciplinary team consensus and according to institutional protocol.
Surgical specimens were evaluated according to institutional pathology protocols, includ-
ing TNM staging in accordance with the American Joint Committee on Cancer (8th edition).
Postoperative surveillance included clinical examination, endoscopy, CT of the thorax,
abdomen, and pelvis (CT-TAP), and pelvic MRI at intervals specified by local guidelines.

Local recurrence was defined as a confirmed tumour recurrence at the site of pri-
mary resection, identified by endoscopy, interventional radiology, and/or MRI. Distant
metastases were confirmed through imaging and/or biopsy.

2.3. Imaging Acquisition and Segmentation

MRI acquisition was performed as part of routine staging using various models (indi-
vidual imaging parameters available upon request). Pre-treatment T2-weighted MRI scans
were retrieved from institutional PACS systems. Tumour segmentation was performed
manually by experienced radiologists using 3D Slicer (v5.4.0), ensuring inclusion of the
entire tumour volume while excluding intraluminal contents. T2-weighted imaging (T2WI)
was selected as the primary MRI sequence for this study due to its universal availability
across participating centres and its established role as the cornerstone of rectal cancer stag-
ing. This choice enhances the reproducibility of radiomic feature extraction and supports
the generalizability of the model across diverse clinical settings. High-resolution T2WI
has been shown to provide excellent diagnostic accuracy for evaluating tumor invasion
into the mesorectal fascia and adjacent organs, which are critical for surgical planning and
prognosis in rectal cancer patients [15].

To ensure segmentation quality, 20% of cases were independently segmented by a
second observer. Inter-observer agreement was assessed using the Dice similarity coefficient
(DSC), with values exceeding 0.85. Any discrepancies were resolved by consensus.

2.4. Radiomics Feature Extraction

Radiomic features were extracted using the open-source PyRadiomics platform (v3.0.1).
Images were first converted to nrrd format and resampled to an isotropic voxel size
of 1 × 1 × 1 mm3, in accordance with the Image Biomarker Standardisation Initiative
(IBSI) guidelines. Features were extracted from the segmented tumour volumes on both
the original and wavelet-decomposed images. Wavelet decomposition was performed
into eight directional components (LLL, LLH, LHL, LHH, HLL, HLH, HHL, HHH). The
extracted features included first-order statistics, texture matrices (GLCM, GLRLM, GLSZM,
GLDM), and shape descriptors. All features were Z-score normalized before analysis.

2.5. Clinical and Histopathological Variables

Additional clinical and pathological variables evaluated for association with disease
recurrence included patient age, sex, clinical nodal stage (cN), tumour differentiation grade,
and tumour distance from the anal verge.

Missing clinical data was handled using multiple imputation for variables included
in the modelling pipeline. This approach preserved the sample size and reduced bias by
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estimating missing values based on the observed data distribution. Sensitivity analyses
confirmed that model performance remained consistent when including or excluding
imputed cases.

2.6. Model Development

Radiomic feature selection was performed based on a multi-step procedure previ-
ously established by our group [16–18]. The process began by generating 1000 bootstrap
resamples from the original dataset, with replacement. In each resample, pairwise mean
absolute correlations were computed, and one feature from any pair with a correlation
exceeding a threshold of |r| >0.9 was removed to reduce multicollinearity. Subsequently,
feature selection was performed using the least absolute shrinkage and selection operator
(LASSO) embedded within a logistic regression framework, with 5-fold cross-validation
applied to each bootstrap iteration. Ref. [19] Features were then ranked based on the
frequency of their selection across all resamples. From this ranking, the top-most fre-
quently selected features were retained. In cases where multiple versions of the same
feature were present due to wavelet transformations, the version with the highest overall
selection frequency was chosen. These features were used in stepwise backward logistic
regression models fitted across the bootstrap samples. The most consistently selected
subset of features was identified and used to construct the final radiomics model. Model
coefficients were estimated on the full original dataset. To minimize overfitting, no more
than five variables were included in the model, ensuring an event-per-variable (EPV) ratio
greater than [20].

2.7. Model Evaluation

Model discrimination was quantified using the area under the receiver operating
characteristic curve (AUC). Additional performance metrics, including positive predictive
value (PPV) and negative predictive value (NPV), were calculated using the classification
threshold defined by the Youden index.

Calibration performance, which assesses the agreement between predicted probabil-
ities and observed outcomes, was evaluated visually using calibration plots, where the
diagonal line (x = y) represents perfect calibration. To estimate the degree of optimism
in model performance, internal validation was conducted using 1000 bootstrap iterations.
Bootstrap-corrected AUC values and calibration slopes were derived by subtracting the
estimated optimism from the original performance metrics, following TRIPOD guideline
recommendations.

Clinical utility was assessed via decision curve analysis (DCA), which estimates the
net benefit of prediction models across a range of decision thresholds. Comparisons were
made against default strategies of “Treat All” and “Treat None,” with the model offering
the highest net benefit at a given threshold considered optimal.

To support clinical interpretation and individual risk assessment, a nomogram was
generated based on the final radiomics model. All statistical analyses were performed
using R software (version 4.4.2; R Foundation for Statistical Computing, Vienna, Austria).

3. Results
3.1. Patient Characteristics

A total of 191 patients with locally advanced rectal cancer were included in the final
analysis. The median age was 61 years (interquartile range [IQR]: 53–71), with 48% (n = 92)
aged ≤60 years and 52% (n = 99) aged >60 years. The cohort comprised 77 females (40%)
and 114 males (60%).
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The median BMI was 25.9 kg/m2 (IQR: 22.3–29.0). ASA classification was available in
135 patients, with 17% (n = 32) classified as ASA I, 49% (n = 94) as ASA II, 17% (n = 32) as
ASA III, and 0.5% (n = 1) as ASA IV. Preoperative carcinoembryonic antigen (CEA) levels
were available for 134 patients, with a median of 4.7 ng/mL (IQR: 2.0–15.1); elevated CEA
(≥5 ng/mL) was noted in 46% (n = 62) of cases.

Histological differentiation was classified as poor in 17% (n = 32), moderate in 62%
(n = 118), and well-differentiated in 21% (n = 41) of patients. The predominant histology
was adenocarcinoma, accounting for most cases, with subtypes such as mucinous adeno-
carcinoma and tubular adenocarcinoma less frequently observed. Regarding nodal status,
29% (n = 55) were staged as N0, 40% (n = 76) as N1, and 31% (n = 60) as N2/N3.

Tumour location was reported as lower rectum in 70 patients (37%), middle rectum
in 50 patients (26%), and upper rectum in 29 patients (15%). The median tumour distance
from the anal verge was 6 cm (IQR: 4–10), with an even distribution above and below this
threshold (≤6 cm: 50%; >6 cm: 50%).

Mutation analysis was available for a subset of patients, with limited reporting.
MMR/MSI intact status was confirmed in 12 patients (6%), and isolated KRAS and NRAS
mutations were reported in a small minority of cases.

Postoperative recurrence occurred in 98 patients (51%) during follow-up (Table 1).

Table 1. Baseline demographic, clinical, and pathological characteristics of the study sample.

Characteristic Total (N = 191)

Age 61 (53, 71)

≤60 92 (48%)

>60 99 (52%)

Gender

Female 77 (40%)

Male 114 (60%)

BMI (kg/m2) 25.9 (22.3, 29.0)

ASA classification (N = 135)

I 32 (17%)

II 94 (49%)

III 32 (17%)

IV 1 (0.5%)

CEA (ng/mL) (N = 134) 4.7 (2.0, 15.1)

CEA ≥ 5 ng/mL 62 (46%)

Differentiation grade

Poor 32 (17%)

Moderate 118 (62%)

Well 41 (21%)

cN stage

0 55 (29%)

1 76 (40%)

2–3 60 (31%)
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Table 1. Cont.

Characteristic Total (N = 191)

Distance from anal verge (cm) 6 (4, 10)

≤6 cm 95 (50%)

>6 cm 96 (50%)

Tumour location

Lower rectum 70 (37%)

Middle rectum 50 (26%)

Upper rectum 29 (15%)

Unspecified 6 (3%)

Postoperative recurrence 98 (51%)
Bold acts as headers for the below.

3.2. Radiomic Signature

Five radiomic features were selected as part of the final predictive signature for
postoperative disease recurrence (Table 2):

• Wavelet LLL first-order Minimum (OR = 0.63; 95% CI: 0.44–0.90; p = 0.012).
• Wavelet LLL GLSZM Gray Level Non-Uniformity Normalized (OR = 1.57; 95% CI:

1.11–2.21; p = 0.011).
• Original shape Sphericity (OR = 1.54; 95% CI: 1.11–2.14; p = 0.010).
• Original GLCM Cluster Shade (OR = 0.66; 95% CI: 0.47–0.93; p = 0.016).
• Wavelet LLH GLCM IMC2 (OR = 1.64; 95% CI: 1.15–2.34; p = 0.006).

These features were significantly associated with recurrence status in multivariable
logistic regression analysis. Notably, both shape- and texture-based parameters contributed
to the radiomic model, suggesting that tumour heterogeneity and morphology are impor-
tant predictors of recurrence. Individual definitions of Pyradiomics features can be found
in Table 3.

Table 2. Multivariable logistic regression results of the final radiomic signature for predicting
postoperative recurrence.

OR Lower CI Upper CI P

(Intercept) 1.045 0.769 1.419 0.779

Wavelet LLL first order Minimum 0.628 0.436 0.904 * 0.012

Wavelet LLL glszm Gray Level Non Uniformity Normalized 1.565 1.109 2.209 * 0.011

Original shape Sphericity 1.54 1.109 2.139 * 0.01

Original glcm Cluster Shade 0.659 0.469 0.926 * 0.016

Wavelet LLH glcm Imc2 1.64 1.152 2.335 * 0.006
*: Asterisk denotes statistically significant p-value.

Table 3. Definitions of PyRadiomics features [21–23].

Feature Type Definition

(Intercept) Model coefficient Baseline log-odds of recurrence when all
feature values are zero.
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Table 3. Cont.

Feature Type Definition

Wavelet LLL
First-Order Minimum First-order (wavelet)

Minimum voxel intensity after applying
low-pass filters in all directions (LLL). Reflects

lowest signal region.

Wavelet LLL GLSZM Gray
Level Non-Uniformity

Normalized
Texture (GLSZM, wavelet)

Measures gray-level variability across
homogeneous zones. Higher values = greater

intensity heterogeneity.

Original Shape Sphericity Shape Quantifies how spherical the tumour is. Values
closer to 1 = more spherical.

Original GLCM Cluster Shade Texture (GLCM)
Reflects asymmetry in voxel intensity

distribution. Higher values = more
heterogeneity.

Wavelet LLH GLCM IMC2 Texture (GLCM, wavelet) Measures complexity of intensity relationships.
Higher values = greater texture complexity.

3.3. Model Performance
3.3.1. Model Performance and Validation

The final radiomic model achieved an optimism-corrected area under the receiver
operating characteristic curve (AUC) of 0.70, indicating fair discriminatory performance
(Figure 1). Calibration plots demonstrated good agreement between predicted and observed
recurrence probabilities.

 

Figure 1. Discrimination performance of the radiomic model for predicting postoperative disease
recurrence.

3.3.2. Nomogram

A clinical nomogram was developed based on the final multivariate radiomic model
to provide an individualized estimate of postoperative recurrence risk (Figure 2). This tool
combines six selected radiomic features, each contributing a weighted score proportional
to its predictive power. Each feature’s contribution is visualized along its own axis, allowing
users to map individual patient values to corresponding point allocations. The cumulative
score is then used to determine the overall recurrence risk probability, plotted on the
lower axis.

In this cohort, the nomogram demonstrated good calibration, with predicted recur-
rence risks aligning with observed outcomes.
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Figure 2. Nomogram based on the radiomic signature for individualized prediction of postoperative
disease recurrence. *: Asterisks denotes statistically significant results.

4. Discussion
This study represents the largest radiomics analysis in patients with LARC requiring

pelvic exenteration. Unlike an earlier series, this study includes data from 191 patients
treated across fourteen international centres [18]. This expanded multi-institutional dataset
enabled the development of a robust MRI-based radiomics model and, importantly, its
external validation. The ability to validate the model across different institutions ensures
the generalizability and clinical usefulness of radiomics in rectal cancer prognosis.

Radiomics has demonstrated prognostic value in cancers such as prostate and blad-
der, where rigorous feature selection and cross-institutional validation informed robust
model development. These methodological insights guided our approach, supporting the
biological interpretability and clinical relevance of our MRI-based model in LARC [24,25].

Recurrence of disease after exenterative surgery in locally advanced rectal cancer re-
mains a major clinical challenge. Despite employing neoadjuvant therapy and increasingly
accepting radical surgery, recurrence rates are still high, as shown in our cohort where
51% experienced either local or distant disease progression. Traditional clinical and patho-
logical factors like tumour grade, nodal status, and CRM involvement offer helpful infor-
mation but lack the detail needed for truly personalized risk assessment [18,26].

Radiomics provides a promising approach by turning standard imaging into a rich
source of quantitative data. In this study, we extracted high-dimensional radiomic features
from routine pre-treatment T2-weighted MRI scans, enabling us to non-invasively exam-
ine tumour heterogeneity, shape, and textural complexity. Using a thoroughly validated
selection and modelling process that included LASSO regression, bootstrapped internal
validation, and feature consolidation, we developed a five-feature radiomic signature capa-
ble of predicting postoperative recurrence with reasonable accuracy. (optimism-corrected
AUC = 0.70). The optimism-corrected AUC of 0.70 for our MRI-based radiomic model
compares favourably with previously reported rectal cancer prognostic models, which have
shown AUCs in the range of 0.60–0.68 using clinical and pathological factors alone. This
improvement underscores the potential added value of quantitative imaging biomarkers
for personalized risk assessment [27].
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Including data from multiple institutions is a key strength, as it reduces the risk of
overfitting to scanner-specific or protocol-dependent artifacts—a common criticism of
radiomics studies. Refs. [28–30] By assessing how the model performs in a real-world,
externally diverse population, this study offers the first evidence of external validity for a
radiomics-based recurrence prediction model in LARC.

The selected features in the final model are biologically plausible and consistent
with established tumour phenotypes [31]. Features such as wavelet GLSZM Gray Level Non-
Uniformity Normalized and GLCM IMC2 reflect tumour heterogeneity and spatial complexity-
both of which are associated with aggressive phenotypes and poor outcomes [32]. Ad-
ditionally, the inclusion of shape sphericity-a 3D morphological descriptor-suggests that
tumour compactness may reflect underlying invasive potential. Prior studies in rectal and
other pelvic malignancies have similarly identified shape descriptors as relevant prognostic
markers [33]. The biological and clinical interpretability of these features enhances their
translational potential. In line with advancements in imaging data augmentation, our study
acknowledges the utility of Generative Adversarial Networks (GANs), such as the Pix2Pix
model, which has been effectively employed in generating synthetic MRI datasets for
brain tumor classification, thereby enhancing model robustness in scenarios with limited
annotated data [19].

While these findings reinforce the biological significance of radiomic biomarkers, their
validation in an externally diverse, surgically complex cohort supports the model’s potential
generalizability [34–36]. The integration of radiomics-derived metrics into preoperative
risk stratification frameworks could augment traditional staging, providing objective, non-
invasive biomarkers to inform surgical planning, consideration of neoadjuvant therapy
intensification, and postoperative surveillance.

To facilitate clinical adoption, we translated the radiomic model into a nomogram,
providing an interpretable visual tool for individualized recurrence risk estimation [37,38].
Similarly to established nomograms used in breast and prostate cancer management (e.g.,
MSKCC nomogram), this tool could aid multidisciplinary decision-making in LARC, where
choices regarding the extent of resection, adjunctive therapy, and follow-up intensity are
still complex [39,40].

Nevertheless, limitations must be recognized. Although the model was validated
externally, imaging acquisition protocols were not standardized across centres. While the
model’s performance remained stable despite this variability—potentially indicating its
robustness—prospective validation in a harmonized imaging environment is essential
before clinical use. It should be noted that while our model was validated across mul-
tiple international centres, this validation was retrospective and constitutes cross-centre
rather than truly independent prospective external validation; future prospective multi-
institutional studies will be required to confirm the model’s generalisability in a real-world
clinical setting. Additionally, relying solely on T2-weighted MRI limits feature diver-
sity; adding multiparametric imaging (e.g., diffusion-weighted sequences) and molecular
biomarkers could further improve predictive performance. Still, the model’s consistent per-
formance across different institutions supports its robustness and potential for real-world
clinical application.

5. Conclusions
This study demonstrates that an MRI-based radiomics model, built from standard

preoperative imaging and validated across multiple institutions, can offer valuable predic-
tions of postoperative recurrence risk in LARC. The creation of a nomogram improves its
potential for use in routine clinical workflows and personalized cancer care.
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