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Abstract

Purpose: Patients with recurrent abdominal pain and pancreatic enzyme elevations may be 

diagnosed clinically with recurrent acute pancreatitis (RAP) even with normal imaging or no 

imaging at all. Since neither abdominal pain nor enzyme elevations are specific for acute 

pancreatitis (AP), and patients with RAP often have a normal appearing pancreas on CT after 

resolution of an AP episode, RAP diagnosis can be challenging. This study aims to determine if 

quantitative radiomic features of the pancreas on CT can differentiate patients with functional 

abdominal pain, RAP, and chronic pancreatitis (CP).

Method: Contrast enhanced CT abdominal images of adult patients evaluated in a pancreatitis 

clinic from 2010 to 2018 with the diagnosis of RAP, functional abdominal pain, or CP were 

retrospectively reviewed. The pancreas was outlined by drawing region of interest (ROI) on 

images. 54 radiomic features were extracted from each ROI and were compared between the 

patient groups. A one-vs-one Isomap and Support Vector Machine (IsoSVM) classifier was also 

trained and tested to classify patients into one of the three diagnostic groups based on their 

radiomic features.

Results: Among the study’s 56 patients, 20 (35.7 %) had RAP, 19 (33.9 %) had functional 

abdominal pain, and 17 (30.4 %) had CP. On univariate analysis, 11 radiomic features (10 GLCM 

features and one NGTDM feature) were significantly different between the patient groups. The 

IsoSVM classifier for prediction of patient diagnosis had an overall accuracy of 82.1 %.

Conclusions: Certain radiomic features on CT imaging can differentiate patients with functional 

abdominal pain, RAP, and CP.
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1. Introduction

Recurrent acute pancreatitis (RAP) is a clinical condition defined as two or more prior 

episodes of acute pancreatitis (AP) with near or complete resolution of the disease in-

between the episodes. The most common causes include biliary stones or sludge, alcohol 

consumption, sphincter of Oddi dysfunction, genetic mutations (such as PRSS1 and 

SPINK1), and anatomic variants of the pancreatic duct interfering with normal flow of 

pancreatic secretions [1]. 17–22 % of patients diagnosed with AP have recurrence in the 

future, and up to 36 % of RAP patients eventually advance to chronic pancreatitis (CP) [2,3]. 

RAP is associated with a lower quality of life and current interventions have not proven to 

be effective at reducing recurrence [4-6].

Diagnosis of AP can be challenging, such as in the ICU setting, where lack of a proper 

abdominal examination, non-specific enzyme elevations due to non-pancreatic conditions, 

and suboptimal non-contrast CT examination may preclude correct diagnosis [7]. When 

contrast enhanced CT imaging is performed in a patient with AP, it can help assess the 

severity of disease and helps exclude other causes of acute abdominal pain [8]. However, 

patients with RAP often have a normal appearing pancreas on CT after resolution of an AP 

episode and in between recurrent episodes, making the diagnosis of RAP challenging. As a 

result, patients with normal cross-sectional imaging. This may lead to unnecessary 

endoscopy or treatment, in patients without actual disease. Therefore, there is a need for 

diagnostic tools to further corroborate the clinical diagnosis of RAP and to distinguish it 

from other causes of abdominal pain.

Radiomics is the study of quantitative features of radiologic imaging using texture analysis 

[9,10] and has shown to provide additional information of underlying pathology in many 

disease processes such as breast cancer, brain metastasis, and lung cancer [11-14]. We 

sought to examine radiomic features of the pancreas on CT of patients who presented at our 

pancreatitis clinic with abdominal pain. These patients underwent a comprehensive clinical 

examination and were diagnosed with either functional abdominal pain, RAP, or CP. Our 

primary aim was to determine if radiomic features of the pancreas on CT can differentiate 

patients with functional abdominal pain, RAP, and CP.

2. Methods

2.1. Study design and data collection

The study was approved by the Johns Hopkins Hospital Institutional Review Board for 

Human Research and complied with Health Insurance Portability and Accountability Act 

(HIPPA) regulations. This is a retrospective single center cohort study of adult patients 

evaluated in pancreatitis clinic at the Johns Hopkins Hosptial from 2010 to 2018 by an 

experienced clinical pancreatologist (VKS). All medical records and imaging studies from 

Mashayekhi et al. Page 2

Eur J Radiol. Author manuscript; available in PMC 2021 March 17.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



prior AP admissions were obtained and reviewed at our institution. Based on the clinical 

evaluation, these patients were subsequently categorized into one of the following groups: 

functional abdominal pain, RAP, or CP.

2.2. Patient selection

All three of the following criteria of the revised Atlanta classification were required for a 

diagnosis of AP: 1) abdominal pain, 2) abdominal imaging findings consistent with AP, and 

3) elevated serum amylase or lipase ≥ 3 times upper limit normal (ULN) [15]. Functional 

abdominal pain was defined using the ROME IV criteria, with most patients meeting criteria 

for functional dyspepsia or irritable bowel syndrome [16]. In addition to the ROME IV 

criteria, we required that all functional abdominal pain patients not have any record of an 

amylase and/or lipase elevation (> = 3x the ULN) to preclude any doubtful diagnosis of RAP 

to fall into this group. CP was defined according to definite M-ANNHEIM criteria in which 

one or more of the following features must be present: 1) pancreatic calcification(s); 2) 

moderate or marked ductal changes per the Cambridge classification using endoscopic 

retrograde cholangiopancreatography (ERCP) or magnetic resonance 

cholangiopancreatography (MRCP) if ERCP not performed; 3) marked or persistent 

exocrine insufficiency defined as pancreatic steatorrhea markedly reduced by pancreatic 

enzyme supplementation; 4) typical histology from an adequate histological specimen [17].

The exclusion criteria were absence of contrast enhanced abdominal CT, presence of foreign 

bodies near the pancreas such as stents or surgical clips creating beam hardening artifact on 

the pancreas, radiological features of AP (including peripancreatic fat stranding, edema and 

fluid on CT) [18], or prior pancreatic surgery. Of the 225 patients, 169 were excluded based 

on the exclusion criteria and 56 patients from the cohort met the criteria (Fig. 1). All relevant 

clinical data including age, sex, race, and body mass index (BMI) was collected from the 

patient medical records. Alcohol consumption and smoking history were categorized 

according to definitions utilized in the North American Pancreatitis Study (NAPS2) [19].

2.3. Image acquisition and region of interest

All patients in this study had undergone standard venous phase CT of the abdomen acquired 

at 60 s post IV contrast injection. Images at our institution were scanned on 64-MDCT 

scanner (Sensation 64, Siemens Healthineers). Patients were injected with 100–120 mL of 

iohexol (Omnipaque, GE Healthcare) at an injection rate of 4–5 mL/s. Scanning protocols 

were customized for each patient to minimize dose but were on the order of 120 kVp, 300 

mAseff, and 0.6–0.8 pitch. The collimation was 64 × 0.6 mm for the 64-MDCT scanner and 

128 × 0.6 mm for the dual-source scanner. 3-mm slices were used for the radiomics analysis 

as these were uniformly available for images across intuitions. Only venous phase images 

were analyzed as they are fairly standard in terms of contrast timing and other phases 

including pre-contrast and arterial phase images were not included in the analysis due to 

differences in protocols and acquisition timings of these phases. The imaging protocols and 

image resolution was fairly standard across most intuitions and does not lead to variability in 

significant Hounsefield differences between studies acquired at different centers. DICOM 

files of the CT images were downloaded into an in-house MATLAB program to outline the 

pancreas (segmentation) on every slice using a region of interest (ROI) tool. The 
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segmentation of the pancreas was manually performed by a 4th year medical student and 

each slice was double checked by an abdominal radiologist (AZ) with a 10-year experience 

of reading abdominal CT as an attending for accuracy and if needed modified to ensure that 

correct anatomy is outlined.

2.4. Radiomic feature extraction

Our MATLAB program extracted 54 radiomic features that fall into five categories (Figs. 2 

and 3). These categories are First Order Statistics, Gray Level Co-occurrence Matrix 

(GLCM), Gray Level Run Length Matrix (GLRLM), Neighborhood Gray Tone Difference 

Matrix (NGTDM), and morphological features. Each GLCM and GLRLM feature is 

generated in four different degrees (0°, 45°, 90°, 135°) and an average value is used for these 

features. We used 64 equally sized bios and gray levels in the analysis. For intra-reader 

variability measurements, a total of 15 cases (5 from each group) were segmented and 

radiomic features were extracted at two different times that were three months apart. The 

Dice Similarity coefficient was calculated between the time points [20].

2.5. Statistical analysis

Wilcoxon rank sum test was used to compare radiomic features of RAP patients with 

nonspecific abdominal pain patients and CP patients. The radiomic features of nonspecific 

abdominal pain patients and CP patients were also compared. The individual radiomic 

feature’s predictive performance using the area under curve (AUC) for the receiver operating 

characteristics (ROC) curve was assessed. All data analysis was performed using Stata/IC 

15.1 and MATLAB software program. A p-value of < 0.05 was considered statistically 

significant.

2.6. Classification

We trained and tested a one-vs-one (OVO) IsoSVM classifier to classify the patients into 

three groups [11]. The IsoSVM is a hybrid classification algorithm consisting of two 

algorithms – Isomap and Support Vector Machine (SVM) [21,22]. First, the Isomap 

algorithm is applied to the high dimensional radiomic feature space to transform it into a 

lower dimensional linearly separable space. The linear SVM algorithm is then trained on the 

linearly separable transformed space to classify the dataset into two groups. The IsoSVM 

algorithm can be extended to classify datasets into multiple groups by training an ensemble 

of classifiers (OVO IsoSVM) where each classifier is trained to classify between two groups. 

Our dataset consisted of three groups, which resulted in an ensemble of three IsoSVM 

classifiers. The optimal classification label for an unseen sample is determined by the 

classification label that gets the highest number of “+1” predictions.

In the one-vs-one model, there are three binary SVMs learners, with each of them 

computing a hinge loss. The binary losses are aggregated across all the SVM models using 

the following equation [23]:

(∑l = 1
L ∣ mkl ∣ g(mkl, sl))

∑l = 1
L ∣ mkl ∣

(1)
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In this equation, k is the class we are computing the loss for, g is the loss function, which in 

this case is the hinge loss, sl is the predicted classification score for the positive class of the 

SVM model, l, and m is the one-vs-one coding matrix shown below

1 1 0
−1 0 1
0 −1 −1

(2)

Each column corresponds to the positive and negative class associated with each trained 

SVM model. The prediction and ROC curves are computed as follows: for each unknown 

sample, the class, k that produces the minimum loss using equation above is assigned to that 

sample. The losses computed for each class corresponding to each sample are used to 

construct the ROC curves.

2.7. Leave one out cross validation

We evaluated the performance of the OVO IsoSVM classification model using leave-one-out 

cross validation. For each cross-validation fold, the features used to train the IsoSVM were 

selected by identifying the features that were significantly different in all three patient group 

comparisons using Wilcoxon rank-sum test. The IsoSVM model was then trained using the 

features selected using the aforementioned procedure and tested on the left-out cross 

validation sample. For consistency, the subset of features used to train the IsoSVM model 

across multiple cross validation folds was limited to the subset of features that were selected 

across all the cross-validation folds.

3. Results

Of the 56 patients included in the study cohort, 20 (35.7 %) were diagnosed with RAP, 19 

(33.9 %) had functional abdominal pain, and 17 (30.4 %) had CP using the above-described 

clinical criteria. Compared to RAP and functional abdominal pain patients, CP patients were 

on average about 10 years older, had a higher incidence of diabetes, and were more likely to 

be non-white, heavy alcohol drinkers, and current smokers (Table 1).

On univariate analysis, there were 11 radiomic features that were significantly different in all 

three patient group comparisons (Table 2). Of the 11 features, 10 are GLCM features while 

one is a NGTDM feature. For these 11 radiomic features, we constructed individual ROC 

curves to measure the AUC values. The AUC values ranged from 0.77 to 0.95 and 0.73 to 

0.92 when comparing RAP patients to nonspecific abdominal pain and CP patients, 

respectively (Table 3).

The IsoSVM classifier had an overall predictive accuracy of 82.1 %. In one-on-one 

comparison of the three groups, the nonspecific abdominal pain group had a sensitivity of 79 

%, specificity of 100 %, and an AUC of 0.91. The RAP group had a sensitivity of 95 %, 

specificity of 78 %, and AUC of 0.88 while the CP group’s sensitivity and specificity were 

71 % and 95 %, respectively, with an AUC of 0.90 (Fig. 4). The intra-variability 

measurements resulted in a high Dice Similarity coefficient of 91 % (range 86–95 %).
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The functional abdominal pain and CP classes had higher misclassification rates (21 % and 

29 %, respectively) than the RAP class (5 %). Of the nonspecific abdominal pain patients, 

three were misclassified as having RAP and one was misclassified as having CP. Only one 

RAP patient was misclassified to CP while five CP patients were misclassified as having 

RAP. None of the RAP and CP patients were misclassified as having nonspecific abdominal 

pain, and the positive predictive value (PPV) for nonspecific abdominal pain was 100 % 

compared to 85.7 % and 70.4 % for the other two groups.

4. Discussion

We demonstrated, in a cohort of clinically well phenotyped patients, that unique radiomic 

features on CT can differentiate patients with functional abdominal pain, RAP, and CP. 

When the OVO ISO-SVM model was used to predict patient diagnosis, the majority of 

patients were classified into their correct diagnostic group with an overall average accuracy 

of 82.1 %. Of the patients with a diagnosis of RAP, the model accurately predicted the 

diagnosis, only based on radiomics, for 19 out of 20 patients. This model did overdiagnosis 

RAP among all the subjects but the overdiagnosis was mainly due to some of the CP patients 

being misclassified as RAP. Furthermore, none of the patients with actual disease (RAP and 

CP) were underdiagnosed as having functional abdominal pain. Therefore, radiomics may be 

a useful diagnostic aid for patients who present with a diagnosis of RAP based solely on 

abdominal pain symptoms and laboratory values or unavailability of imaging studies 

acquired during the AP episode. Differentiation of RAP from other causes of abdominal pain 

including functional pain using non-invasive means may help prevent overtreatment of 

patients with invasive measures such as endoscopic ultrasound and ERCP, associated with 

complications such as AP.

The GLCM features showed the most promise in differentiating between the three entities. 

Among the individual radiomic features, nine GLCM features and one NGTDM feature 

were noted to be significant. GLCM features are generated by analyzing the intensity of 

pairs of voxels in relation to the distance and angle between the paired voxels [10]. We noted 

that features that were significantly different among these groups related to the measurement 

of the pancreas homogeneity. Homogeneity 1, homogeneity 2, IMC1, and IMC2 are all 

features that evaluate homogeneity of the ROI. The nonspecific abdominal pain group 

consistently had the most homogenous pancreas. Homogeneity 1, homogeneity 2, and IMC1 

showed a decrease in pancreas homogeneity in RAP and CP patients, with CP patients 

having the least homogenous pancreas. Moreover, entropy is a measure of heterogeneity, and 

it showed the same trend in which CP patients have the most heterogeneous pancreas and 

nonspecific abdominal pain patients have the least heterogonous pancreas. Patients with 

functional abdominal pain have no structural changes in their pancreas as the pain is not due 

to a pancreatic process and their pancreas histology would likely be normal. Therefore, their 

imaging would be expected to have a more homogenous appearance. Patients with chronic 

pancreatitis often have anatomical changes such as ductal dilatations and calcifications and 

their histology would show chronic inflammation and fibrosis. Therefore, we would expect a 

much more heterogeneous image and our observations are consistent with the definitions. 

RAP patients have undergone prior acute pancreatitis episodes but have not progressed to a 

state of chronic pancreatitis. Therefore, it is not surprising that their intensities fall in-
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between the two other groups. Among NGTDM features, which analyze the difference 

between a voxel and its neighboring voxels, contrast was the only significant feature [10]. 

Contrast quantifies the intensity differences between the neighboring voxels. On average, the 

nonspecific abdominal pain patients had the lowest contrast while the CP patients had the 

highest contrast, which is due to the presence of calcific regions in their pancreas.

The features that we found to be significant are in accordance with results from prior 

radiomic studies that have found GLCM features to be important for textural analysis, with 

at least three studies showing their significance in distinguishing pancreatic pathology 

[24-26]. A study of the CT images of 53 patients found that there are 14 GLCM features 

with individual AUCs ranging from 0.64 to 0.82 that differentiate between high grade and 

low-grade pancreatic intraductal papillary mucinous neoplasms (IPMN) [24]. When 

differentiating between pancreatic ductal adenocarcinoma (PDAC) and healthy pancreas 

tissue, one study of CT slices with visible tumor found GLCM entropy and correlation to be 

significant [25] while another study examining the entire pancreas an CT found GLCM IMC 

to be one of its top five maximally relevant features [26]. These previous studies on radiomic 

features of pancreatic pathology have focused on pancreatic cancers such as IPMN, PDAC, 

and neuroendocrine tumors [24-28]. There have been very few publications to our 

knowledge in regards to the radiomic features of HAP or CP. One 2018 study utilized 

radiomic features to create a predictive model for recurrence of AP among 389 patients 

admitted for their first AP [29]. They found that their radiomic-based model had a 

classification accuracy of 87.1 % for their primary cohort and was superior to the clinical 

model in predicting AP recurrence. However, to our knowledge, no study has differentiated 

RAP from CP and functional abdominal pain.

This is a preliminary study and it has several limitations. First, we have a relatively small 

sample with each group consisting of 17–20 patients. Therefore, we were unable to account 

for factors that affect the pancreas such as age, body mass index, and diabetes. While larger 

studies need to be conducted to better assess the differences among these groups, these may 

be prohibitive to conduct since, for example, body mass index as well as the presence, 

severity, and treatment of diabetes will vary substantially across the population. Second, we 

did not factor in the onset of initial symptoms to assess the duration of the disease, and did 

not analyze the total number of AP episodes for our patient population due to the 

retrospective nature of the study. This would be suitable to conduct in a prospective study to 

follow the course of patients from the onset of disease symptoms. In our study, we were 

unable to control for any of these factors due to a relatively small sample size. Finally, 

patients’ CT images were performed both at and outside our institution. The use of different 

scanners has been shown to lead to variability in the extracted radiomics data particularly in 

tumor phenotype studies [30-32]. As compared to MRI and ultrasound, CT is found to have 

higher reproducibility of radiomics analysis due to lesser intrinsic complexity [33,34]. Also, 

we used similar venous phase images to adjust any variability in contrast timing. 

Furthermore, our data is relevant to real life medical practice as many patients evaluated for 

abdominal symptoms in outpatient practice have often had their imaging done at various 

imaging centers.

Mashayekhi et al. Page 7

Eur J Radiol. Author manuscript; available in PMC 2021 March 17.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



In our study, pancreatic segmentation was manually performed to ensure accuracy of our 

results. However, this is a tedious and lengthy process and there is need for more efficient 

methods for such an assessment. Automated pancreas localization and segmentation is in a 

constant state of rapid evolution with machine learning algorithms and has recently shown to 

perform this task with high accuracy [35]. Furthermore, fully automated segmentation 

methods for fat [36] quantification have already been applied to measure visceral and 

subcutaneous fat as well as in the liver for population based steatosis assessment [37]. 

Similar algorithms may be applied to an abdominal CT acquired for the evaluation of 

abdominal pain in the instance when differentiation between functional abdominal pain and 

RAP is sought. Such data may be automatically derived at the time of the patient’s visit to 

the outpatient clinic or at the emergency room and adds further information from already 

acquired images for differentiating RAP from functional abdominal pain.

In summary, radiomic features may serve as a useful tool in the armamentarium of the 

gastroenterologists and radiologists for distinguishing patients with functional abdominal 

pain, RAP, and CP an venous phase CT imaging. Once a more confident diagnosis is 

established, a careful diagnostic algorithm to identify the etiology of the disease and 

appropriate therapy may be administered. In clinical practice, it may be challenging to 

correctly identify the cause of recurrent abdominal pain in patients especially if there are no 

prior medical records or standard laboratory or radiologic findings leading to more invasive 

testing. We believe that our preliminary study shows that radiomics offers an additional tool 

that can potentially be used for diagnostic purposes to extract more information from CT 

images. Future studies would need to prospectively examine a large number of patients to 

Identify radiomic values that could be used as potential cutoffs for categorizing individual 

patients and to predict the course of future disease.
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Fig. 1. Sample selection.
Flow diagram demonstrating selection of the study samples.
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Fig. 2. Image Analysis.
To generate radiomic features, general steps include 1) acquisition of the radiologic images, 

2) identification of the regions of interest on the acquired images, 3) extraction of radiomic 

features from the regions of interests.
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Fig. 3. CT and radiomic sample images based on diagnosis.
For each diagnostic group, each CT slice containing the pancreas (left image) was used to 

generate the radiomic based image on the right after drawing the region of interest 

delineating the pancreas (shown with red outline). The radiomic feature in this figure is the 

GLCM entropy feature, which was found to be significant among all three patient group 

comparisons.
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Fig. 4. The Receiver Operating Characteristics Curve for ISO-SVM Model.
Each colored line represents the ROC curves created using the 11 significant radiomic 

features according to the clinical diagnosis.
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Table 1

Baseline characteristics of patients according to clinical diagnosis.

Mean ± SD or n (%)

Characteristics Functional
Abdominal Pain
N = 19

Recurrent Acute
Pancreatitis
N = 20

Chronic
Pancreatitis
N = 17

Age, years 46.2 ± 11.3 44.9 ± 13.7 56.1 ± 13.4

Sex, male 7 (36.8) 11 (55.0) 9 (52.9)

Race, white 15 (78.9) 17 (85.0) 10 (41.2)

BMI, kg/m2 25.9 ± 4.1 23.6 ± 4.0 22.2 ± 4.9

Diabetes 2 (10.5) 2 (10.0) 7 (41.2)

Alcohol Use

 Heavy 2 (10.5) 5 (25.0) 8 (47.1)

 Moderate 2 (10.5) 1 (5.0) 1 (5.9)

 Mild 4 (21.1) 1 (5.0) 1 (5.9)

 Abstinent 11 (57.9) 13 (65.0) 7 (41.2)

Smoking History

 Current 2 (10.5) 3 (15.0) 5 (29.4)

 Past 2 (10.5) 7 (35.0) 5 (29.4)

 Never 15 (78.9) 10 (50.0) 7 (41.2)

Abbreviation: BMI – Body Mass Index.
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Table 2

Mean ± standard deviation of significant radiomic features based on clinical diagnosis.

Radiomic Features Nonspecific
Abdominal Pain

Recurrent Acute
Pancreatitis

Chronic
Pancreatitis

Cluster Prominence 442.04 ± 223.23 66.51 ± 124.04 2.53 × 104 ± 3.91 × 103

Cluster Shade −0.55 ± 2.19 −3.48 ± 4.15 549.4 ± 779.07

Cluster Tendency 1.23 ± 0.88 1.99 ± 1.21 27.50 ± 36.35

Contrast
a 5.97 × 10−6 ± 1.29 × 10−5 2.12 × 10−5 ± 1.05 × 10−5 4.59 × 10−5 ± 3.09 × 10−5

Correlation 0.26 ± 0.15 0.57 ± 0.11 0.70 ± 0.13

Entropy 0.77 ± 0.69 1.76 ± 0.49 2.47 ± 0.71

Energy 0.42 ± 0.12 0.29 ± 0.14 0.19 ± 0.14

Homogeneity 1 215.56 ± 117.78 0.82 ± 0.06 0.76 ± 0.07

Homogeneity 2 219.45 ± 119.23 0.82 ± 0.06 0.75 ± 0.08

IMC 1 0.24 ± 0.22 −0.21 ± 0.06 −0.27 ± 0.8

IMC 2 0.84 ± 0.18 0.55 ± 0.10 0.69 ± 0.14

Abbreviation: IMC – Informational Measure of Correlation.

a
This is a Neighborhood Gray Tone Difference Matrix (NGTDM) feature. All other features are Gray Level Co-occurrence Matrix (GLCM) 

features.
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Table 3

AUC and p-values of individual radiomic features in one-on-one group comparisons.

RAP vs. Functional Abdominal Pain RAP vs. CP

Radiomic Features AUC p-value AUC p-value

Cluster Prominence 0.89 < 0.001 0.89 < 0.001

Cluster Shade 0.84 < 0.001 0.92 < 0.001

Cluster tendency 0.77 0.004 0.89 < 0.001

Contrast 0.86 < 0.001 0.75 0.008

Correlation 0.91 < 0.001 0.78 0.008

Energy 0.78 0.003 0.75 0.035

Entropy 0.87 < 0.001 0.82 0.006

Homogeneity 1 0.86 < 0.001 0.73 0.015

Homogeneity 2 0.86 < 0.001 0.74 < 0.048

IMC 1 0.95 < 0.001 0.74 0.008

IMC 2 0.89 < 0.001 0.80 0.009

Abbreviation: IMC – Informational Measure of Correlation; RAP – Recurrent Acute Pancreatitis CP – Chronic Pancreatitis.

Note: p-values are based on the Wilcoxon rank sum test.
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