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A B S T R A C T   

Introduction: Microvascular invasion (MVI) is the main risk factor for overall mortality and recurrence after surgery for hepatocellular carcinoma (HCC).The aim was 
to train machine-learning models to predict MVI on preoperative CT scan. 
Methods: 3-phases CT scans were retrospectively collected among 4 Italian centers. DICOM files were manually segmented to detect the liver and the tumor(s). 
Radiomics features were extracted from the tumoral, peritumoral and healthy liver areas in each phase. Principal component analysis (PCA) was performed to reduce 
the dimensions of the dataset. Data were divided between training (70%) and test (30%) sets. Random-Forest (RF), fully connected MLP Artificial neural network 
(neuralnet) and extreme gradient boosting (XGB) models were fitted to predict MVI. Prediction accuracy was estimated in the test set. 
Results: Between 2008 and 2022, 218 preoperative CT scans were collected. At the histological specimen, 72(33.02%) patients had MVI. First and second order 
radiomics features were extracted, obtaining 672 variables. PCA selected 58 dimensions explaining >95% of the variance.In the test set, the XGB model obtained 
Accuracy = 68.7% (Sens: 38.1%, Spec: 83.7%, PPV: 53.3% and NPV: 73.4%). The neuralnet showed an Accuracy = 50% (Sens: 52.3%, Spec: 48.8%, PPV: 33.3%, 
NPV: 67.7%). RF was the best performer (Acc = 96.8%, 95%CI: 0.91–0.99, Sens: 95.2%, Spec: 97.6%, PPV: 95.2% and NPV: 97.6%). 
Conclusion: Our model allowed a high prediction accuracy of the presence of MVI at the time of HCC diagnosis. This could lead to change the treatment allocation, the 
surgical extension and the follow-up strategy for those patients.   

1. Introduction 

Hepatocellular carcinoma (HCC) is the most common primary liver 
tumor with an increasing incidence worldwide [1]. Liver transplantation 
and hepatic resection represent potentially curative options [2,3]. 
However, relapse after surgery hinders the chance to reach the cure, 
with a 5-year disease recurrence up to 60% and 15% following 

hepatectomy or liver transplant, respectively [4–7]. Consequently, sur
vival diminishes after recurrence to approximately 35% at 5-year after 
surgery [8]. 

Stratifying the population to identify those patients at a higher risk of 
recurrence remains crucial in the era of personalized medicine. With this 
objective, numerous prognostic factors have been emphasized, many of 
these histopathological. Notably, vascular invasion emerges as one of 

* Corresponding author. Hepatobiliary Surgery Unit, Fondazione Policlinico Universitario A. Gemelli, IRCCS, Via Agostino Gemelli, 00100 Rome, Italy 
E-mail address: simone.famularo@gmail.com (S. Famularo).   

1 Those authors shared the co-last authorship. 

Contents lists available at ScienceDirect 

European Journal of Surgical Oncology 

journal homepage: www.ejso.com 

https://doi.org/10.1016/j.ejso.2024.108274 
Received 9 December 2023; Received in revised form 20 February 2024; Accepted 16 March 2024   

mailto:simone.famularo@gmail.com
www.sciencedirect.com/science/journal/07487983
https://www.ejso.com
https://doi.org/10.1016/j.ejso.2024.108274
https://doi.org/10.1016/j.ejso.2024.108274
https://doi.org/10.1016/j.ejso.2024.108274


European Journal of Surgical Oncology xxx (xxxx) xxx

2

the most influential elements in defining early recurrence (within <24 
months) based on multiple retrospective studies [9,10]. While macro
vascular tumoral invasion is easily detectable through diagnostic im
aging, the microvascular counterpart, namely the presence of cancer cell 
clusters within a vascular space lined by endothelial cells [11], is 
accurately identifiable only post-operatively. Consequently, despite 
microvascular invasion (MVI) being reported as one of the most critical 
determinants of early recurrence (up to 4.4-fold increased risk [12]), its 
clinical utility in HCC treatment algorithm is limited. Indeed, its inci
dence has been reported ranging between 15% and 57.1% due to the 
heterogeneity of diagnostic criteria [13], yet both preoperative imaging 
and tumor biopsy have proven unreliable in assessing its presence [14, 
15]. 

Various algorithms have been suggested to estimate the likelihood of 
MVI at HCC diagnosis, linking its occurrence to factors such as tumor 
size, number of tumors, or AFP/PIVKA-II level [12,16–18]. However, 
these proposals have yielded controversial outcomes. This performance 
disparity has paved the way for the prognostication branch of artificial 
intelligence [19]. Indeed, the potential to model patient characteristics 
seems to improve the accuracy of risk stratifying patients in comparison 
to conventional models [20,21]. Notably, the analysis of preoperative 
imaging, involving the extraction and interpretation of radiomics fea
tures, has demonstrated the most promising outcomes [22]. Neverthe
less, numerous studies have documented experiences where radiomics 
features and clinical factors were combined in order to optimize accu
racy in the designated model [17,18,23]. 

The aim of this study was to investigate whether radiomics features 
from preoperative contrast-enhanced computed tomography (CT) scans 
of patients undergoing liver resection for HCC could unveil the presence 
of MVI in a prediction model based exclusively on imaging analysis. 

2. Methods 

2.1. Register information, study overview, patient selection and study 
design 

This retrospective study evaluated the clinical data from patients 
prospectively enrolled by the Italian national register on hepatocellular 
carcinoma: the HE.RC.O.LE.S. (Hepatocarcinoma Recurrence on the 
Liver Study) group. This register collected data between 2008 and 2023, 
and 33 surgical centers are participating.The study protocols followed 
the ethical guidelines of the 1975 Declaration of Helsinki (as revised in 
Brazil 2013) [24]. The Ethical Committee of the coordinating center 
(San Gerardo Hospital, Monza, Italy, “Monza e Brianza Ethical Com
mittee”) reviewed and approved the HE.RC.O.LE.S. protocol on 
December 21, 2018. Surgery data were previously described [4]. The 
indication for surgery was assessed by multi-disciplinary meetings pa
tient by patient - involving surgeons, hepatologist, oncologist, radiolo
gist, interventional radiologist, infectologist - as the sum of different 
evaluations about underlying liver function, tumor burden and comor
bidities, creating tailored treatment for each single case. Among the 
participating centers, a new protocol dedicated to the present study was 
setted up (ART.I.HCC. Study, clinicaltrial.gov: NCT05637788). Fifteen 
centers approved the protocol. For the preliminary results presented 
here, data from 4 centers were analyzed. 

Among patients already enrolled in the HE.RC.O.LE.S. register, it was 
required to provide the anonymized triphasic CT scan collected 
maximum 30 days before surgery. 

All data were submitted by local researchers and anonymized before 
the submission to the coordinating center. Data collection was done 
using an electronic database system in all centers. Thus, the DICOM file 
for each CT scan was stored in an online cloud (Sync.com) in compliance 
with the European privacy Statement 679/2016/UE. 

Results are reported according to principles of Strengthening the 
Reporting of Observational Studies in Epidemiology (STROBE) [25]. All 
consecutive adult patients (age ≥18 years) with a radiological and/or 

histological proven of HCC who underwent surgery from January 2008 
to December 2022 were evaluated. Inclusion criteria to be considered for 
this study were: 1) patients who underwent surgery for the first diag
nosis of HCC without previous therapies and 2) a triphasic CT scan 
available in the DICOM format, acquired maximum 30 days before 
surgery. Exclusion criteria were: (1) a CT scan without all the three 
phases available, (2) missing data on the study endpoints, (3) Histo
pathological specimen of combined liver primary neoplasms (e.g. ‘hep
ato-cholangiocarcinoma’), (4) Surgery as a downstaging therapy for 
transplant, (5) Patients treated with surgery in case of not-curative 
intent (palliation, best supportive care, etc). 

Patients recruited in the ART.I.HCC. protocol were anonymized with 
an alphanumeric code, the same already assigned to the specific patient 
in the HE.RC.O.LE.S. register. 

2.2. Study aims and end-point definition 

The aim of the study was to develop a machine learning model to 
predict at the preoperative CT scan those patients who will have a MVI at 
the specimen. For this preliminary analysis, to assess the best predictive 
model, the accuracy of each model was used as the primary metric. 

The presence of MVI was assessed on the histological specimen after 
liver resection, by dedicated pathologists in each participating center. 
The information was then classified as a two-levels categorical variable 
(0 or 1, namely “no” or “yes”) into the dataset as the target variable. 

2.3. CT scan segmentation and radiomics features extraction 

The DICOM files were transferred onto a dedicated freeware 
statistical-based texture analysis software (LIFEx software, www.life 
xsoft.org) [26]. The segmentation for texture analysis has been done 
independently by two radiologists. 

For each tumor, the slice where the tumor was most heterogeneous 
were identified on delayed phase images. On this slice, a two-dimension 
(2D) region of interest (ROI) was manually drawn, following tumor 
margins and encompassing the entire tumor. Another region was 
designed around this first ROI enlarging the tumor’s boundaries of 1 cm, 
in order to segment the peritumoral area. Finally, a ROI was designed in 
a healthy portion of the liver, in the opposite liver lobe. The ROIs were 
recorded and transposed identically on the same slices of portal-venous, 
arterial and unenhanced images. Finally, three ROIs were segmented for 
each phase: tumoral, peritumoral and healthy liver areas. 

For patients with several nodules, texture analysis was performed 
only on the largest one, as for the morphological analysis. 

The LIFEx’s statistical-based model provided a set of first-order sta
tistics to evaluate the grey-level frequency distribution from the pixel 
intensity histogram in a given area of interest, [including mean in
tensity, threshold (percentage of pixels within a specified range), en
tropy (irregularity), standard deviation, skewness (asymmetry), and 
kurtosis (peakiness or flatness histogram)], and a set of second-order 
statistics, accounting for the location of the pixels and their spatial 
relationship (including second-order entropy, energy, homogeneity, 
dissimilarity, and correlation). The feature extraction was made by one 
of the radiologists (CM). These features were extracted per each ROI and 
per each phase of the CT scan, collecting a total of 667 radiomics fea
tures per each patient. The complete list of the radiomics features 
considered was reported in s-Table 1. 

2.4. Exploratory data analysis and features engineering 

Exploratory data analysis was run to understand the data structures, 
and to highlight the presence of linear dependencies or collinearities: all 
the radiomics features with these characteristics were excluded. Since 
the relatively limited amount of training samples, each with a large 
number of features, we should only select the most important features 
for training so that our model doesn’t need to learn for so many features 
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and eventually overfit. Thus, to reduce the noise created by the very high 
number of radiomics features extracted, a principal component analysis 
(PCA) was run, keeping in the new obtained dimensions the 95% vari
ability of the original dataset. 

The dataset obtained was then split in two sets by random sampling 
with stratification for the presence (or absence) of MVI: training (70% of 
the original cohort) and test (30%) sets. This also was done to reduce the 
risk of overfitting. 

2.5. Models’ training, tuning and testing 

Three different models were fitted on the data: extreme gradient 
boosting (XGB), random forest (RF) and a fully connected 2-layers multi- 
layer perceptron neural network (neuralnet). 

Each model was trained in the training cohort with the task to 
classify the patients among those who had MVI or those who did not. To 
maximize the results, the hyperparameters tuning was done with the 
“grid search” method (namely, a process that searches exhaustively 
through a manually specified subset of the hyperparameter space of the 
targeted algorithm) with a 10-fold cross validation: the parameters’ 
combination providing the highest accuracy in the cross-validated set 
was further employed for the definitive training model. The list of 
hyperparameters tuned, and the relative values selected for the grid 
search, were reported in supplementary text 1 in the supplementary 
materials. 

After tuning, the models were trained with the selected hyper
parameters in the training set. Then, the performance of the models were 
measured in the unseen-before test set. 

2.6. Metrics definitions 

All the predictions made by the models in the test-set were dichot
omized according to a predefined cut-off of 0.5, thus confusion matrices 
were created to estimate the metrics. The model accuracy has been 
defined as the number of all correct predictions divided by the total 
number of the dataset. Sensibility was defined as the number of correct 
positive predictions divided by the total number of positives. Specificity 
was defined as the number of correct negative predictions divided by the 
total number of negatives. Positive predictive value (PPV) was defined 
as the ratio of the number of records, or correctly classified records, for 
the specified class divided by the total number of predictions for this 

class. The negative predictive value (NPV) was defined as the proportion 
of predicted negatives which are real negatives. 

2.7. Other statistical information 

Continuous variables were reported as mean (standard deviation) or 
median (interquartile range) as appropriate; categorical variables were 
reported as number and frequencies. 

The problem of missing values among the independent clinical var
iables was tackled using Multiple Imputation by Chained Equations 
(MICE) method [27]. We imputed 20 datasets using predictive mean 
matching for continuous variables, logistic regression for binary and 
multinomial regression for categorical variables with more than two 
levels [28]. 

All the analyses were carried out using R (version 4.3.0; packages: 
mice, caret, randomForest, neuralnet, xgboost). 

3. Results 

Between 2008 and 2023, 500 patients with available triphasic CT 
scan in DICOM format were enrolled by the participating centers. As a 
preliminary analysis, 218 (39.8%) from 4 centers were analyzed ac
cording to the study protocol. 

Median age was 72 years old (IQR 66–76), while 44 (20.8%) patients 
were female. Median Charlson Comorbidity Index was 6 (IQR 5–8). One 
hundred fourteen patients (54.3%) were cirrhotics, and 14 (8.1%) were 
Child B, while median MELD score was 7 (IQR 6–9). Thirty-nine (18.6%) 
patients were HBV positive, while 84 (40.0%) were HCV positive. 
Alcohol consumption was reported by 49 (23.3%) patients, and presence 
of varices was assessed in 23 (11.5%) cases. Regarding the tumor 
burden, median AFP was 13.0 ng/ml (IQR 4.30–127.00); median num
ber of nodules was 1 (IQR 1–2) and median size was 4.0 cm (IQR 
2.50–6.00). Considering the tumor stage, 118 (54.1%) were BCLC-0/A, 
39 (17.8%) were BCLC-B and 61 patients (27.9%) were BCLC-C. Mac
rovascular invasion was present in 10 (5.0%) patients. At the histolog
ical specimen, presence of MVI was assessed in 72 (33.02%) patients. 
The baseline was reported in Table 1. 

After CT scan segmentation of the tumor, peritumoral and healthy 
area in a single slice of each CT scan in each phase, 671 radiomics fea
tures were extracted. To reduce the noise derived by such a high number 
of variables, a PCA was applied, and the dataset was reduced to 58 di
mensions, keeping the 95% of the variance of the original data (s-Fig. 1). 

The dataset was then randomly split in two: training set (154 pa
tients, 70%) and test set (64 patients, 30%). With the former, the 
hyperparameters tuning for each model was run, and the following were 
the best parameters able to maximize the model accuracy: 

XGB model.  

- N. rounds = 100  
- Max. depth = 3  
- Eta = 0.1  
- Gamma = 0  
- Col.sample by three = 0.6  
- Min. child. weight = 1  
- Subsample = 0.75 

For the RF model.  

- N. tree = 500  
- Mtry = 30 

For the Neuralnet model.  

- N. layers = 2  
- Neurons in layer 1 = 40  
- Neurons in layer 2 = 20 

Table 1 
Baseline characteristics of the whole cohort.  

n Overall 

218 

Age, years (median [IQR]) 72.00 [66.00, 76.00] 
Sex - Female (%) 44 (20.8) 
ECOG PS (%) 
1 38 (23.6) 
2 13 (8.1) 
Charlson Index (median [IQR]) 6.00 [5.00, 8.00] 
Cirrhosis (%) 114 (54.3) 
Child-Grade B (%) 14 (8.1) 
MELD score (median [IQR]) 7.00 [6.00, 9.00] 
HBV þ (%) 39 (18.6) 
HCV þ (%) 84 (40.0) 
Potus (%) 49 (23.3) 
Varices (%) 23 (11.5) 
Alfa-Feto-Protein (median [IQR]) 13.00 [4.30, 127.00] 
N. Nodules (median [IQR]) 1.00 [1.00, 2.00] 
Size, cm (median [IQR]) 4.00 [2.50, 6.00] 
BCLC (%) 
0-A 118 (54.1) 
B 39 (17.8) 
C 61 (27.9) 
Macrovascular Invasion (%) 10 (5.0) 
Microvascular invasion (%) 72 (33.02)  
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Figure 1. Variable importance in the (A) XGB model and (B) the Random Forest model. This figure shows how the algorithms “think”, and the impact of each 
component in determining the risk prediction. However, after the usage of a Principal Component Analysis to reduce the dataset’s noise, the clinical understanding of 
each component is still very difficult: this is an example of the meaning of “black box” issue in machine learning models development. 

Figure 2. The confusion matrices reported the prediction performance of each model, estimated in the test-set. (A) XGB model, (B) Neuralnet model and (C) Random 
Forest model. 
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- Learning rate = 0.001  
- Termination threshold = 1%  
- Activation function = sigmoid 

3.1. Models training results 

After tuning, the models were trained with the aforementioned 
hyperparameters in the training cohort. 

The XGB model achieved an accuracy of 98.6%, Sens.: 96.6%, 
Spec.:99.5%, PPV: 98.9% and NPV: 98.5%. The variable importance was 
depicted in Fig. 1a. The Neuralnet model showed an accuracy of 98.6%, 
Sens.: 98.9%, Spec.: 98.4%, PPV: 96.9% and NPV: 99.4%. The scheme of 
the neural network was depicted in s-Fig. 2. Finally, the RF model ob
tained an accuracy of 98.3%, Sens.: 94.7%, Spec.: 100%, PPV: 100% and 
NPV: 97.5% (the variable importance was depicted in Fig. 1b). These 
metrics were summarized in Table 2. 

3.2. Models performance in the test-set 

The model trained were then tested in an unseen dataset (the test- 
set). After a standard dichotomization of the models’ prediction at 0.5 
points, the confusion matrices were generated. The XGB model reached 
an accuracy of 68.7%, Sens.: 38.1%, Spec.: 83.7%, PPV: 53.3% and NPV: 
73.4% (confusion matrix illustrated in Fig. 2a). The neuralnet model 
reached an accuracy of 50.0%, Sens.: 52.3%, Spec.: 48.8%, PPV: 33.3% 
and NPV: 67.7%, and the relative confusion matrix was depicted in 
Fig. 2b. Thus, the RF model showed an accuracy of 96.8%, Sens: 95.2%, 
Spec.: 97.6%, PPV: 95.2% and NPV: 97.6% (Fig. 2c). All the metrics in 
the training and the test sets were summarized in Table 2. 

4. Discussion 

The present study investigates the feasibility of constructing a pre
dictive model to assess the MVI status using 3 different supervised 
machine-learning algorithms, exclusively leveraging radiomics features 
extracted from preoperative triphasic CT scans of patients undergoing 
liver resection for HCC. Our findings, based on a cohort of 218 patients 
from four participating centers, underscore the potential of these models 
as a robust tool for MVI prediction, introducing a novel perspective in 
the field of personalized clinical practice. In the analyzed population, 
MVI occurred in 33% of cases, in line with the reported literature rates 
[13]. Notably, the RF model demonstrated exceptional reliability in 
predicting MVI, achieving 96.8% accuracy in the validation cohort. 

MVI not only holds significance as an independent factor for recur
rence or survival, but also in potentially guiding treatment decisions at 
HCC diagnosis. About that, Lim et al. highlighted that HCC patients 
beyond the Milan criteria, in the absence of MVI, can achieve an OS 
comparable to those meeting the criteria [10]. Recently, it has also re
ported that MVI could be a sort of indirect sign of systemic disease [29]. 
Moreover, the presence of MVI has been shown to modify also the 

surgical indication, with patients submitted to anatomic resection (the 
theoretical gold standard for HCC) reaching similar survival of those 
who do not [30]. All this evidence enforced the urgency to develop a 
reliable instrument to predict preoperatively the presence of MVI, in 
order to tailor the treatments’ allocation. This consideration became 
even more important in the era of adjuvant and neoadjuvant therapies, 
where recently the combination of Atezolizumab and Bevacizumab has 
been reported to increase the DFS in patients with worrisome features 
such as MVI [31]. For all these reasons, knowing MVI status at HCC 
diagnosis could significantly contribute to tailoring the therapeutic 
approach, potentially changing the actual scenario. 

A peculiarity of our study is that it represents a crucial departure 
from existing literature by relying exclusively on radiomics features, 
without incorporating traditional clinical variables, which usually seems 
to increase the model’s accuracy when combined with radiomics. In 
contrast to previous studies where the prediction of MVI achieved the 
highest accuracy by combining radiomic features with other tumor 
radiological characteristics (e.g., size, number of nodules, tumor capsule 
aspect) or clinical data (AFP or PIVKA-II level) [14,17,18,32,33] our 
model achieved outstanding accuracy on its own. Segal et al. [34] were 
among the first to associate imaging features on CT to MVI prediction, 
and these “worrisome” characteristics were interpreted by Renzulli et al. 
[17] in terms of prediction MVI accuracy in HCC. After that, the po
tentiality of the “hidden” data, extracted from quantitative imaging 
features or textures to decode tissue pathology, was analyzed. The aim 
was to develop predictive models based on radiomic scores in 
conjunction with clinical and radiological factors [18,33]. However, in 
these experiences, the radiomic features still resulted less relevant than 
radiologic scores and only hybrid models were reported to achieve the 
best results [32]. Our model, indeed, is one of the first obtaining high 
degree of performance with radiomics features only. This challenges the 
conventional belief that clinical variables are imperative for optimal 
predictive models, showcasing the potency of radiomics features alone. 
However, our results are preliminary, and the impact of clinical data in 
increasing the model’s efficacy was not tested. Although the obtained 
metrics were already satisfactory, a comparison with mixed-models 
combining clinical and radiomics characteristics should be considered 
the natural evolution of the present study. 

The data from which these results were obtained represented a large 
cohort, spanning from 2008 to 2022, offering a comprehensive repre
sentation of HCC cases with diverse clinical characteristics: this choice 
was fundamental in order to establish a model able to make the best 
prediction in every clinical setting. In order to reach this goal, radiomics 
features were extracted from 3 different liver areas that are known to 
play a role in the carcinogenesis of HCC: the tumor area, the peritumoral 
district and the non tumoral area. While the first seems quite obvious, 
and the latter is a consequence of the underlying liver damage that is a 
prerequisite for the tumorigenesis, the second was included after the 
interesting report of Feng et al. [35], who presented data indicating a 
higher incidence of MVI in the area surrounding the tumor. Moreover, 
the peritumoral area has been recently recognized as a significant space 
where the interaction between the tumor microenvironment and the 
immunologic host system interact, determining changement in the 
tumor history [36]. 

One concern in the field of radiomics is regarding the very high 
number of parameters that could be extracted, with several difficulties 
in determining which one could play a role in predictions.The utilization 
of advanced techniques such as PCA allowed to effectively handle the 
high dimensionality of radiomics features, reducing the dataset to 58 
dimensions while retaining 95% of the original variance. This approach 
allowed to keep all the information provided by radiomics, however still 
reducing the “noise” generated by the presence of a too large amount of 
data. This method should be considered better rather than selecting one 
single feature, because this latter approach cannot guarantee the pres
ervation of the data variance, leading to the risk of bias. However, while 
PCA is a strong method to reduce the dimensionality of highly complex 

Table 2 
Summary of the metrics obtained in the training and the test set per each model.  

Training set 

Model Accuracy Sens. Spec. PPV NPV 

XGB 98.6 96.6 99.5 98.9 98.5 
NeuralNet 98.6 98.9 98.4 96.9 99.4 
RF 98.3 94.7 100 100 97.5  

Test Set 

Model Accuracy Sens. Spec. PPV NPV 

XGB 68.7 38.1 83.7 53.3 73.4 
NeuralNet 50 52.3 48.8 33.3 67.7 
RF 96.8 95.2 97.6 95.2 97.6  
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dataset, its reproducibility and its comprehensibility in clinical terms is 
at least arguable. Indeed, concerns around the transparency of the model 
and lack of explainability (black box nature of algorithms [37]) pose 
challenges in the era of evidence-based medicine that relies on trans
parency and reproducibility in the decision-making process. It is 
important that these issues are better explored and addressed with a 
solution that should be found on robust internal and external validation. 

Looking at the models tested, the Random-Forest showed the best 
accuracy when compared with the other models, fitting better the types 
of data available. This is not surprising: neural networks have a strong 
potentiality in increasing the efficacy of classification, but their role is 
better deployable in case of unsupervised learning, or with a very large 
amount of data. Our dataset, although it is one of the largest collecting 
radiomics data on HCC, was still too small to be suitable for an efficient 
neural network analysis. 

Finally, it should be clarified that the presented results are pre
liminary and entail some limitations. Firstly, the CT scans were collected 
based on the availability of the DICOM files among the participating 
centers; thus, they were not necessarily consecutive, leading to the risk 
of selection bias. However, the percentage of MVI among this cohort was 
in line with the one reported in the literature and in the general dataset 
where the clinical data were extracted. Moreover, the problem of 
overfitting the model was partially mitigated by splitting the dataset 
randomly in two groups (one for training and one for testing), and by 
features’ selection. However, these methodologies didn’t reach the goal 
to avoid overfitting in the XGB and the neuralnet models. Anyway, an 
external validation set is mandatory to assess clearly the performance of 
the models even in different settings, facing the real generalizability of 
the presented models. Despite the relatively high number of cases 
available in this study considering the rest of the literature, many clin
ical scenarios could not be represented by the present cohort, reducing 
the generalizability of the models. The choice of sampling only the 
largest nodule in case of multinodular disease could lead to the risk of 
missing out significant features and non-matching with histological 
analysis: however, we opted for this approach in order to replicate the 
environment of a percutaneous biopsy, where the information is derived 
by a single more representative nodule. 

Finally, considering the preliminary nature of this study, the models 
were not calibrated, and the discrimination ability of each one was not 
yet assessed, preferring a standard cut-off which could lead to an over or 
under estimation of the models’ performance. However, the decision 
about how to set-up the cut-off should be further considered in the next 
steps of this work, depending on its clinical implications and not only on 
mathematical decisions. 

5. Conclusions 

In conclusion, our study introduces a paradigm shift in HCC research 
by presenting a highly effective MVI predictive model based solely on 
radiomics features. The departure from traditional clinical variables 
may represent a turning point in the automatization of preoperative 
staging. Future endeavors should aim to demystify the black box nature 
of machine learning models, ensuring seamless translation into clinical 
decision-making. Our results pave the way for a new era in liver cancer 
research, offering a valuable tool for clinicians to refine therapeutic 
strategies in the pursuit of enhanced patient outcomes. 
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