
Vol:.(1234567890)

La radiologia medica (2024) 129:1444–1453
https://doi.org/10.1007/s11547-024-01878-9

ABDOMINAL RADIOLOGY

Radiomics and 256‑slice‑dual‑energy CT in the automated diagnosis 
of mild acute pancreatitis: the innovation of formal methods 
and high‑resolution CT

Aldo Rocca1 · Maria Chiara Brunese1,4 · Antonella Santone1 · Giulia Varriano1 · Luca Viganò2 · Corrado Caiazzo1 · 
Gianfranco Vallone1 · Luca Brunese1 · Luigia Romano3 · Marco Di Serafino1,3 · R O I Segmentation Collaborative 
Group

Received: 11 June 2024 / Accepted: 12 August 2024 / Published online: 30 August 2024 
© The Author(s) 2024

Abstract
Introduction  Acute pancreatitis (AP) is a common disease, and several scores aim to assess its prognosis. Our study aims 
to automatically recognize mild AP from computed tomography (CT) images in patients with acute abdominal pain but 
uncertain diagnosis from clinical and serological data through Radiomic model based on formal methods (FMs).
Methods  We retrospectively reviewed the CT scans acquired with Dual Source 256-slice CT scanner (Somatom Definition 
Flash; Siemens Healthineers, Erlangen, Germany) of 80 patients admitted to the radiology unit of Antonio Cardarelli hospital 
(Naples) with acute abdominal pain. Patients were divided into 2 groups: 40 underwent showed a healthy pancreatic gland, 
and 40 affected by four different grades (CTSI 0, 1, 2, 3) of mild pancreatitis at CT without clear clinical presentation or 
biochemical findings.
Segmentation was manually performed. Radiologists identified 6 patients with a high expression of diseases (CTSI 3) to 
formulate a formal property (Rule) to detect AP in the testing set automatically. Once the rule was formulated, and Model 
Checker classified 70 patients into “healthy” or “unhealthy”.
Results  The model achieved: accuracy 81%, precision 78% and recall 81%. Combining FMs results with radiologists agree-
ment, and applying the mode in clinical practice, the global accuracy would have been 100%.
Conclusions  Our model was reliable to automatically detect mild AP at primary diagnosis even in uncertain presentation 
and it will be tested prospectively in clinical practice.
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VNC	� Virtual non-contrast image
ROI	� Region of interest
HU	� Hounsfield unit
ML	� Machine learning

Introduction

Acute pancreatitis (AP) is a common gastrointestinal disease 
with an annual incidence rate of about 33.74/100 000, along 
with a yearly mortality rate of about 1.16/100 000 [1].

The incidence of AP has increased in the last few years, 
as it is strictly related to the diffusion of risk factors in the 
general population, such as alcoholism, obesity, type 2 
diabetes, and cardiovascular and renal diseases [2].

Diagnosing acute pancreatitis requires at least 2 criteria 
among the evidence of signs at imaging, the increment 
of amylase or lipase of 3 times the normal value, and the 
clinical abdominal pain referred [3, 4]. Once the diagnosis 
has been formulated, AP must currently be classified into 
three degrees of severity: mild acute pancreatitis (MAP), 
moderately severe acute pancreatitis (MSAP), and severe 
acute pancreatitis (SAP) [5].

Most AP are treated conservatively, and only the 15% 
evolve into severe acute pancreatitis, but in order to early 
identify the high-risk patients,

several scores have been proposed to determine AP 
severity. The acute physiology and chronic health evaluation 
II (APACHE II) score has the best accuracy, even if it 
collects only clinical parameters [6]. On the other hand, 
the computed tomography (CT) severity index (CTSI) 
and modified CTSI (mCTSI), instead, show a comparable 
prognostic performance including CT imaging data [6].

While the diagnosis of severe acute pancreatitis, is 
determined by evident signs on CT images, as large areas 
of necrosis in the retroperitoneum and fluid film in the 
hepatorenal and splenorenal spaces, the diagnosis of mild 
acute pancreatitis can still be challenging considering the 
minimal radiological features detectable at standard CT 
scan protocols [7]. Nonetheless, an early diagnosis is crucial 
especially considering its unpredictable evolution into a 
benign or severe clinical picture a few days later.

Nowadays the mean accuracy of radiologists in the 
identification of AP is about 94%, but, it decreases to 
80% in the identification of mild pancreatitis [7]. The 
accuracy can be limited by the absence or a low evidence 
of pathognomonic signs such as typical fluid collection and 
gland edema (CTSI score = 0) [7].

These features can become evident on CT images 
in a later time, and when it is too late to change clinical 
management, with consequent development of necrosis. 
30% of these patients will develop a superimposed necrosis 
infection, and consequent poor prognosis [8].

To overcome these limitations the latest advances in 
CT technology aim to ensure higher resolution with the 
lowest-dose exposure. The diagnostic performance has 
already been tested on pancreatic tumors [9, 10].

The utility of Radiomics has already been demonstrated 
in many fields to better define the evolution of clinical 
pictures through radiological data [11–15].

Radiomics is the study of quantitative features of 
radiologic imaging using, for example, texture analysis 
and has been shown to provide additional information 
on underlying pathology in many diseases as in the 
oncological field and medical or surgical emergencies 
[16–18].

The application of Radiomics on medical images leads to 
a large amount of data that can be analyzed effectively with 
artificial intelligence (AI) [19, 20].

Unfortunately, the imposing use of deep learning in these 
cases has disadvantages, such as the lack of explainability 
of the classification process and the need for large datasets, 
which is not always possible in the case of rare diseases or 
health emergencies [21, 22].

This is why there is a demand for valid alternatives, such 
as formal methods [23]: mathematical methods for verifying 
the behavior of complex systems. Such methods are used in 
Software Security to check the correct functioning of critical 
systems involving human lives and money movements [24].

Formal Methods have already demonstrated good 
reliability and versatility in many fields, such as oncological 
disease and COVID-19.

They have the great advantage of ensuring reliability with 
a small sample size, as they do not need the training and 
the validation set of machine learning methodology. Being 
mathematical techniques, Formal Methods are also able to 
be explicable in the classification process since the steps 
taken by the processor in making the final decision can be 
retracted [25, 26].

This research aims to explore the potentialities of 
Radiomics through Formal Methods, for the first time in 
the large field of emergency radiology. In particular, we aim 
to achieve automated diagnosis of acute mild pancreatitis 
looking for additional features not visible at the “naked eye 
view”, in order to improve the diagnostic performance of 
CT imaging.

Primary endpoint of the study

To evaluate the performance of an automated tool to 
diagnose mild pancreatitis according to the radiomic 
characteristics of the pancreas. To compare the diagnostic 
performance of an expert radiologist supervising with 
that of the automated tool. Radiological diagnosis of mild 
pancreatitis was based on CTSI criteria [6].
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Material and methods

Dataset

The study was conducted according to the guidelines of the 
Declaration of Helsinki and approved by the Institutional 
Review Board of the University of Molise (protocol number 
20/23, approval date: Jul 05, 2023).

We retrospectively collected contrast-enhanced CT 
scans of 80 consecutive compliant patients admitted to the 
Radiology Unit of Antonio Cardarelli Hospital of Naples in 
2022, showing acute abdominal pain and a suspect of acute 
pancreatitis.

The reference for the standard was the diagnosis of mild 
pancreatitis according to international definitions, i.e., 
combining clinical, laboratory and radiological data [27].

The inclusion criteria were:

•	 age > 18 years old;
•	 CT images acquired with a standard predefined 

acquisition protocol

The exclusion criteria were:

•	 evidence of focal or diffuse benign or malignant 
pancreatic lesions;

•	 diagnosis of severe acute pancreatitis, chronic 
pancreatitis, and severe involution of the pancreatic 
gland;

•	 lack of compliance to be part of the study.

80 patients were divided into two groups.
The first group is composed of 40 patients who underwent 

biphasic contrast-enhanced (CE)-CT for acute abdominal 
pain but showing a pancreatic gland without CT signs of 
inflammation.

The second group is composed of 40 patients with acute 
abdominal pain affected by mild pancreatitis, diagnosed 
with biphasic CE-CT imaging or later through clinical 
presentation or laboratory findings.

The CT images were reviewed by 3 blind radiologists 
and supervised by one blind 20 year experience radiologist.

Image acquisition

All patients underwent examination using a Dual Source 
256-slice CT scanner (Somatom Definition Flash; Siemens 
Healthineers, Erlangen, Germany) with a craniocaudal scan 
of the abdomen in the supine position with abducted upper 
limbs. Additionally, a breath-hold technique was employed 
to prevent motion artifacts.

The contrast-enhanced CT (CE-CT) protocols consisted 
of two phases that were obtained following the injection of 
contrast media (CM) via intravenous (IV) administration. 
These phases were timed with specific scan times and 
included a virtual non-contrast (VNC) image. The CT 
parameters are reported in Table 1.

In most cases, an additional late scan of the abdomen 
at 3–5 min was not necessary, except in situations with 
inconclusive findings.

The virtual non-contrast (VNC) image was obtained by 
subtracting the iodine-enhanced images, reducing the overall 
radiation exposure to the patient. The scanned volume 
included the abdominal area from the diaphragm to the 
pubic branches, with an effective slice thickness of 2.5 mm 
and reconstruction thickness set at 0.625 mm to facilitate 
thorough analysis and post-processing reformatting.

Segmentation and features extraction

We included venous CE- CT images with a slice thickness 
of 2.5 mm.

Region of interest (ROI) has been manually defined by 
6 different operators slice by slice for each patient. Before 
starting manual segmentation, a protocol has been defined 
to avoid high inter-operator variability (Fig. 1) The ROI 
included the pancreatic gland, rigorously excluding the 
major vessels (portal vein, mesenteric vein, splenic vein), 
the duodenum, and the small bowel. Whenever a peripancre-
atic fluid was present, it was included in the segmentation.

Table 1   CT acquisition protocol

CT acquisition parameters Contrast-enhanced protocol

Collimation 64 × 0.6 mm High concentration of IV CM (Iomeprol 400 mg I/mL, 
Iomeron 400; Bracco, Milan, Italy)

1.2 ml per 
kilogram of 
body weight

Spatial resolution 0.30 mm
Scan time 12 s
Scan length 287 mm Flow rate 3.5–4 mL/s
Rotation time 0.33 s ROI 150 HU
Tube settings 100/140 kV, 50/60 mAs Arterial phase delay 15 s
Effective dose 2.6 mSv Portal phase delay 70–80 s
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Healthy patients had a mean number of 19, 7 ROI (6–27 
95% CI); while, unhealthy patients had a mean number of 
22, 7 ROI (19–31 95% CI).

Successively, radiomic features were extracted through 
“PyRadiomics” (Boston, Massachusetts, USA) [28].

PyRadiomics is an extension of the 3D Slicer software, 
representing a Python library that allows the operators to 
convert the radiological images uploaded in DICOM format 
into numerical data, translating images into features, and so 
into numbers [29].

Features selection

The 107 features extracted through PyRadiomics were 
visualized and then selected through Weka (General Public 
License, New Zealand), which is open-source software that, 
through machine learning algorithms and data mining, is 
able to identify the most discriminating features on a CSV 
dataset.

In this way, AI can predict new data behaviors. In the pre-
sent study, Weka selected the most discriminating features 
related to “healthy” and “unhealthy” pancreas.

The further step consists in a feature reduction or 
selection [30]. The features reduction outputs resulted into 
6 classes of features reported in Table 2.

Formal methodology

Once the most suitable features for the case study have 
been available, formal models are created by discretizing 
the values and translating them into a mathematical syntax 
called “CCS”.

The intervals are five and equivalent, called ‘very low’, 
‘low’, ‘basal’, ‘high’ and ‘very high’: their presence or 
absence in the patient’s medical image series is fundamental 
for classification. In this mathematical technique there is no 
need for a testing and training set, therefore at the time of 
classification there is a need for knowledge extraction by a 
domain expert, e.g., the radiologist.

Fig. 1   a ROI of healthy pancreas patient; b ROI in a mild acute pancreatitis patient automatically detected

Table 2   6 classes of featured 
extracted

FIRST GLCM GLDM

10Percentile Imc2 Dependence entropy
Mean Joint entropy Low gray level emphasis
Median Sum entropy Dependence non uniformity
Skewness Maximum probability
Uniformity
GLSZM SHAPE GLRLM
Zone Entropy Maximum 2D Diameter Row Gray level non uniformity
Small area high gray level emphasis Minor axis length Low gray level run emphasis
Size zone non uniformity Surface area Run entropy

Short run low gray level emphasis
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In order to differentiate pancreatitis from healthy pan-
creas, two experienced radiologists selected 6 patients typi-
cally affected by MAP (CTSI score 3) to draw up a formal 
property (or rule) to perform the classification task. These 
patients were chosen from our database considering the high 
expression of edema, gland density or involution, and the 
peripancreatic fluid.

The rules are defined to discriminate the presence of 
radiological features of MAP, so there is no need to define 
rules from healthy patients, who are necessary only as 
control validation group.

The Property has been verified by the model checker, a 
mathematical agent checking if the Property is satisfied or 
not by the patients, on the residual cohort of patients (Fig. 2) 
[31–33].

Results

During the analysis, the features extracted from 4 patients 
(one healthy, and three with MAP) resulted in incomplete; 
therefore, the patients were excluded from the cohort. 
Overall, 76 patients were considered, including 39 healthy 
subjects (controls), and 37 patients with MAP (cases). The 
latter group included 6 patients (with CTSI of 3) selected to 
draw up the Formal Property rule.

The most performing rule was obtained from 3 of the 
6 patients, previously considered by the radiologists, it 
was defined from the feature classes FIRST and SHAPE 

selected from the following patients FIRS CSV_20_
CSV35 OR SHAP_CSV20_CSV29.

Then the rule was tested on 70 patients. The results are 
reported in Table 3. 32 healthy patients were correctly 
classified as negative by formal methods.

81% of patients affected by MAP were recognized by 
the radiomics model alone.

Figure 3a and b shows the CT scans of some patients 
misdiagnosed by radiologists and correctly classified by 
AI.

Blind radiologists also viewed the exams and their 
inter-operator agreement was verified.

6 patients affected by MAP with a CTSI score of 0–1 
were missed by some of the radiologists, but only 2 of 
these 6 patients were also missed by the Radiomic model.

Fig. 2   Schema of the methodology: starting from the medical images, 
there is the ROI segmentation step defining the pancreas region. After 
feature extraction and selection, the mathematical models are created 
and then verified through the formal Property written by radiologists 

and computer scientists. The Model Checker checks if the Property is 
satisfied or not, indicating the patient as healthy or affected by pan-
creatitis

Table 3   Results of the formal model checker in the testing dataset 
(n = 70); TP = true positive, FP = false positive; FN = false; negative; 
TN = true negative

Confusion matrix Actual values

Predicted values TP 25 FP 7
FN 6 TN 32

Diagnostic performance n = 70 Accuracy 0,81
Precision 0,78
Sensitivity 0,81
Specificity 0,84
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2 young healthy patients were overdiagnosed with MAP 
by the radiologists. Both the 2 patients were correctly clas-
sified by Formal Methods.

The diagnostic performance achieved by the combined 
radiomics and radiologists model is reported in Table 4.

ROIs have been defined by 6 different operators. This 
process did not condition the feature extraction, feature 
selection and the formal verification.

Discussion

Our study demonstrated how Formal Methods are reliable 
in recognizing in a short work time a mild acute pancreatitis 
without any clinical data or human job after the definition of 
the methodology. In particular, they achieved a great recall 
(or sensitivity) to detect MAP, as they achieved the best 
results in the identification of MAP in patients with CTSI 
0 or 1. The model achieved great accuracy in the differen-
tiation of both groups of patients. In particular, the healthy 
patients misclassified also by the radiologists as affected by 
pancreatitis were young (age < 40), normal or overweight, 
showing a hypertrophic gland, in a small retroperitoneal 

space, with a low percentage of bordering fat. Further-
more, also unhealthy misclassified patients had a different 
gland density due to the fibrotic involution. In fact, the only 
patients that presented these different features were the ones 
considered by the model as false negatives, but correctly 
classified by radiologists.

In our opinion the reliability of the model may give 
radiologists and clinicians the possibility of consulting the 
model in clinical practice. The global accuracy, in fact, is 
comparable with radiologists but the global accuracy of the 
model combined with the expertise of radiologists could 
achieve an accuracy of almost 100% in recognizing both 
the CTSI scores group 0–1 and 2–3 [7].

Furthermore, in clinical practice, early diagnosis must be 
the goal for clinicians and radiologists, as it allows an early 
prognostication and severity assessment of AP, crucial to 
improve patients prognosis and reduce mortality. However, 
the CTSI, which is based on CT images, only can predict 
prognosis at a later time (72 h) when the pancreatitis features 
are evident on CT. Our model can identify the earliest sign 
on the CT images to assess a severity radiomic score [27, 
34].

To our knowledge, this is also the first study based on an 
algorithm created starting from the features extracted by 6 
patients, with typical imaging of AP, selected and chosen 
by the agreement of two expert radiologists during the 
evaluation of radiological features. This innovation in our 
methodology gives our hybrid model a great explainability 
as the diagnostic rule has not been based only on the “naked-
eye-view” features, but on a translation of the radiological 
features into numerical ones [35–37].

But another innovation of Formal methodology, despite 
the most common machine learning methodologies, consists 
in overcoming the limits of huge sample size and an accurate 
training set [38, 39].

Fig. 3   a An example of a young patient not affected by mild acute 
pancreatitis misdiagnosed by some of the radiologists and correctly 
classified by FMs, b An example of a young patient affected by mild 

acute pancreatitis misdiagnosed by some of the radiologists and cor-
rectly classified by FMs

Table 4   Diagnostic performance of the combined model radiologists 
and formal methods

Confusion matrix Actual values

Predicted values TP 29 FP 0
FN 2 TN 39

Diagnostic performance n = 70 Accuracy 0,97
Precision 1,00
Sensitivity 0,94
Specificity 0,95
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Machine learning (ML) models are structured on a 
training set, a validation set and a testing set, as the software 
learns data from radiological images. Images can often be 
related also to clinical data inserted into the learning process 
of the model [40–42].

For this reason, our model has been developed without a 
ML training cohort. The Rule was manually defined on 3 of 
the 6 patients affected by mild acute pancreatitis, considered 
the most typical radiological picture of the disease by two 
expert radiologists.

Sparing the training set, the other patients segmented 
were used only to verify the rule (training/testing 6/70) and 
it was able to correctly classify the 81% of patients.

Furthermore, formal methods appear also reliable on a 
dataset of images, where ROIs have been manually defined 
by 6 different operators. This process did not condition the 
feature extraction and the results; therefore, the segmentation 
can be considered operator-independent.

So, besides other applications of Formal Methods in 
clinical practice, the application on AP shows different 
opportunities for the application of AI when compared 
to previous studies [43–45]. In our opinion, the chance 
to classify patients whose segmentation was performed 
manually by different operators represents one of the main 
goals of our study.

To our knowledge, this is also the first study concerning 
the automated diagnosis of acute pancreatitis, analyzing only 
the portal phase, as it reduces the segmentation work time, 
preserving the best enhancement of the pancreatic gland [46, 
47].

It is also a novel study among the different applications of 
radiomics to the latest advances in technology in CT scans 
[48–50].

Radiomics studies applied to emergency medicine focused 
on the prognosis prediction, the identification and diagnosis 
of chronic pancreatitis, the differential diagnosis from 
pancreatic adenocarcinoma and autoimmune pancreatitis 
[51]. Even if several studies reported a methodology 
applied to a large sample of patients, they often did not have 
a healthy control group, but they focused only on patients 
affected by acute pancreatitis to estimate prognosis [52–54].

The retrospective nature of the imaging collection 
represents the main limitation of our study. The sample size 
of our cohorts is still limited, but they just represented a 
testing set for the rule that was still trained and validated. 
We also excluded chronic pancreatitis from our dataset, 
even if it could be a cause of acute abdominal pain during 
re-activation [55, 56]. Our model is reliable with a testing 
set representing 92% of patients.

This is a first step to verify the reliability of our hybrid 
methodology created by radiologists, clinicians, and 
informatics, but also to automatize the diagnosis of AP. 
The main goal of the study concerns the hospital care of 

patients with a high risk of acute pancreatitis, to avoid 
further complications. Infected acute necrotizing pancreatitis 
is an always very difficult clinical picture to manage due 
to the complex inflammatory reaction of the patients, so 
interventional therapies may be needed to solve sepsis. 
In particular, severe necrotic pancreatitis may require an 
interventional or surgery approach from skilled specialists. 
Despite minimally invasive approaches, in particular with 
robotic techniques have been demonstrated safe and effective 
also in gastric and HPB surgery, concerning pancreatitis 
[57–60] the current trend in the literature leans toward 
favoring endoscopic drainage and endoscopic necrosectomy 
when possible [61].

However, the best management for patients affected by 
ANP is still debated and should be discussed case by case 
to face with very dangerous and various clinical conditions, 
and may be different in referral and peripheral centers [61, 
62].

Future studies will focus on prognosis prediction after 
the automatic identification of mild acute pancreatitis. The 
model will also be tested on a prospective cohort in an 
observational study.

Conclusion

The present study demonstrated that radiomic data in a 
Formal Property model may lead to an automated and early 
diagnosis of MAP with adequate reliability, but a really 
strong accuracy if supervised by radiologists.

Author contributions  A.R., M.C.B., A.S., F.B., F.D.C., D.D.L., 
G.P., Giulia.V., L.V., L.B., C.C., Gianfranco.V., L.R., M.D.S., 
Conceptualization contributed by A.S., G.V., Methodology contributed 
by A.S., Giulia.V., F.B.; Expert Radiologists contributed by L.B. 
and M.D.S; Software contributed by Giulia.V., F.B.; Validation 
contributed by A.S., Giulia.V.; Formal analysis contributed by A.S., 
Giulia.V., F.B.; Data preparation contributed by M.D.S., M.C.B., 
F.B., Writing—original draft preparation contributed by G.V., F.B., 
M.C.B., A.R. Writing—review and editing contributed by L.V., A.R. 
P.A. Supervision contributed by A.S., L.V., A.R. All authors have read 
and agreed to the published version of the manuscript.

Funding  Open access funding provided by Università degli Studi del 
Molise within the CRUI-CARE Agreement. This work has been par-
tially supported by MUR—REASONING: foRmal mEthods for com-
putAtional analySis for diagnOsis and progNosis in imagING—PRIN. 
This work has been partially supported by the National Plan for NRRP 
Complementary Investments D^3 4 Health: Digital Driven Diagnostics, 
prognostics and therapeutics for sustainable Health care.

Data availability  The study was conducted according to the guidelines 
of the Declaration of Helsinki and approved by the Institutional Review 
Board of the University of Molise (Prot.n.19/2023).



1451La radiologia medica (2024) 129:1444–1453	

Declarations 

Conflict of interest  The authors declare no conflict of interest.

Ethical approval  Research involving human participants and/or ani-
mals was conducted acquiring written informed consents allowing an 
anonymous sharing of clinical data from all participants.

The study was conducted according to the guidelines of the Declaration 
of Helsinki and approved by the Institutional Review Board of the Uni-
versity of Molise (protocol number 20/23, approval date: Jul 05, 2023).

Open Access  This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

	 1.	 Xiao AY et al (2016) Global incidence and mortality of pancreatic 
diseases: a systematic review, meta-analysis, and meta-regression 
of population-based cohort studies. Lancet Gastroenterol Hepatol 
1(1):45–55

	 2.	 Thapa R et al (2022) Early prediction of severe acute pancreatitis 
using machine learning. Pancreatology 22(1):43–50

	 3.	 Michalak N, Małecka-Wojciesko E (2023) Modifiable pancreatic 
ductal adenocarcinoma (PDAC) risk factors. J Clin Med. https://​
doi.​org/​10.​3390/​jcm12​134318

	 4.	 Crockett SD et al (2018) American gastroenterological association 
institute guideline on initial management of acute pancreatitis. 
Gastroenterology 154(4):1096–1101

	 5.	 Banks PA et al (2013) Classification of acute pancreatitis–2012: 
revision of the Atlanta classification and definitions by interna-
tional consensus. Gut 62(1):102–111

	 6.	 Harshit Kumar A, Singh Griwan M (2018) A comparison of 
APACHE II, BISAP, Ranson’s score and modified CTSI in pre-
dicting the severity of acute pancreatitis based on the 2012 revised 
Atlanta Classification. Gastroenterol Rep (Oxf) 6(2):127–131

	 7.	 Nistal M et al (2014) Analysis of the power of common diagnostic 
tools in the management of acute pancreatitis. Gastroenterol Res 
Pract 2014:438697

	 8.	 Podda M, Pellino G, Di Saverio S, Coccolini F, Pacella D, Cioffi 
SPB, Virdis F, Balla A, Ielpo B, Pata F, Poillucci G, Ortenzi M, 
Damaskos D, De Simone B, Sartelli M, Leppaniemi A, Jayant K, 
Catena F, Giuliani A, Di Martino M, Pisanu A (2023) MANC-
TRA-1 Collaborative Group. Infected pancreatic necrosis: out-
comes and clinical predictors of mortality. A post hoc analysis 
of the MANCTRA-1 international study. Updates Surg 75(3):pp. 
493–522 https://​doi.​org/​10.​1007/​s13304-​023-​01488-6. Epub 2023 
Mar 11. PMID: 36899292; PMCID: PMC10005914

	 9.	 Liang H, Du S, Yan G, Zhou Y, Yang T, Zhang Z, Luo C, Liao H, 
Li Y (2023) Dual-energy CT of the pancreas: comparison between 
virtual non-contrast images and true non-contrast images in the 
detection of pancreatic lesion. Abdom Radiol (NY) 48(8):2596–
2603. https://​doi.​org/​10.​1007/​s00261-​023-​03914-0

	10.	 Li Y, Liu J, Yang X, Xu F, Wang L, He C, Lin L, Qing H, Ren 
J, Zhou P (2023) Radiomic and quantitative-semantic models 
of low-dose computed tomography for predicting the poorly 
differentiated invasive non-mucinous pulmonary adenocarci-
noma. Radiol Med 128(2):191–202. https://​doi.​org/​10.​1007/​
s11547-​023-​01591-z

	11.	 Gillies RJ, Kinahan PE, Hricak H (2016) Radiomics: images are 
more than pictures. They Are Data Radiol 278(2):563–577

	12.	 Yamada A, Kamagata K, Hirata K, Ito R, Nakaura T, Ueda D, 
Fujita S, Fushimi Y, Fujima N, Matsui Y, Tatsugami F, Nozaki T, 
Fujioka T, Yanagawa M, Tsuboyama T, Kawamura M, Naganawa 
S (2023) Clinical applications of artificial intelligence in liver 
imaging. Radiol Med 128(6):655–667. https://​doi.​org/​10.​1007/​
s11547-​023-​01638-1

	13.	 Viganò L, Ammirabile A, Zwanenburg A (2023) Radiomics 
in liver surgery: defining the path toward clinical applica-
tion. Updates Surg 75(6):1387–1390. https://​doi.​org/​10.​1007/​
s13304-​023-​01620-6

	14.	 Volpe S, Mastroleo F, Krengli M, Jereczek-Fossa BA (2023) 
Quo vadis radiomics? bibliometric analysis of 10-year radiom-
ics journey. Eur Radiol 33(10):6736–6745. https://​doi.​org/​10.​
1007/​s00330-​023-​09645-6

	15.	 Schlanger D, Graur F, Popa C, Moiș E, Al HN (2022) The role 
of artificial intelligence in pancreatic surgery: a systematic 
review. Updates Surg 74(2):417–429. https://​doi.​org/​10.​1007/​
s13304-​022-​01255-z

	16.	 Berbís MÁ, Godino FP, Rodríguez-Comas J, Nava E, García-
Figueiras R, Baleato-González S, Luna A (2024) Radiomics in 
CT and MR imaging of the liver and pancreas: tools with poten-
tial for clinical application. Abdom Radiol (NY) 49(1):322–340. 
https://​doi.​org/​10.​1007/​s00261-​023-​04071-0

	17.	 Flammia F, Innocenti T, Galluzzo A, Danti G, Chiti G, Grazzini 
G, Bettarini S, Tortoli P, Busoni S, Dragoni G, Gottin M, Galli 
A, Miele V (2023) Branch duct-intraductal papillary mucinous 
neoplasms (BD-IPMNs): an MRI-based radiomic model to 
determine the malignant degeneration potential. Radiol Med 
128(4):383–392. https://​doi.​org/​10.​1007/​s11547-​023-​01609-6

	18.	 Brunese MC, Fantozzi MR, Fusco R, De Muzio F, Gabelloni 
M, Danti G, Borgheresi A, Palumbo P, Bruno F, Gandolfo N, 
Giovagnoni A, Miele V, Barile A, Granata V (2023) Update on 
the applications of radiomics in diagnosis, staging, and recur-
rence of intrahepatic cholangiocarcinoma. Diagnostics (Basel) 
13(8):1488. https://​doi.​org/​10.​3390/​diagn​ostic​s1308​1488.​
PMID:​37189​589;​PMCID:​PMC10​137417

	19.	 Brancato V, Esposito G, Coppola L, Cavaliere C, Mirabelli P, 
Scapicchio C, Borgheresi R, Neri E, Salvatore M, Aiello M 
(2024) Standardizing digital biobanks: integrating imaging, 
genomic, and clinical data for precision medicine. J Transl Med 
22(1):136. https://​doi.​org/​10.​1186/​s12967-​024-​04891-8.​PMID:​
38317​237;​PMCID:​PMC10​845786

	20.	 Vicini S, Bortolotto C, Rengo M, Ballerini D, Bellini D, Car-
bone I, Preda L, Laghi A, Coppola F, Faggioni L (2022) A 
narrative review on current imaging applications of artificial 
intelligence and radiomics in oncology: focus on the three most 
common cancers. Radiol Med 127(8):819–836. https://​doi.​org/​
10.​1007/​s11547-​022-​01512-6

	21.	 Caspers J (2021) Translation of predictive modeling and AI into 
clinics: a question of trust. Eur Radiol 31(7):4947–4948

	22.	 Pacella G, Brunese MC, D’Imperio E, Rotondo M, Scacchi A, 
Carbone M, Guerra G (2023) Pancreatic Ductal Adenocarci-
noma: update of CT-based radiomics applications in the pre-
surgical prediction of the risk of post-operative fistula, resecta-
bility status and prognosis. J Clin Med 12(23):7380. https://​doi.​
org/​10.​3390/​jcm12​237380.​PMID:​38068​432;​PMCID:​PMC10​
707069

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/jcm12134318
https://doi.org/10.3390/jcm12134318
https://doi.org/10.1007/s13304-023-01488-6
https://doi.org/10.1007/s00261-023-03914-0
https://doi.org/10.1007/s11547-023-01591-z
https://doi.org/10.1007/s11547-023-01591-z
https://doi.org/10.1007/s11547-023-01638-1
https://doi.org/10.1007/s11547-023-01638-1
https://doi.org/10.1007/s13304-023-01620-6
https://doi.org/10.1007/s13304-023-01620-6
https://doi.org/10.1007/s00330-023-09645-6
https://doi.org/10.1007/s00330-023-09645-6
https://doi.org/10.1007/s13304-022-01255-z
https://doi.org/10.1007/s13304-022-01255-z
https://doi.org/10.1007/s00261-023-04071-0
https://doi.org/10.1007/s11547-023-01609-6
https://doi.org/10.3390/diagnostics13081488.PMID:37189589;PMCID:PMC10137417
https://doi.org/10.3390/diagnostics13081488.PMID:37189589;PMCID:PMC10137417
https://doi.org/10.1186/s12967-024-04891-8.PMID:38317237;PMCID:PMC10845786
https://doi.org/10.1186/s12967-024-04891-8.PMID:38317237;PMCID:PMC10845786
https://doi.org/10.1007/s11547-022-01512-6
https://doi.org/10.1007/s11547-022-01512-6
https://doi.org/10.3390/jcm12237380.PMID:38068432;PMCID:PMC10707069
https://doi.org/10.3390/jcm12237380.PMID:38068432;PMCID:PMC10707069
https://doi.org/10.3390/jcm12237380.PMID:38068432;PMCID:PMC10707069


1452	 La radiologia medica (2024) 129:1444–1453

	23.	 Clarke EM, Wing JM (1996) Formal methods: state of the art and 
future directions. ACM Comput Surv 28(4):626–643

	24.	 Mercaldo F, Casolare R, Santone A (2023) Explainability of 
model checking for mobile malicious behavior between collabo-
rative apps detection and localisation. In: Dimitrakos T, Lopez J, 
Martinelli F (eds) Collaborative approaches for cyber security in 
cyber-physical systems. Springer International Publishing, Cham, 
pp 99–122

	25.	 Varriano G, Guerriero P, Santone A, Mercaldo F, Brunese L 
(2022) Explainability of radiomics through formal methods. 
Comput Method Programs Biomed 220:106824. https://​doi.​org/​
10.​1016/j.​cmpb.​2022.​106824

	26.	 Neri E, Aghakhanyan G, Zerunian M, Gandolfo N, Grassi R, 
Miele V, Giovagnoni A, Laghi A (2023) SIRM expert group on 
artificial intelligence. explainable AI in radiology: a white paper 
of the Italian society of medical and Interventional radiology. 
Radiol Med 128(6):755–764

	27.	 Sahu B et al (2017) Severity assessment of acute pancreati-
tis using CT severity index and modified CT severity index: 
correlation with clinical outcomes and severity grading as per 
the revised Atlanta Classification. Indian J Radiol Imaging 
27(2):152–160

	28.	 3D Slicer image computing platform
	29.	 van Griethuysen JJM et al (2017) Computational radiomics 

system to decode the radiographic phenotype. Cancer Res 
77(21):e104–e107

	30.	 Eibe Frank MAH, Ian H Witten (2016) The WEKA workbench. 
Online appendix for "data mining: practical machine learning 
tools and techniques. Morgan Kaufmann

	31.	 Pérez B (2019) Reasoning about clinical guidelines based 
on algebraic data types and constraint logic programming. J 
Biomed Inform 92:103134

	32.	 Horak T et al (2022) Visual analysis of hyperproperties for 
understanding model checking results. IEEE Trans Vis Comput 
Graph 28(1):357–367

	33.	 Mitchell AJ (2011) Sensitivity×PPV is a recognized test 
called the clinical utility index (CUI+). Eur J Epidemiol 
26(3):251–252

	34.	 Prajapati R et al (2021) Acute pancreatitis: predictors of mortality, 
pancreatic necrosis and intervention. Turk J Surg 37(1):13–21

	35.	 Neri E et al (2023) Explainable AI in radiology: a white paper of 
the Italian society of medical and interventional radiology. Radiol 
Med 128(6):755–764

	36.	 Kolla L, Parikh RB (2024) Uses and limitations of artificial intel-
ligence for oncology. Cancer 130(12):2101–2107. https://​doi.​org/​
10.​1002/​cncr.​35307

	37.	 Boutet A, Haile SS, Yang AZ, Son HJ, Malik M, Pai V, Nasralla 
M, Germann J, Vetkas A, Khalvati F, Ertl-Wagner BB (2024) 
Assessing the emergence and evolution of artificial intelligence 
and machine learning research in neuroradiology. AJNR Am J 
Neuroradiol. https://​doi.​org/​10.​3174/​ajnr.​A8252

	38.	 Vabalas A et al (2019) Machine learning algorithm validation with 
a limited sample size. PLoS ONE 14(11):e0224365

	39.	 Capretti G, Bonifacio C, De Palma C, Nebbia M, Giannitto C, 
Cancian P, Laino ME, Balzarini L, Papanikolaou N, Savevski V, 
Zerbi A (2022) A machine learning risk model based on preopera-
tive computed tomography scan to predict postoperative outcomes 
after pancreatoduodenectomy. Updates Surg 74(1):235–243. 
https://​doi.​org/​10.​1007/​s13304-​021-​01174-5

	40.	 Granata V et al (2022) contrast mr-based radiomics and machine 
learning analysis to assess clinical outcomes following liver resec-
tion in colorectal liver metastases: a preliminary study. Cancers 
(Basel) 14(5):1110

	41.	 Fiz F et al (2022) Radiomics of biliary tumors: a systematic review 
of current evidence. Diagn (Basel) 12(4):826

	42.	 Wang Q, Xu J, Wang A, Chen Y, Wang T, Chen D, Zhang J, 
Brismar TB (2023) Systematic review of machine learning-based 
radiomics approach for predicting microsatellite instability status 
in colorectal cancer. Radiol Med 128(2):136–148. https://​doi.​org/​
10.​1007/​s11547-​023-​01593-x

	43.	 Rocca A et al (2021) early diagnosis of liver metastases from 
colorectal cancer through ct radiomics and formal methods: a pilot 
study. J Clin Med 11(1):31

	44.	 Brunese L et al (2022) Automatic PI-RADS assignment by means 
of formal methods. Radiol Med 127(1):83–89

	45.	 Brunese L, Mercaldo F, Reginelli A, Santone A (2020) Formal 
methods for prostate cancer Gleason score and treatment predic-
tion using radiomic biomarkers. Magn Reson Imaging 66:165–
175. https://​doi.​org/​10.​1016/j.​mri.​2019.​08.​030

	46.	 Tasu JP et al (2022) Accuracy of a CT density threshold enhance-
ment to identify pancreatic parenchyma necrosis in acute pancrea-
titis during the first week. Diagn Interv Imaging 103(5):266–272

	47.	 Kwon Y et al (2012) Multidetector row computed tomography of 
acute pancreatitis: utility of single portal phase CT scan in short-
term follow up. Eur J Radiol 81(8):1728–1734

	48.	 Jiang W, Pan X, Luo Q, Huang S, Liang Y, Zhong X, Zhang X, 
Deng W, Lv Y, Chen L (2024) Radiomics analysis of pancreas 
based on dual-energy computed tomography for the detection of 
type 2 diabetes mellitus. Front Med (Lausanne) 19(11):1328687. 
https://​doi.​org/​10.​3389/​fmed.​2024.​13286​87.​PMID:​38707​184;​
PMCID:​PMC11​069320

	49.	 Schöneck M, Lennartz S, Zopfs D, Sonnabend K, Wawer Matos 
Reimer R, Rinneburger M, Graffe J, Persigehl T, Hentschke 
C, Baeßler B, Lourenco Caldeira L, Große Hokamp N (2024) 
Robustness of radiomic features in healthy abdominal parenchyma 
of patients with repeated examinations on dual-layer dual-energy 
CT. Eur J Radiol 175:111447. https://​doi.​org/​10.​1016/j.​ejrad.​
2024.​111447

	50.	 Arico’ FM, Trimarchi R, Portaluri A, Barilla’ C, Migliaccio 
N, Bucolo GM, Cicero G, Sofia C, Booz C, Vogl TJ, Marino 
MA, Ascenti V, D’Angelo T, Mazziotti S, Ascenti G (2023) Vir-
tual monoenergetic dual-layer dual-energy CT images in colo-
rectal cancer: CT diagnosis could be improved? Radiol Med 
128(8):891–899. https://​doi.​org/​10.​1007/​s11547-​023-​01663-0

	51.	 Park S et al (2020) Differentiating autoimmune pancreatitis from 
pancreatic ductal adenocarcinoma with CT radiomics features. 
Diagn Interv Imaging 101(9):555–564

	52.	 Zhou Y et al (2022) Machine learning predictive models for acute 
pancreatitis: a systematic review. Int J Med Inform 157:104641

	53.	 Yan G et al (2022) Radiomics and Its applications and progress 
in pancreatitis: a current state of the art review. Front Med (Laus-
anne) 9:922299

	54.	 Zhao Y et al (2023) Early prediction of acute pancreatitis sever-
ity based on changes in pancreatic and peripancreatic computed 
tomography radiomics nomogram. Quant Imaging Med Surg 
13(3):1927–1936

	55.	 Cubisino A, Dreifuss NH, Schlottmann F, Giulianotti PC (2022) 
Robotic lateral pancreatico-jejunostomy for chronic pancreatitis 
Puestow procedure. Updates Surg 74(6):2023–2030. https://​doi.​
org/​10.​1007/​s13304-​022-​01350-1

	56.	 Rubio-García JJ, Velilla Vico D, Villodre Tudela C, Irurzun López 
J, Contreras Padilla D, Alcázar López C, Carbonell Morote S, 
Ramia-Ángel JM (2023) Impact of percutaneous cholecystostomy 
in the management of acute cholecystitis: a retrospective cohort 
study at a tertiary center. Updates Surg Jun 75 4:905–914 https://​
doi.​org/​10.​1007/​s13304-​023-​01499-3

	57.	 Earjala JK, Muthukumarasamy T, Govindaraj Raman SK, Micheal 
M Nath VCKVG, AR A, Aravindan U (2024) Step-up manage-
ment in acute pancreatitis: a tertiary care center’s experience from 
southern India. Cureus. https://​doi.​org/​10.​7759/​cureus.​58971

https://doi.org/10.1016/j.cmpb.2022.106824
https://doi.org/10.1016/j.cmpb.2022.106824
https://doi.org/10.1002/cncr.35307
https://doi.org/10.1002/cncr.35307
https://doi.org/10.3174/ajnr.A8252
https://doi.org/10.1007/s13304-021-01174-5
https://doi.org/10.1007/s11547-023-01593-x
https://doi.org/10.1007/s11547-023-01593-x
https://doi.org/10.1016/j.mri.2019.08.030
https://doi.org/10.3389/fmed.2024.1328687.PMID:38707184;PMCID:PMC11069320
https://doi.org/10.3389/fmed.2024.1328687.PMID:38707184;PMCID:PMC11069320
https://doi.org/10.1016/j.ejrad.2024.111447
https://doi.org/10.1016/j.ejrad.2024.111447
https://doi.org/10.1007/s11547-023-01663-0
https://doi.org/10.1007/s13304-022-01350-1
https://doi.org/10.1007/s13304-022-01350-1
https://doi.org/10.1007/s13304-023-01499-3
https://doi.org/10.1007/s13304-023-01499-3
https://doi.org/10.7759/cureus.58971


1453La radiologia medica (2024) 129:1444–1453	

	58.	 Ceccarelli G, Rocca A, De Rosa M, Fontani A, Ermili F, Andolfi 
E, Bugiantella W, Levi Sandri GB 2021 Minimally invasive 
robotic-assisted combined colorectal and liver excision sur-
gery: feasibility, safety and surgical technique in a pilot series. 
Updates Surg Jun 73(3):1015–1022 https://​doi.​org/​10.​1007/​
s13304-​021-​01009-3

	59.	 Aldrighetti L, Boggi U, Falconi M, Giuliante F, Cipriani F, Ratti 
F, Torzilli G (2020) Italian association of HepatoBilioPancreatic 
Surgeons-AICEP. Perspectives from Italy during the COVID-19 
pandemic: nationwide survey-based focus on minimally invasive 
HPB surgery. Updates Surg 72(2):241–247. https://​doi.​org/​10.​
1007/​s13304-​020-​00815-5

	60.	 Avella P, Vaschetti R, Cappuccio M, Gambale F, DE Meis L, 
Rafanelli F, Brunese MC, Guerra G, Scacchi A, Rocca A (2022) 
The role of liver surgery in simultaneous synchronous colorec-
tal liver metastases and colorectal cancer resections: a literature 
review of 1730 patients underwent open and minimally invasive 
surgery. Minerva Surg 77(6):582–590. https://​doi.​org/​10.​23736/​
S2724-​5691.​22.​09716-7

	61.	 Sion MK, Davis KA (2019) Step-up approach for the management 
of pancreatic necrosis: a review of the literature. Trauma Surg 
Acute Care Open 4(1):e000308. https://​doi.​org/​10.​1136/​tsaco-​
2019-​000308.​PMID:​31245​622;​PMCID:​PMC65​60663

	62.	 Giuliani A, Avella P, Segreto AL, Izzo ML, Buondonno A, 
Coluzzi M, Cappuccio M, Brunese MC, Vaschetti R, Scacchi 
A, Guerra G, Amato B, Calise F, Rocca A (2021) Postoperative 
outcomes analysis after pancreatic duct occlusion: a safe option 
to treat the pancreatic stump after pancreaticoduodenectomy in 
low-volume centers. Front Surg 21(8):804675. https://​doi.​org/​10.​
3389/​fsurg.​2021.​804675.​PMID:​34993​230;​PMCID:​PMC87​25883

Publisher's Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.1007/s13304-021-01009-3
https://doi.org/10.1007/s13304-021-01009-3
https://doi.org/10.1007/s13304-020-00815-5
https://doi.org/10.1007/s13304-020-00815-5
https://doi.org/10.23736/S2724-5691.22.09716-7
https://doi.org/10.23736/S2724-5691.22.09716-7
https://doi.org/10.1136/tsaco-2019-000308.PMID:31245622;PMCID:PMC6560663
https://doi.org/10.1136/tsaco-2019-000308.PMID:31245622;PMCID:PMC6560663
https://doi.org/10.3389/fsurg.2021.804675.PMID:34993230;PMCID:PMC8725883
https://doi.org/10.3389/fsurg.2021.804675.PMID:34993230;PMCID:PMC8725883

	Radiomics and 256-slice-dual-energy CT in the automated diagnosis of mild acute pancreatitis: the innovation of formal methods and high-resolution CT
	Abstract
	Introduction 
	Methods 
	Results 
	Conclusions 

	Introduction
	Primary endpoint of the study

	Material and methods
	Dataset
	Image acquisition
	Segmentation and features extraction
	Features selection
	Formal methodology

	Results
	Discussion
	Conclusion
	References




