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Abstract

Objectives
To predict liver injury in acute pancreatitis (AP) patients by establishing a radiomics model based on
contrast-enhanced computed tomography (CECT).

Methods
A total of 1223 radiomic features were extracted from late arterial-phase pancreatic CECT images of 209
AP patients (146 in the training cohort and 63 in the test cohort), and the optimal radiomic features
retained after dimensionality reduction by least absolute shrinkage and selection operator (LASSO) were
used to construct a radiomic model through logistic regression analysis. In addition, clinical features were
collected to develop a clinical model, and a joint model was established by combining the best radiomic
features and clinical features to evaluate the practicality and application value of the radiomic models,
clinical model and combined model.

Results
Four potential features were selected from the pancreatic parenchyma to construct the radiomic model,
and the area under the receiver operating characteristic curve (AUC) of the radiomic model was
significantly greater than that of the clinical model for both the training cohort (0.993 vs. 0.653, p = 0.000)
and test cohort (0.910 vs. 0.574, p = 0.000). The joint model had a greater AUC than the radiomics model
for both the training cohort (0.997 vs. 0.993, p = 0.357) and test cohort (0.925 vs. 0.910, p = 0.302).

Conclusions
The radiomic model based on CECT has good performance in predicting liver injury in AP patients and
can guide clinical decision-making and improve the prognosis of patients with AP.

1. Introduction
Acute pancreatitis (AP) is a potentially fatal inflammatory disease of the digestive system characterized
by the activation of pancreatic enzymes with varying degrees of edema, hemorrhage, and necrosis(1, 2).
Its course is rapidly progressive, and patients are prone to develop moderate AP or severe AP, leading to
pancreatic necrosis, systemic inflammatory response syndrome, and multiple-organ dysfunction
syndrome, all of which are associated with a high mortality rate(3, 4). Acute liver injury (ALI) is the most
common complication of AP and is associated with liver function impairment, the probability of which
can reach 60% due to a systemic inflammatory response, a decrease in the circulating blood volume, or
the special anatomical structure of the liver and pancreas(5–7). Severe progression to hepatic failure
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occurs with a 5% incidence, leading to death(8). In addition, AP complicated with liver injury can not only
accelerate the progression of the disease but also play a bridging role in the process of multiple-organ
injury secondary to AP(9). Therefore, early diagnosis and treatment of liver injury can effectively improve
the prognosis and survival rate of AP patients.

Currently, the commonly used method for the clinical diagnosis of AP complicated with liver injury is
laboratory examination, but laboratory examination cannot accurately and intuitively evaluate the
severity of AP (such as necrosis and effusion) or guide clinicians to treat patients individually. Contrast-
enhanced computed tomography (CECT) is the recommended imaging method for the diagnosis of
pancreatic and hepatic diseases, but early liver injury only shows transient hepatic attenuation
differences on CECT images(10), which lacks specificity and makes an accurate diagnosis difficult with
the naked eye.

As an emerging technology, radiomics is a noninvasive method for extracting quantitative features in a
high-throughput manner, discovering information about the heterogeneity of lesions that cannot be
observed by the naked eye, improving the diagnostic rate of diseases, and providing support for clinical
decision-making(11, 12).Radiomics has important applications in predicting the severity of AP, the
recurrence of AP, the incidence of early extrapancreatic necrosis in AP patients and post-AP diabetes
mellitus and has achieved good results(13–15). However, there are no radiomic reports on AP
complicated with liver injury. Therefore, the aim of this paper was to develop a predictive model based on
CECT for diagnosing ALI in AP patients.

2. Materials and methods

2.1 Patients
This retrospective study was approved by the Medical Ethics Committee of the Affiliated Hospital of
North Sichuan Medical College. The ethics committee’s approval number for this experiment was [2021]
08, and the study was exempted from informed consent requirements. In this study, the medical records
of 658 AP patients admitted to the Affiliated Hospital of North Sichuan Medical College from January
2019 to December 2022 were collected.

2.2 Inclusion and exclusion criteria
The inclusion criteria for patients were as follows: (I) had AP according to the Atlanta classification
revised in 2012(16); (II) had serum liver function indices, including alanine aminotransferase (ALT),
aspartate aminotransferase (AST), total bilirubin (TBIL) and direct bilirubin (DBIL), within 48 h after the
onset of the disease in AP patients; and (III) had abdominal CT enhancement scans performed within 2
days after onset.

The exclusion criteria were as follows: (I) incomplete medical history; (II) poor-quality CECT images; (III)
acute exacerbation of chronic pancreatitis; (IV) previous history of liver injury; (V) recent administration of
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liver damaging medications; and (VI) comorbid infectious diseases and pancreatic tumors.

A total of 209 AP patients were ultimately included in the study. According to the indices of laboratory
liver function, the patients were divided into a liver injury group (n = 94) and a nonliver injury group (n = 
115). The training cohort (n = 146, 76 in the nonliver injury group and 70 in the liver injury group) and the
test cohort (n = 63, 36 in the nonliver injury group and 27 in the liver injury group) were randomly
generated by R software according to a ratio of 7∶3. In addition, information such as sex, age, etiology,
complications, hospital stay, hydroperitoneum, fatty liver disease status, modified computed tomography
severity index (MCTSI) score (Table 1), bedside index for severity in AP (BISAP) score(17), Acute
Physiology and Chronic Health Evaluation (APACHE) II score(18), AP severity based on the Atlanta
Classification Criteria(16), biochemical indices of pancreatitis (serum amylase, serum pancreatic amylase
and lipase) and serum liver function indices (ALT, AST, TBIL, DBIL) was collected. The flowchart of the
recruitment of patients is shown in Fig. 1.

Table 1
Composition of the severity scores on the MCTSI.

Characteristics Score

Pancreatic inflammation  

Normal 0

Focal or diffuse enlargement

Intrinsic pancreatic abnormalities with inflammatory changes in pancreatic fat

Single, poorly defined fluid collection or phlegmon

2

2

4

2 or more poorly defined collection or presence of gas in or adjacent to pancreas 4

pancreatic necrosis  

None 0

<30%

30%-50%

2

4

>30%

Extrapancreatic complications

Ascites, pleural effusion, gastrointestinal tract involvement, vascular complications,
parenchymal complications

4

2

2.3 Image acquisition
All AP patients were scanned by a Somatom Definition AS + 128 (Siemens Healthineers). The scanning
parameters were as follows: 120 kV tube voltage, 200 mA tube current, 512 × 512 matrix, 35 cm × 35 cm
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field of view, 128 × 0.6 mm detector collimation, 5 mm section thickness, and 5 mm section interval.
Using a high-pressure syringe, 1.5 mL/kg of nonionic contrast agent was injected intravenously in an
elbow vein at a rate of 3.5-4 mL/s and then flushed with 10 mL of saline solution. Images of the arterial
and portal venous phases were acquired 28 and 60 seconds after injection, respectively. Arterial phase CT
images were anonymously retrieved from a picture archiving and communication system (PACS)
(Carestream) for feature extraction.

2.4 Region of interest (ROI) delineation, image
segmentation, and feature extraction
Two experienced abdominal radiologists manually delineated the ROI of the pancreatic parenchyma in
the arterial phase with the three-dimensional (3D) Slicer (https://www.slicer.org/) platform layer by layer,
including the pancreatic necrosis area, vessels and biliary ducts were avoided as much as possible. The
original image was resampled and filtered by Laplace-Gaussian filtering and wavelet transform filtering
based on the 3D slicer platform, and the radiomics features were extracted to obtain 1223 features,
including seven groups of features, including the first-order features, shape features, gray level size zone
matrix (GLSZM), neighboring gray-tone difference matrix (NGTDM), gray level dependence matrix
(GLDM), gray level co-occurrence matrix (GLCM), and gray level run-length matrix (GLRLM).

2.5 Intraobserver and interobserver agreement
To assess intraobserver reliability and interobserver agreement, two abdominal radiologists randomly
selected arterial-phase images from 50 patients to delineate ROIs and extract features. For intraobserver
reliability, observer 1 delineated the ROI twice in one week, and the radiomic features were extracted twice.
To assess interobserver agreement, observer 2 delineated the ROI and extracted features for comparison
with the extracted features of observer 1. Agreement between the intra- and interobserver distributions
was assessed using the intragroup correlation coefficient (ICC), and features with an ICC greater than
0.75 were considered to indicate good agreement(19).

2.6 Dimensionality reduction and radiomic feature selection
Features with an ICC greater than 0.75 were normalized by the Z score to eliminate the dimensional
effects associated with different features. The features of the training cohort were subsequently tested by
the independent samples t test or the Mann‒Whitney U test to avoid dimension bias. Finally, variable
selection and regularization were performed by least absolute shrinkage and selection operator (LASSO)
to obtain the best radiomic features associated with liver injury. In this study, the regularization parameter
(λ) was adjusted, and tenfold cross-validation was used to select features and determine the
corresponding coefficient values to weigh these features. The workflow of the radiological analysis is
shown below: Fig. 2.

2.7 Establishment of the clinical model and radiomic model
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The clinical features of the liver injury group and the nonliver injury group were analyzed by univariate
analyses, and a clinical model was constructed based on the clinical features that differed between the
two groups. A radiomic model was created from the best radiomic features screened after dimensionality
reduction, and the model was evaluated based on specificity, sensitivity, precision, accuracy, recall, F1
score, and the area under the receiver operating characteristic curve (AUC). In addition, the difference in
AUC values between the two models was also calculated to determine the best model for predicting liver
injury in AP patients.

2.8 Statistical analysis
All the data were analyzed with SPSS 27.0 (IBM). The normality of the distribution of continuous
variables was assessed using the Shapiro‒Wilk test, and the Levene test was used to test for
homogeneity of variance. Independent t tests were used for continuous variables that conformed to a
normal distribution, and Mann‒Whitney U tests were used for continuous variables that did not conform
to a normal distribution. The chi-square test or Fisher’s exact test was used to test categorical variables.
The difference in AUC values between the two models was compared by the Delong test, and p < 0.05 was
considered to indicate a significant difference.

3. Results

3.1 Clinical characteristics
A total of 209 patients with AP were included in this study. According to the Atlanta Classification criteria,
86 patients had mild AP, 101 had moderate AP, and 22 had severe AP; 94 patients were included in the
liver injury group, and 115 patients were included in the non-liver injury group (Fig. 3). The clinical
characteristics of the two groups are summarized in Table 1. The results revealed significant differences
in age; APACHE II score; lipase level; serum amylase level; and serum pancreatic amylase level between
the two groups.
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Table 2
Clinical characteristics of the liver injury group and nonliver injury group

Clinical characteristics Liver injury group (n = 94) Nonliver injury group (n = 115) P value

Gender     0.863

Male 64 77  

Female 30 38  

Age (years) 50.97 ± 15.27 46.95 ± 14.84 0.043

Etiology     0.209

Biliary 38 36  

Alcoholic 6 5  

Hypertriglyceridemia 27 49  

Others 23 25  

Complications     0.555

Yes 48 54  

No 46 61  

MCTSI score 6(2–6) 6(2.5-6) 0.609

BISAP score 1(0–2) 1(0–2) 0.870

APACHE II score 5.5(3–8) 5(2–7) 0.021

Fatty liver disease     0.602

Yes 44 57  

No 50 58  

Hydroperitoneum     0.114

Yes 73 78  

No 21 37  

Hospital stay (days) 10(6–14) 12(8–16) 0.06

Lipase 356(121–841) 482(189-1461.5) 0.018

Serum amylase 334(121-1382.75) 272(102–566)  

Pancreatic amylase 263(85-1343) 222(81–509) 0.044

AP severity     0.466

Mild 37 49  
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Clinical characteristics Liver injury group (n = 94) Nonliver injury group (n = 115) P value

Moderate 45 56  

Severe 12 10  

3.2 Radiomics feature selection
For each patient, 1223 features were extracted, and a total of 805 features with intraobserver and
interobserver ICCs > 0.75 were selected (Fig. 4). Independent t tests and Mann‒Whitney U tests were used
to screen out the features with significant differences, and the four most important features were
subsequently selected by LASSO (Fig. 5). The corresponding coefficients for the features are shown in
Table 2.

Table 3
The corresponding coefficients for the features identified by LASSO.

GLRLM, gray-level run-length matrix; GLDM, gray-level dependence matrix;
GLSZM, gray-level size zone matrix.

Category Feature Coefficients

GLDM SmallDependenceHighGrayLevelEmphasis 0.601445

GLRLM ShortRunHighGrayLevelEmphasis 0.800737

GLSZM SmallAreaHighGrayLevelEmphasis -1.021515

GLRLM RunLengthNonUniformity 0.100813

3.3 Establishment of the clinical model, radiomic model
and joint model
A radiomic model was established by logistic regression, a clinical model was built based on five
statistically significant clinical features, and a joint model was built based on clinical features and
radiomic features. The performance of the clinical model, the radiomic model and the joint model is
shown in Table 3. In the training and test cohorts, the areas under the curve (AUCs) of the radiomics
model were 0.993 and 0.910, respectively (Fig. 6), which were greater than those of the clinical model
(Fig. 7). In addition, the joint model also had a greater AUC than the radiomics model.
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Table 4
The performance of the clinical model, radiomic model and joint model in the training and test cohorts.

PPV, positive predictive value; NPV, negative predictive value; AUC, area under the receiver operating
characteristic curve.

  Accuracy Sensitivity Specificity PPV NPV F1 AUC (95% CI)

Training cohort              

Clinical model 0.630 0.500 0.750 0.648 0.620 0.565 0.653(0.564 ~ 
0.743)

Radiomics
model

0.979 0.986 0.974 0.972 0.987 0.979 0.993 (0.981 
~ 1)

Joint model 0.986 0.986 0.987 0.986 0.987 0.986 0.997 (0.992 
~ 1)

Test cohort              

Clinical model 0.635 0.370 0.833 0.625 0.638 0.465 0.574(0.419 ~ 
0.729)

Radiomics
model

0.937 0.963 0.917 0.897 0.971 0.929 0.910 (0.818 
~ 1)

Joint model 0.921 0.926 0.917 0.893 0.943 0.909 0.925(0.846 ~ 
1)

4. Discussion
Early diagnosis of liver injury caused by AP is important for determining the treatment and prognosis of
patients. Several studies have explored different types of liver injury based on radiomics. Fu et al.
developed a predictive model based on hepatic enhancement magnetic resonance imaging that
incorporated clinical characteristics and radiomic features for predicting chronic drug-induced liver
injury(20). The model had high efficacy in the training cohort (AUC = 0.89) and the validation cohort (AUC 
= 0.88). Guido's group improved the noninvasive diagnosis of chemotherapy-associated liver injury by
radiomic analysis of liver parenchyma with high accuracy in diagnosing nonalcoholic steatohepatitis,
sinusoidal dilatation, and nodular regenerative hyperplasia(21). Benjamin and his colleagues reported
that liver spontaneous attenuation (LSA), which reflects the degree of steatosis on CT, correlates with the
clinical severity of AP and that the LSA can serve as an imaging biomarker of AP severity(22). Although
there are many studies on liver injury based on radiomics, there is a lack of development and verification
of radiomic models for diagnosing AP complicated with liver injury; therefore, we constructed a CT
radiomic model based on machine learning. In terms of grouping, we used any ALT, AST, TBIL or DBIL
concentration above the normal range to define liver injury. To ensure the accuracy of both the TBIL and
DBIL levels, we excluded patients with elevated TBIL and DBIL levels due to biliary obstruction. The
results showed that the accuracy of the radiomic model reached 0.979 and 0.937 in the training and test
sets, respectively. The four metrics were shown to be highly efficacious in defining liver injury.
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In terms of imaging data acquisition, first, CECT is one of the recommended imaging techniques for
diagnosing AP and can distinguish local complications(16). In addition, images of the late artery
reportedly have the best enhancement effect; therefore, we chose images of the late artery for
visualization(23). Second, all AP patients were scanned with the same machine and parameters, ensuring
highly reproducible and accurate data. The features were then resampled to 1 × 1 × 1 mm during feature
extraction to correct for voxel resolution changes. Finally, after extracting the features, the size effect
associated with different features was removed by normalizing the Z score. This series of measures
ensures that our data have high conviction.

For feature dimensionality reduction, we used the LASSO algorithm to filter features. Its principle is to
reduce the dimensionality of the dataset by selecting the most important features to achieve a higher
model accuracy and a faster calculation speed(24). In this study, we optimized the features by adjusting
the regularization parameter via the LASSO algorithm and performing 10-fold cross-validation to filter out
the four most important features and ensure the stability of the radiomic model. Compared to other
studies of liver injury, our model has greater efficacy(20, 21).

This study has several limitations. First, our study was a single-center study with a small sample size. In
the future, large-scale multicenter studies can be conducted as much as possible. Second, the reason for
the low efficacy of the clinical model may be that the number of patients included was small and
unrepresentative, and additional clinical features were not included. Third, only drawing the pancreatic
parenchyma may ignore valuable information about the disease. In future research, edema and exudate
can be included in the delineation of ROIs to improve diagnostic efficiency.

5. Conclusion
Radiomics has important applications in the study of liver injury in AP patients based on late arterial
images from CECT. We developed a powerful radiomic model that can accurately diagnose liver injury in
AP patients, providing a new approach for the assessment of liver injury as well as patient prognosis and
personalized treatment. Given the noninvasive and efficient nature of radiomics, radiomics can be applied
in the future to diagnose multiple complications of AP.
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Figure 1

Flow chart of patient recruitment in this study. AP, acute pancreatitis.

Figure 2
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Workflow chart of the radiomic analysis

Figure 3

A CECT image of an AP patient without liver injury (a). The ALT, AST, TBIL, DBIL, MSCT, APACHE II, and
BISAP scores were 13, 15, 16, 3.8, 4, 0, and 1, respectively. A CECT image of an AP patient with liver injury
(b). The ALT, AST, TBIL, DBIL, MSCT, APACHE II, and BISAP scores were 126, 132, 20.9, 12.9, 10, 10, and 2,
respectively. Moreover, there was no difference in the CECT between these two groups.
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Figure 4

Consistency test of features. a. The intraobserver agreement based on the interclass correlation
coefficient (ICC). b. Agreement of the interobserver agreement based on the ICC.
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Figure 5

Feature selection using the least absolute shrinkage and selection operator (LASSO)
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Figure 6

Performance of the radiomic model in the training cohort (a) and test cohort (b).
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Figure 7

ROC curves comparing the radiomics model and clinical model between the training cohort (a) and the
test cohort (b).


