
Vol.:(0123456789)

Ann Surg Oncol 
https://doi.org/10.1245/s10434-025-18248-y

ORIGINAL ARTICLE – HEPATOBILIARY TUMORS

CT‑Based Radiomics Models with External Validation 
for Prediction of Recurrence and Disease‑Specific Mortality After 
Radical Surgery of Colorectal Liver Metastases

Simona Marzi, PhD1, Antonello Vidiri, MD2  , Anna Ianiro, PhD1, Chiara Parrino, MD3, 
Sergio Ruggiero, MD2, Claudio Trobiani, MD2, Leonardo Teodoli, MD2, Giulio Vallati, MD2, 
Giovanni Trillò, MD2, Maria Ciolina, MD4, Francesca Sperati, MSc5, Andrea Scarinci, MD6, 
Matteo Virdis, MD7, Michele Droz Dit Busset, MD7, Tommaso Stecca, MD8, Marco Massani, MD8, 
Giovanni Morana, MD9, and Gian Luca Grazi, MD10

1Medical Physics Laboratory, IRCCS Regina Elena National Cancer Institute, Rome, Italy; 2Radiology and Diagnostic 
Imaging Department, IRCCS Regina Elena National Cancer Institute, Rome, Italy; 3Hepatopancreatobiliary Surgery, 
IRCCS, Regina Elena National Cancer Institute, Rome, Italy; 4Radiology Unit, Department of Medical‑Surgical Sciences 
and Translational Medicine, Sant’Andrea University Hospital, “Sapienza” University of Rome, Rome, Italy; 5Biostatistics 
and Bioinformatic Unit, San Gallicano Dermatological Institute IRCCS, Rome, Italy; 6Department of Medical Surgical 
Science and Translational Medicine, Sant’Andrea University Hospital, “Sapienza” University of Rome, Rome, Italy; 
7General Surgery and Liver Transplantation Unit, Fondazione IRCCS Istituto Nazionale Tumori, Milan, Italy; 8General 
Surgery 1 Unit, Azienda ULSS 2 Marca Trevigiana, Treviso, Italy; 9Department of Radiology, Ca’ Foncello General 
Hospital, Treviso, Italy; 10HepatoBiliaryPancreatic Surgery, AOU Careggi, Department of Experimental and Clinical 
Medicine (DMSC), University of Florence, Florence, Italy 

ABSTRACT 
Purpose.  To build computed tomography (CT)-based 
radiomics models, with independent external validation, to 
predict recurrence and disease-specific mortality in patients 
with colorectal liver metastases (CRLM) who underwent 
liver resection.
Methods.  113 patients were included in this retrospective 
study: the internal training cohort comprised 66 patients, 
while the external validation cohort comprised 47. All 
patients underwent a CT study before surgery. Up to five vis-
ible metastases, the whole liver volume, and the surrounding 
free-disease parenchymal liver were separately delineated on 
the portal venous phase of CT. Both radiomic features and 
baseline clinical parameters were considered in the models’ 

building, using different families of machine learning (ML) 
algorithms.
Results.  The Support Vector Machine and Naive Bayes ML 
classifiers provided the best predictive performance. A rel-
evant role of second-order and higher-order texture features 
emerged from the largest lesion and the liver residual paren-
chyma. The prediction models for recurrence showed good 
accuracy, ranging from 70% to 78% and from 66% to 70% 
in the training and validation sets, respectively. Models for 
predicting disease-related mortality performed worse, with 
accuracies ranging from 67% to 73% and from 60% to 64% 
in the training and validation sets, respectively.
Conclusions.  CT-based radiomics, alone or in combination 
with baseline clinical data, allowed the prediction of recur-
rence and disease-specific mortality of patients with CRLM, 
with fair to good accuracy after validation in an external 
cohort. Further investigations with a larger patient popula-
tion for training and validation are needed to corroborate 
our analyses.

Keywords  Colon rectal liver metastases · Recurrence · 
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Colorectal cancer (CRC) is the second most common 
cause of cancer-related deaths in the world; it is the third 
most prevalent malignancy, with incidence and mortality 
still increasing in recent years. During the disease course, 
up to 50% of patients develop liver metastasis (LM), which 
remains the leading cause of death in patients with CRC.1 
Early detection, more effective systemic therapy, and surgi-
cal and locoregional treatments prolong overall survival and 
improve the quality of life in patients with colorectal liver 
metastases (CRLM).2

Imaging plays a crucial role in the diagnosis and follow-
up of patients with CRC.3 In particular, computed tomog-
raphy (CT) is widely used for preoperative clinical evalu-
ation, providing a noninvasive assessment of the number, 
size, and vascular anatomy of CRLM. At the same time, 
magnetic resonance imaging (MRI) with hepatospecific 
contrast medium has the highest diagnostic accuracy, 
sensitivity, and specificity, providing additional infor-
mation on biliary anatomy.4 Nonetheless, these imaging 
techniques are unsatisfactory for defining patient stratifi-
cation and outcomes. At present, prognostic stratification 
relies mainly on molecular profiling (RAS and BRAF muta-
tions,  Microsatellite Instability (MSI) status, and HER2 
amplifications) and clinical, biochemical (carcinoem-
bryonic antigen or CEA levels) tumor, and pathological 
variables (tumor size, nodal status, number, and size of 
CRLM; growth pattern; and resection margin). Quantita-
tive risk models have been established to increase predic-
tion accuracy, and proteomic and microRNA biomarkers 
may enhance biological-driven prognostic stratification. 
However, genetic profiling is costly, time-consuming, and 
not readily available at diagnosis. At the same time, other 
important prognostic factors are only available after resec-
tion of CRLM, thus proving useless for patients’ selection 
for surgical procedures and other treatment decisions. The 
development of quantitative imaging biomarkers directly 
related to clinicopathological and biological features may 
provide a readily available and versatile tool for an accu-
rate and noninvasive prediction of patients’ risk of pro-
gression and prognosis.5An increasingly important role 
in radiology is represented by radiomics, an emerging 
field in which a large amount of quantitative information 
can be extracted through dedicated computer software, 
including measurements of intensity, texture, and shape.6 
In particular, texture analysis examines pixels based on the 
analysis of the distribution of coarseness and irregularity 
of gray-level pattern intensities within a region of inter-
est, quantifying tissue heterogeneity. The use of machine 
learning (ML) algorithms allows the integration of this 
large number of quantitative imaging features with clinical 
data so that texture features can be correlated with pathol-
ogy data and outcomes to gain a deeper insight into tumor 

biology and to refine prognostic evaluation and outcome 
prediction.7,8

A particular branch of this research is represented by 
radiogenomics, whose task is to discover the radiomics 
features associated with gene expression or polymorphism 
related to cancer development and progression. In patients 
with CRLM, a radiomics-based approach, combined with 
the most relevant clinical and genetic factors at baseline, 
may significantly contribute to identifying early predictors 
of risk of recurrence and overall survival following surgi-
cal resection.9 Even though several studies have already 
reported significant correlations between the characteristics 
of liver texture, derived from CT or magnetic resonance 
(MR)-based radiomics, and the clinical outcomes in patients 
with CRLM,9–12 further research should be encouraged to 
define better prediction tools and promote their translation 
in clinical practice.

Our study aims to build three CT-based radiomics clas-
sification models, with independent external validation, to 
predict (1) recurrence, (2) local recurrence, and (3) disease-
specific mortality in patients affected by CRLM who under-
went liver resection.

MATERIALS AND METHODS

Patient Population

This study was approved by the institutional review board 
and conducted following the ethical statements of the Dec-
laration of Helsinki (approval no. RS1765/22).

From September 2012 to January 2021, a database of 
patients with metastatic colorectal cancer with at least one 
measurable lesion (greater diameter ≥ 5 mm) was consec-
utively identified at the National Cancer Institute Regina 
Elena (IRE) in Rome (Italy). Owing to the study’s retrospec-
tive nature, signed informed consent was waived.

The study population met the following inclusion crite-
ria: (1) presence of histologically confirmed synchronous 
or metachronous CRLM; (2) no previous liver surgery; (3) 
curative-intent resection of CRLM; (4) availability of a pri-
mary staging CT including at least a portal venous phase 
(PVP); and (5) availability of clinical and radiological fol-
low-up for at least 6 months after surgery. The exclusion 
criteria were: (1) primary staging CT not performed at our 
institution and (2) poor image quality due to motion artifacts 
or low resolution.

The external validation cohort was built from the surgi-
cal series of two external institutions: the Gastrointestinal 
Surgery and Liver Transplantation Unit of the National 
Cancer Institute of Milan (Italy) and the Regional Center 
for Hepatopancreatobiliary (HBP) Surgery of the Regional 
Hospital of Treviso (Italy). This cohort met the same inclu-
sion and exclusion criteria.
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Neoadjuvant Chemotherapy and Surgical Procedures

Each patient was evaluated by a multidisciplinary team. 
Several underwent neoadjuvant chemotherapy, with proto-
cols determined by the oncologist on the basis of the tumor’s 
molecular features, the patient’s age, comorbidities, and per-
formance status. The regimens were combinations of 5-fluo-
rouracil/folinic acid with oxaliplatin (FOLFOX) or irinote-
can (FOLFIRI) plus molecular target agents (anti-vascular 
endothelial growth factor (VEGF) or anti-fibroblast growth 
factor receptor (FGFR) monoclonal antibodies).

Subsequently, all patients underwent surgery, with the 
extent of resection ranging from wedge resection to major 
hepatectomy, according to the Brisbane classification.13 The 
extent of resection was preoperatively estimated by the mul-
tidisciplinary team and precisely assessed during the proce-
dure on the basis of the intraoperative ultrasound findings.

The timing of surgery for synchronous metastases 
(defined as metastases present at the time of diagnosis of the 
primary tumor or detected within 6 months after that) was 
determined on the basis of multidisciplinary consensus; the 
preferred strategy—when feasible—was to perform hepatic 
resection as early as possible, either through a “liver-first” 
or “simultaneous” approach.

Lesions that were no longer visible after chemotherapy 
(vanishing metastases) were treated with an aggressive sur-
gical approach, guided by pretreatment imaging and routine 
intraoperative ultrasound. If the site was no longer identi-
fiable, close surveillance with short-interval imaging was 
considered. Their eventual reappearance during follow‑up 
was classified as local recurrence.

All resection margins were free of residual tumor (R0). 
After surgery and further multidisciplinary evaluation, sev-
eral patients received adjuvant chemotherapy based on final 
pathology and patients’ related features.

During follow-up, each patient underwent clinical exami-
nation and laboratory tests every 3 months during the first 
3 years and every 6 months thereafter; CT scans were per-
formed at 3 months and then every 6 months after surgery.

Clinical Endpoints

Recurrence was defined as a new lesion detected at the 
CT scans performed after liver resection; local recurrence 
was defined as an intrahepatic recurrence after the first 
liver resection. The time of recurrence/local recurrence (in 
months) was calculated from the date of CRLM surgery (or 
the date of the bowel surgery in the case of synchronous 
colon and liver surgery) to the date of the first recurrence/
local recurrence. Early recurrence was defined as recurrence 
within 6 months of liver surgery.14

The follow-up time was calculated from the date of liver 
surgery to the date of the last follow-up or death. At the last 

follow-up, each patient was recorded as alive or alive with 
disease; the event of death was recorded as death due to 
disease or death due to other causes.

CT Acquisition Protocol

CT acquisition was performed using a variety of multi-
detector-row CT scanners from different manufacturers 
(Philips, Brilliance 64, Philips Medical Systems, Best, The 
Netherlands; Siemens Somatom Definition Flash, Siemens 
Healthcare, Erlangen, Germany; and GE Lightspeed VCT, 
GE Medical Systems, Waukesha, WI, USA). The PVP was 
obtained with a tube voltage of 120 kV and a tube current 
covering 300–500 mA with a scan delay set at 70 s. Weight-
adapted contrast medium was applied intravenously at a rate 
of 2.0–3.0 ml/s, followed by a saline flush of 40 ml. Images 
were acquired with a large field of view, a slice thickness 
range from 2.0 to 5.0 mm, and a pitch of 0.5–0.7 mm; sub-
sequently, a reconstruction algorithm was applied with a 
standard soft tissue kernel.

Similarly, in Milan and Treviso, the CT study was per-
formed using various multidetector-row CT scanners with 
acquisition parameters comparable to those used in the train-
ing cohort. As detailed below, harmonization between dif-
ferent CT scanners was applied at the feature level using an 
appropriate correction method in the training and validation 
cohorts.15

Lesion Delineation

The volumes of interest (VOIs) used for radiomics analy-
sis were delineated with the Pinnacle3 (Philips Healthcare 
Nederland B.V.) treatment planning system, version 16.2.1. 
The Pinnacle3 software runs on a Solaris UNIX (or UNIX-
compliant) workstation. It comprises several modules for 
elaborating a radiation therapy plan, including the contour-
ing module for targets and organs at risk delineation.

Up to five visible metastases, the whole liver volume, and 
the surrounding free-disease parenchymal liver were sepa-
rately delineated on the PVP at the primary staging CT. We 
chose a five-lesion cutoff to balance segmentation load and 
information redundancy. A radiologist manually contoured 
the single lesions using the paintbrush tool. By contrast, the 
liver contour was outlined with the Pinnacle Auto-Segmen-
tation tool, based on the application of probability-based 
atlases and a segmentation algorithm to the image set. The 
radiologist then freehand refined these contours. Vanish-
ing metastases on preoperative CT were not included in the 
segmentations.

For each patient, a VOI named liver background (BKG) 
was obtained by cropping the contours of the whole Liver, 
giving an inner margin of 5 mm from the liver surface and 
the lesions’ borders, as illustrated in Fig. 1.
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Statistics

We calculated the descriptive statistics for all variables of 
interest: we reported continuous variables with their means 
and standard deviations (± SD), median and relative inter-
val (min–max), and categorical variables with absolute and 
percentage frequencies. The Kolmogorov–Smirnov nor-
mality test was performed for all the continuous variables. 
To explore the differences between continuous variables, 
we performed the Student’s t-test or Mann–Whitney test, 
according to the nature of the variables. We assessed the 
relationships between categorical variables when appro-
priate using the chi-squared or Fisher’s exact test. The 
Kaplan–Meier (KM) product-limit method was used to 
estimate survival curves. A p value < 0.05 was considered 
statistically significant. Statistical analyses were conducted 
using SPSS version 29.0 (SPSS Inc., Chicago, IL, USA).

Extraction of Radiomic Features

CT images and structure set files were imported into 
S-IBEX software16 to calculate the radiomic features using 
the DICOM-RT format. The S-IBEX software is a standard-
ized version of image biomarker explorer (IBEX) software,17 
adapted and validated consistently with the guidelines of the 
Image Biomarker Standardization Initiative (IBSI).18

Specifically, seven families of features were extracted 
from a three-dimensional (3D) analysis of CT images: inten-
sity direct (18 features), intensity histogram (21 features), 
gray-level co-occurrence matrix or GLCM (25 features), 
gray-level run-length matrix or GLRLM (16 features), 
gray-level size-zone matrix or GLSZM (16 features), neigh-
boring gray-level dependence or NGLD (15 features), and 

morphology (23 features), for a total of 134 features for each 
VOI. A detailed list of the features and the image preproc-
essing steps (interpolation, resegmentation, and intensity 
discretization) are reported in Supplementary Tables S1 
and S2. Specifically, the voxel size was resampled to 1 × 1 
× 1 mm3 (isotropic voxel) to reduce the acquisition-related 
feature variability.

For each patient, four different sets of features were 
derived: (1) from the largest lesion (MAX), (2) averaging 
the features of each lesion between them (MEAN), (3) from 
the residual liver parenchyma background (BKG), and (4) 
from the ratio between the features of the largest lesion and 
those of the residual liver parenchyma background (RATIO), 
as shown in Fig. 1.

The harmonization between different CT scanners was 
performed at the feature level using the ComBat algorithm15 
via the package neuroCombat in R Studio (RStudio Team 
(2020). RStudio: Integrated Development for R. RStudio, 
PBC, Boston, MA, USA, URL http://​www.​rstud​io.​com), as 
shown in Supplementary Fig. S1. The outliers, i.e., data that 
were more than three median absolute deviations away from 
the median, were removed from the value distribution of 
each feature to improve the reliability of radiomics.19

Model Building Driven by Machine Learning Algorithms

Three different endpoints were considered to build the 
classification models: (1) presence of recurrence (0/1), (2) 
presence of local recurrence (0/1), and (3) disease-specific 
mortality (0/1).

Figure 2 illustrates the model-building pipeline. For the 
prediction models of recurrence and local recurrence, as 
the patient groups in the training cohort were not equally 

FIG. 1   CT image of a patient 
with isolated CRLMs (A); the 
delineation of a lesion (red), 
the residual liver parenchyma 
background (orange) overlaid 
on the whole liver (brown), with 
the exclusion of large portal 
and hepatic veins (B); the four 
different sets of features derived 
from each patient (C): from the 
largest lesion (MAX), averag-
ing the features of each lesion 
between them (MEAN), from 
the residual liver parenchyma 
background (BKG), and from 
the ratio between the features of 
the largest lesion and those of 
the residual liver parenchyma 
background (RATIO)

MAX MEAN

+ +

BKG RATIO

n° of lesions

a c

b

http://www.rstudio.com
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populated (49 versus 17 and 41 versus 25, respectively), an 
oversampling technique was used to generate synthetic data 
for the minority class to mitigate the data imbalance during 
the training,20 by using the RSBID package in RStudio.

Both radiomic features and clinical parameters were con-
sidered in the selection process. The most significant predic-
tors were initially selected using the Mann–Whitney test or 
chi-squared test with a cutoff for p of 0.15, as appropriate. A 
second feature selection was performed using an ensemble 
of 100 classification trees to further reduce the number of 
relevant predictors.21 Feature selection was approached with 
both conventional statistical methods and ML algorithms to 
infer the relationships between variables and optimize the 
prediction model’s performance at the same time, as sug-
gested by literature.22 To explore the potential impact of 
this filtering strategy on model performance and to support 
its validity, we performed exploratory analyses comparing 
the performance of recurrence prediction models with and 
without the initial univariate filtering step (Supplementary 
Fig. S2).

Different families of ML algorithms, including decision 
tree, linear discriminant, logistic regression, naive Bayes 
(NB), support vector machine (SVM), k-nearest neighbor 
classifiers, and ensemble classifiers, were trained on our 
dataset and compared. An iterative optimization process was 
used to select the most appropriate hyperparameters for each 
algorithm for model building. A stratified fivefold cross-val-
idation was applied to limit overfitting.

After training ML algorithms,7 the model performance was 
assessed using standard metrics derived from the confusion 

matrix, including accuracy, sensitivity, specificity, positive 
predictive value (PPV), and negative predictive value (NPV). 
The binary class labels (0/1) were obtained by applying the 
default decision rules. Specifically, NB predictions were based 
on the highest probability (i.e., a 0.5 threshold for binary clas-
sification), while SVM predictions relied on the sign of the 
decision function.

The confusion matrix is a tabular summary that compares 
the predicted labels against the true labels, displaying the num-
ber of true positives, true negatives, false positives, and false 
negatives.

The area under the receiver operating characteristic curve 
(AUC) was also used to evaluate the model’s performance. 
The bias-corrected and accelerated percentile bootstrap 
method, using 1000 replicates, was applied to estimate the 
confidence interval for the AUC. The mid-p-value McNemar 
test was applied to compare prediction accuracies between dif-
ferent models.

Considering the limited size and the number of events (i.e., 
recurrences, local recurrences, and deaths) of the training 
cohort, we chose the models on the basis of the best triplet of 
predictors in terms of accuracy among all the possible combi-
nations of the most relevant predictors selected above.

The MATLAB Statistics and Machine Learning Toolbox 
was used to create the ML-based models.

Entire DataSet (n = 113)

Training DataSet (n = 66) Validation DataSet (n = 47)

Rec 
No Rec 17 (26%)

Local Rec 
No Local Rec 25 (38%)

Dead 32 (47%)
Alive 34 (53%)

SMOTE – NC
(Synthetic Minority Over-sampling)

Rec
No Rec 49 (50%)

Local Rec 
No Local Rec 41 (50%)

Parameter Selection (Tree Ensamble)

Model Building for:
5-fold cross-validation

Best
Models

Models
Validation

1) Local Recurrence; 2) Recurrence; 3) Mortality

49 (74%) 41 (62%) Rec 
No Rec 15 (32%)

Local Rec 
No Local Rec 33 (70%)

Dead 17 (36%)
Alive 30 (64%)

32 (68%) 14 (30%)

49 (50%) 41 (50%)

FIG. 2   The pipeline shows the main steps in building the three prediction models for recurrence, local recurrence, and disease-related mortality
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Model Performance Evaluation for Early versus Late 
Recurrence

To evaluate the predictive models’ discriminative per-
formance regarding the timing of recurrence, patients with 
recurrence were stratified into two groups: early recur-
rence within 6 months of Liver surgery and late recurrence 
beyond 6 months. Model outputs were compared against the 
observed recurrence status to construct confusion matrices 
and compute performance metrics within each subgroup, 
including accuracy, sensitivity, and specificity. The same 
analyses were performed for the groups of patients with 
early and late local recurrences.

RESULTS

An internal study population of 66 patients met the inclu-
sion and exclusion criteria and was used as a training cohort, 
while the validation cohort comprised 47 patients from two 
external institutions. Patient and tumor characteristics of 
the training and validation cohorts are reported in Table 1. 
Although a minimum of 6 months was required for inclu-
sion, the median follow‑up in the training cohort exceeded 
2 years, ensuring the adequate capture of recurrence events.

The median time to recurrence was 10.9 months (95% 
confidence interval (95%CI) 7.5–14.2) and 13.6 (95%CI 
9.8–17.3) for the training and validation cohort, respectively; 
the median time to local recurrence was 13.9 months (95%CI 

8.0–19.7) for the training cohort, while it was not reached in 
the validation cohort.

The median time to disease-specific mortality was 39.5 
months (95%CI 25.2–53.7) for the training cohort, while it 
was not reached in the validation cohort. The correspond-
ing KM curves are reported in Supplementary Figs. S3, S4, 
and S5.

As a longer follow-up time was found in the external vali-
dation cohort compared with the training cohort (36.5 vs. 
23.6 months, p = 0.018), we decided not to propose time-
to-recurrence prediction models or disease-specific survival 
models but only classification models for recurrence, local 
recurrence, and disease-related mortality.

Performance of the Models for Recurrence and Local 
Recurrence

Following exploratory analyses, we found that the hybrid 
feature selection approach—consisting of initial univariate 
filtering followed by ensemble-based selection—did not 
significantly compromise the final model performance for 
recurrence compared with the ML-only approach. Although 
a few solutions from the ML-only approach exhibited 
slightly higher accuracy, the top-performing results from 
both strategies substantially overlapped, as shown in Sup-
plementary Fig. S2.

Among the different families of ML algorithms, the SVM 
and NB classifiers provided the best predictive performance 

TABLE 1   Patient and tumor 
characteristics of the training 
and validation cohorts

*Student’s t-test, §Mann–Whitney test, **chi-squared test
Status: 1, no evidence of disease; 2, alive with disease; 3, died of disease; 4, died of other cause
Significant p-values in bold.
Fup follow-up, PNI prognostic nutritional index, FONG scoring system developed by Fong et al. [23], CEA 
carcinoembryonic antigen, NLR neutrophil-to-lymphocyte ratio, PRL platelet-to-lymphocyte ratio, Neoadj 
CHT neoadjuvant chemotherapy

Training cohort Validation cohort
n = 66 n = 47 p value

Age (years) 64.0 (34.0, 86.0) 68.1 (45.0, 92.0) 0.166*
Gender (F/M) 23/43 16/31 0.929**
Fup (months) 23.6 (0.3, 99.9) 36.5 (1.3, 83.0) 0.018§
Recurrences (0/1) 17/49 15/32 0.516**
Local recurrences (0/1) 25/41 33/14 < 0.001**
Disease-specific death (0/1) 32/34 30/17 0.076**
Status (1/2/3/4)* 19/12/34/1 19/11/17/0 0.306**
PNI 48.6 (37.3, 62.8) 48.3 (32.8, 59.0) 0.258*
FONG (0/1/2/3/4) 1/10/18/20/17 2/8/15/17/4 0.220**
CEA (ng/ml) 11.4 (1.6, 175.4) 5.2 (0.2, 252.0) 0.137§
NLR 2.5 (0.7, 9.2) 2.3 (0.5, 4.5) 0.780§
PLR 124.1 (35.9, 395.8) 150.5 (46.7, 569.2) 0.056§
Neoadj CHT (No/Yes) 33/33 26/21 0.577**
Number of lesions 2 (1, 15) 2 (1, 14) 0.07§
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for the three classification models, as illustrated in Fig. 3 and 
reported in more detail in Tables 2, 3, and 4. The summary 
statistics of all the predictors included in the models are 
indicated in Supplementary Tables S3, S4, and S5.

The prediction models for recurrence showed fair-to-good 
accuracy, ranging from 70 to 78% and from 66 to 70% in the 
training and validation sets, respectively. The best models 
included radiomics from GLRLM and GLSZM matrices and 
clinical factors; specifically, patients with recurrences had 
more lesions, with a larger proportion receiving neoadjuvant 
chemotherapy. The model derived from the largest lesion 
(MAX) provided good sensitivity and specificity in the train-
ing and validation cohorts. By contrast, when transferred 
to the validation cohort, the MEAN and RATIO models 
showed a substantial reduction in accuracy, even though no 
statistically significant differences were found between these 

models in the training and validation cohorts (Supplemen-
tary Table S6). The model derived from the BKG showed 
the lowest accuracies in both cohorts (70% and 66%), but 
it provided the highest specificity when transferred to the 
validation cohort (80%).

The accuracy of the models for predicting the local 
recurrence was 60–78% and 66–72% in the training and 
validation sets, respectively. They included predictors 
from GLSZM and NGLD matrices and shape features 
alone or combined with the number of lesions. The model 
derived from MAX had very good specificity but poor 
sensitivity, while those derived from MEAN, BKG, and 
RATIO showed comparable accuracy but higher sensitiv-
ity. In the training cohort, statistically significant differ-
ences were found between the models derived from BKG 
and MAX (p = 0.035) and BKG and RATIO (p = 0.008), 

Recurrence: Training Set Local Recurrence: Training Set

Mortality: Training Set

Recurrence: Validation Set Local Recurrence: Validation Set

Mortality: Validation Set

MAX SVM

MEAN NB

BKG NB

RATIO SVM

50 60 70
%

80 90 5040 60 70
%

80 90 100

5040 60 70
%

80 90

5040 60 70
%

80 90

Accuracy
Sensitivity
Specificity

Accuracy
Sensitivity
Specificity

Accuracy
Sensitivity
Specificity

504030 60 70
%

80 90 10050 60 70% 80 90

MAX SVM

MEAN NB

BKG NB

RATIO SVM

MAX SVM

MEAN SVM

BKG SVM

RATIO SVM

MAX SVM

MEAN SVM

BKG SVM

RATIO SVM

MAX SVM

MEAN SVM

BKG SVM

RATIO SVM

MAX SVM

MEAN SVM

BKG SVM

RATIO SVM

77 68

74

78

70

68

68

72

66

77

78

70

70

66

66

68

73

73

62

62

64

60

67

70

a

c

b

FIG. 3   Performance of the best models for predicting recurrence (A), local recurrence (B), and disease-specific mortality (C) in the training and 
validation sets based on the four different feature sets
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as also confirmed in the validation cohorts (Supplemen-
tary Table S7). This finding indicated a superiority of the 
BKG-based model compared with the others in predicting 
local recurrence, which was obtained by including only 
radiomic features.

Performance of the Models for Disease‑Specific Mortality

Models for predicting disease-specific mortality per-
formed worse, with accuracies ranging from 67 to 73% 
and from 60 to 64% in the training and validation sets, 
respectively. Similar to previous models, sensitivity val-
ues were lower than the specificity ones; radiomic fea-
tures from intensity direct, intensity histogram, and shape 
families were included, together with the maximum surgi-
cal diameter. No statistically significant differences were 
found between these models in the training and validation 
cohorts (Supplementary Table S8).

Model Performance for Early Versus Late Recurrence

In the training set, 22 out of 49 patients (45%) experi-
enced an early recurrence, while 27 (55%) had a late recur-
rence. In the validation set, 13 out of 32 patients (41%) had 
an early recurrence, and 19 (59%) had a late recurrence. 
Similarly, for local recurrence, 19 out of 41 patients (46%) 
in the training set had an early event, while 22 (54%) had 
a late local recurrence. In the validation set, early and late 
local recurrences were equally distributed, with 7 out of 14 
patients (50%) in each group.

Confusion matrices illustrating the performance of the 
proposed classification models in these groups of patients 
are depicted in Supplementary Figs. S6 and S7, with the 
other performance metrics reported in Supplementary 
Tables S9 and S10 and Supplementary Figs. S8 and S9.

In the training set, the accuracy for early recurrence 
ranged from 67 to 74%, and from 57 to 70% for late recur-
rence, depending on the four different feature sets. In the 

TABLE 2   Performance of prediction models for recurrence on the training and validation cohort (in bold)

Squared brackets indicate the 95% confidence interval
GLRLM gray-level run-length matrix, GLSZM gray-level size-zone matrix, SVM support vector machine algorithm, NB naive Bayes algorithm, 
AUC​ area under the receiver operating characteristic curve, PPV positive predictive power, NPV negative predictive power

Selected features AUC​ Accuracy (%) Sensitivity (%) Specificity (%) PPV (%) NPV (%)

MAXSVM
(1) GLRLM run 

entropy
(2) GLSZM 

small-zone 
low-gray-level 
emphasis

(3) Number of 
lesions

0.86
[0.77, 0.92]

77
[67,85]

82
[68,91]

71
[57, 83]

74
[64, 82]

80
[68, 88]

0.71
[0.55, 0.83]

70
[55,83]

69
[50, 84]

73
[45, 92]

85
[70, 93]

52
[38, 67]

MEANNB
(1) Intensity 

direct energy
(2) Neoadjuvant 

chemotherapy
(3) Intensity 

direct skewness

0.74
[0.63, 0.84]

78
[64,85]

71
[57, 83]

84
[70, 93]

81
[65, 89]

75
[65, 82]

0.64
[0.48, 0.78]

66
[51,79]

69
[50, 84]

60
[32, 84]

79
[65, 88]

47
[32, 64]

BKGNB
(1) Neoadjuvant 

Chemotherapy
(2) Number of 

lesions
(3) GLSZM size 

zone entropy

0.78
[0.69, 0.87]

70
[60,79]

63
[48, 77]

78
[63, 88]

74
[62, 82]

68
[59, 76]

0.70
[0.52, 0.81]

66
[51,79]

59
[41, 76]

80
[52, 96]

86
[69, 95]

48
[36, 60]

RATIOSVM
(1) GLRLM run 

entropy
(2) Intensity 

direct max
(3) Neoadjuvant 

chemotherapy

0.87
[0.79, 0.92]

77
[67, 85]

76
[61, 857]

78
[63, 88]

77
[66, 85]

76
[65, 84]

0.66
[0.51, 0.80]

68
[53 81]

72
[53, 86]

60
[32, 84]

79
[67, 88]

50
[33, 67]
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validation set, accuracy ranged from 64 to 71% for early 
recurrence and from 65 to 71% for late recurrence.

Similarly, in the training set, the accuracy for early local 
recurrence ranged from 68 to 77% and from 66 to 77% for 
late local recurrence. In the validation set, it ranged from 
65 to 78% for early local recurrence and from 68 to 75% 
for late local recurrence. Notably, the sensitivity of the 
local recurrence models decreased when applied to the 

subgroup of patients with late local recurrence, except for 
the model based on the RATIO features.

DISCUSSION

In this study, we proposed CT-based radiomic models, 
including clinical data at baseline, to noninvasively predict 
recurrence, local recurrence, and disease-specific mortality 

TABLE 3   Performance of prediction models for local recurrence on the training and validation cohort (in bold)

Squared brackets indicate the 95% confidence interval
GLCM gray-level co-occurrence matrix, GLRLM gray-level run-length matrix, GLSZM gray-level size-zone matrix, NGLD neighborhood gray-
level dependence, SVM support vector machine algorithm, AUC​ area under the receiver operating characteristic curve, PPV positive predictive 
power, NPV negative predictive power

Selected features AUC​ Accuracy
(%)

Sensitivity
(%)

Specificity (%) PPV
(%)

NPV
(%)

MAXSVM
(1) GLSZM 

small-zone 
low-gray-level 
emphasis

(2) GLSZM 
large-zone 
high-gray-level 
emphasis

(3) Number of 
lesions

0.67
[0.54, 0.78]

68
[57, 78]

46
[31, 63]

90
[77, 97]

83
[64, 93]

63
[55, 69]

0.59
[0.46, 0.75]

68
[53, 81]

36
[13, 65]

82
[65, 93]

45
[23,70]

75
[66,82]

MEANSVM
(1) Center of 

mass shift
(2) NGLD 

normalized 
dependence 
count nonuni-
formity

(3) Number of 
lesions

0.79
[0.66, 0.88]

74
[64, 83]

63
[47, 78]

85
[71, 94]

81
[67, 90]

70
[60, 78]

0.65
[0.49, 0.79]

68
[53, 81]

57
[29,82]

73
[54, 87]

47
[30, 65]

80
[68, 88]

BKGSVM
(1) NGLD high-

dependence 
high-gray-level 
emphasis

(2) NGLD 
dependence 
count nonuni-
formity

(3) Elongation

0.79
[0.68, 0.88]

78
[68, 86]

73
[57, 86]

83
[68, 93]

81
[68, 90]

76
[65, 84]

0.73
[0.59,0.87]

72
[57, 84]

57
[29, 82]

79
[61, 91]

53
[34, 72]

81
[70, 89]

RATIOSVM
(1) GLRLM run 

entropy
(2) NGLD 

normalized 
dependence 
count nonuni-
formity

(3) GLCM 
information 
correlation

0.80
[0.68, 0.87]

72
[61, 81]

63
[47, 78]

80
[65, 91]

76
[63, 86]

69
[59, 77]

0.66
[0.49,0.81]

66
[51, 79]

64
[35, 87]

67
[48, 82]

45
[31, 60]

81
[68, 90]
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after hepatic resection for colorectal cancer liver metastases. 
Early identification of high-risk patients could enhance post-
operative surveillance and allow more tailored postsurgical 
therapies, improving overall patient outcomes.

The performances of these classification models were 
tested on an independent external validation cohort to meas-
ure the transportability and generalization of our findings, 
as strongly suggested by international guidelines.6 The vari-
ability in CT acquisition protocols, methods of image analy-
sis, or patient management among different institutions may 
impair the study validation, as recently reported by Van der 
Reijd et al.;24 consequently, the reproducibility of the radi-
omics models’ performance should be assessed in different 
settings.25

As advised by previous investigators,26–30 the radiomic 
analysis was not limited to the largest CRLM, but it was 
extended to multiple lesions (up to five by averaging the 

features of each lesion) and to the residual liver parenchyma 
background, also exploring the potential of the ratio between 
the features of the largest lesion and those of the surrounding 
liver parenchyma.31

Structural changes within the liver parenchyma due to 
angiogenesis and extracellular matrix remodeling have been 
described in patients with CRLM. These changes may cap-
ture biological characteristics of the evolution of metastatic 
disease that cannot be detected on the basis of the analysis 
of liver lesions or the surrounding liver separately.29–31 The 
parenchymal texture analysis might suggest the presence of 
occult metastases or other underlying parenchymal changes, 
which can be associated with a worse prognosis in patients 
with CRLM.

The study revealed that models for predicting recurrence 
and local recurrence based on liver residual parenchyma 
(BKG) were superior in specificity when transferred to 

TABLE 4   Performance of prediction models for disease-specific mortality on the training and validation cohort (in bold)

Squared brackets indicate the 95% confidence interval
GLCM gray-level co-occurrence matrix, SVM support vector machine algorithm, NB naive bayes algorithm, AUC​ area under the receiver operat-
ing characteristic curve, PPV positive predictive power, NPV negative predictive power

Selected features AUC​ Accuracy
(%)

Sensitivity
(%)

Specificity (%) PPV
(%)

NPV
(%)

MAXSVM
(1) GLCM sum 

variance
(2) Major axis 

length
(3) Maximum 

surgical diam-
eter

0.73
[0.59, 0.85]
0.60
[0.45, 0.74]

73
[60, 83]

59
[41, 75]

88
[71, 96]

83
[66, 93]

67
[57, 75]

62
[46, 75]

53
[28, 77]

67
[47, 83]

47
[31, 64]

71
[59, 81]

MEANNB
(1) Center of 

mass shift
(2) Intensity 

histogram 
maximum

(3) Maximum 
surgical diam-
eter

0.67
[0.52, 0.78]
0.57
[0.43, 0.72]

67
[54, 78]

59
[41, 75]

75
[57, 89]

71
[56, 83]

63
[52, 73]

60
[44, 74]

47
[23, 72]

67
[47, 83]

44
[28, 62]

69
[57, 79]

BKGNB
(1) Intensity 

histogram mean 
absolute devia-
tion

(2) Center of 
mass shift

(3) Intensity 
direct energy

0.73
[0.58, 0.84]
0.60
[0.45, 0.74]

70
[57, 80]

65
[46, 80]

75
[57, 89]

73
[59, 84]

67
[55, 77]

64
[49, 77]

47
[23, 72]

73
[54, 88]

50
[31, 69]

71
[60, 80]

RATIOSVM
(1) Intensity 

direct energy
(2) Asphericity
(3) Maximum 

surgical diam-
eter

0.76
[0.64, 0.87]
0.59
[0.44, 0.73]

73
[60, 83]

68
[50, 83]

78
[60, 91]

77
[62, 87]

69
[57, 79]

62
[46, 75]

47
[23, 72]

70
[51, 85]

47
[30, 65]

70
[58, 79]
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the validation cohort than the other models. Moreover, the 
BKG-based model better predicted local recurrence than 
the others, with the liver residual parenchyma showing an 
increased elongation and a higher value of the NGLD high-
dependence high-gray-level emphasis in patients experienc-
ing a relapse. This suggests that the residual liver paren-
chyma had larger and more uniform high-gray-level regions 
in these patients.

To be noted, in patients with a higher risk of recurrence/
local recurrence and disease-specific mortality, the largest 
lesion showed higher heterogeneity and greater variability in 
the intensity patterns, as consistently indicated by increased 
values of GLRLM run entropy, GLSZM large-zone high-
gray-level emphasis, and GLCM sum variance. Several stud-
ies suggested that a high value of heterogeneity and entropy 
correlated with tumor aggressiveness.9,11,32–35 In particular, 
the heterogeneity of the tumor is a significant challenge in 
the treatment of metastatic colorectal cancer, and it is associ-
ated with a low response rate to treatment and, eventually, a 
worse overall survival after surgery.28 Chun et al.36 consist-
ently showed that a transition from a heterogeneous tumor 
appearance to a homogeneous tumor appearance at preop-
erative CT scan following neoadjuvant chemotherapy was 
associated with pathologic response and improved survival.

According to earlier investigations, our models confirmed 
the predictive role of the number of lesions and their dimen-
sion, evaluated in terms of major axis length or maximum 
surgical diameter.2,5,10 At the same time, neoadjuvant chem-
otherapy emerged as one of the top three predictors in our 
recurrence models; this can be explained by considering that 
neoadjuvant chemotherapy is more commonly administered 
to patients with high‑risk disease at presentation—i.e., mul-
tiple (≥ 3) or bilobar lesions, borderline future‑liver‑rem-
nant, or synchronous primary‑tumor surgery.37 As such, the 
higher recurrence in this subgroup may reflect that these 
patients were already at higher risk, probably because of a 
more aggressive tumor biology which was not entirely miti-
gated by chemotherapy; this reinforces the potential value 
of radiomics in pretreatment risk assessment, possibly iden-
tifying nonresponders who may benefit from alternative or 
intensified treatment strategies.

Notably, models for predicting disease-related mortal-
ity performed worse than the others, with fair accuracies 
(60–64%), poor sensitivities, and fair-to-good specificities 
in the validation set. This can be explained by considering 
that patient survival can be affected by several factors that 
cannot be adequately represented by radiomics features or 
baseline clinical data, consistent with other investigators.10

According to other investigators, pretreatment CEA lev-
els, FONG score, prognostic nutritional index (PNI), and 
platelet-to-lymphocyte ratio (PRL) were considered in the 
analyses but not included in the final models after the feature 
selection process.2,5,38

Despite being trained for binary classification tasks (i.e., 
recurrence and local recurrence), the models demonstrated 
comparable performance across early and late recurrence 
subgroups. They showed only a slight reduction in accu-
racy in the validation set and a decrease in sensitivity for 
the local recurrence models when applied to the subset of 
patients with late events, except for the model based on the 
RATIO features. Clinically, predicting early recurrence is 
particularly valuable, as early recurrence is often associated 
with more aggressive tumor biology, worse prognosis, and 
reduced therapeutic options.14,38 Accurate identification of 
patients at high risk for early recurrence may support inten-
sified surveillance strategies, guide perioperative treatment 
planning, and facilitate timely enrollment into clinical trials 
designed for high-risk populations. It should be noted, how-
ever, that the limited size of our dataset may have impaired 
the robustness of the predictive performance in stratified 
subgroups, which would have required the training of risk 
prediction models on larger patient cohorts.

The main result of our study was building naive predic-
tive models from preoperative CT based on a few CRLM 
radiomic features. These models demonstrated fair-to-good 
accuracies for each classification task and outperformed the 
clinical models alone.

Our study has several limitations: the retrospective nature 
of the research and the small sample size of the patient popu-
lation can have introduced biases and confounding factors. 
Several patients undergoing radical surgery for colorectal 
liver metastasis in our institution were excluded from the 
study because their first staging CT was performed in other 
hospitals, and this strongly limited the sample size of the 
training cohort. The significant difference in follow-up dura-
tion between the internal and external cohorts prevented us 
from proposing time-to-recurrence prediction models or 
disease-specific survival models, thus limiting our investi-
gation to classification models. Moreover, the observed dif-
ferences in local recurrence and disease-specific mortality 
between cohorts may also be attributed to additional factors, 
including potential selection bias, given that tertiary referral 
centers may treat more advanced cases, and center-specific 
management variability. Additionally, we could not include 
genomic alterations in our analyses due to the lack of data 
in both training and validation cohorts. Information about 
patients’ mutational status could have improved our mod-
els’ predictive ability, given the role of KRAS/NRAS/BRAF 
status as independent prognostic factors for early recurrence 
and overall survival.2,38 Our exploratory analyses on fea-
ture selection strategies suggested that applying an initial 
filtering step followed by ensemble selection may facilitate 
the development of interpretable models at a low compu-
tational cost. However, a more comprehensive assessment 
of the model’s performance, potentially involving alterna-
tive ML-based feature selection strategies, would require a 
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dedicated methodological investigation to be considered in 
future work. Lastly, further efforts are needed to standard-
ize and automate the radiomic feature extraction process so 
that the ML-driven models can be widely implemented and 
integrated into the clinical workflow.

CONCLUSIONS

CT-based radiomics, alone or in combination with base-
line clinical data, allowed the prediction of overall and local 
recurrence and disease-specific mortality of patients with 
CRLM, with fair-to-good accuracy after validation in an 
external cohort.

A relevant role of second-order and higher-order texture 
features emerged from both the largest lesion and the liver 
residual parenchyma; these feature families allowed the 
quantification of image heterogeneous patterns, providing 
insights into irregular tissue structures and microvascula-
ture and contributing to the early identification of high-risk 
patients. Further investigations involving larger patient 
cohorts with longer follow-up durations for training and 
validation are warranted to corroborate our findings.
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