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Background: Acute pancreatitis (AP) is a prevalent pathological condition of abdomen characterized by sudden onset, high in-
cidence and complex progression. Timely assessment of AP severity is crucial for informing intervention decisions so as to delay
deterioration and reduce mortality rates. Existing AP-related scoring systems can only assess current condition of patients and
utilize only a single type of clinical data, which is of great limitation. Therefore, it is imperative to establish more accurate and
data-compatible methods for predicting the severity of AP. The artificial intelligence (AI) algorithm based on artificial neural
network (ANN) allow for the adaptive feature extraction for objective task through its internal complex network, instead of the
hand-crafted methods commonly used in traditional machine learning (ML) algorithms. In this study, we delve into the final
severity classification prediction of newly admitted AP patients, using deep learning (DL) algorithm to develop multi-view mod-
els, incorporated with patients’ demographic information, vital signs, AP-related laboratory indexes and admission computed
tomography (CT) images.

Methods: The pancreatitis database in the platform of Clinical Data Research Center of Acute Abdominal Surgery at the First
Affiliated Hospital of Dalian Medical University was used to gather AP cases. Deep neural network (DNN) and convolutional
neural network (CNN) were utilized to construct models. The DNN prediction models with clinical data as input, the CNN
prediction models with admission CT as input, and the multi-view models combining the two inputs were respectively established
to predict the severity of AP.

Results: DL models for AP severity classification based on clinical indexes, imaging data and merged data were constructed.
The multi-view model based on merged data offered more accurate prediction of the final severity classification of AP, with
an overall accuracy rate of 80.26% (95% confidence interval (CI): 79.58%—-80.94%). The constituent accuracy rates for mild
acute pancreatitis, moderately severe acute pancreatitis, and severe acute pancreatitis were 91.69% (95% CI: 87.80%—-95.57%),
64.90% (95% CI: 58.85%—70.95%), and 75.56% (95% CI: 68.58%—82.53%), respectively.

Conclusion: The multi-view models using clinical indexes and imaging data as input outperform single-view models in AP severity
prediction.
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Introduction creatic tissue necrosis, dysfunction of the heart, lungs, kid-
neys, liver and other organs, and even multiple organ fail-
ure. Compared to MAP, SAP results in extended hospital
stay, poor prognosis and higher mortality [3]. However,
many studies on AP have revealed that a subset of patients
with SAP experience a short duration of organ dysfunction,

favorable clinical outcomes and a low mortality rate, ow-

Acute pancreatitis (AP) is a common digestive dis-
order characterized by rapid onset, high incidence, intri-
cate progression and multiple complications [1]. Com-
mon causes of AP include cholelithiasis, alcoholism, hy-
perlipidemia, trauma, and infection [2]. The trajectories

and outcomes vary across the spectrum of AP with differ-
ent severity. The 1992 Atlanta classification divided AP
into mild acute pancreatitis (MAP) and severe acute pancre-
atitis (SAP) based on disease severity. Most of the MAPs
are self-limiting, having short courses of disease and good
prognoses. Patients with SAP may develop local or sys-
temic complications, organ failure and other serious events
during the course of the disease. It has been observed in
clinical practice that SAPs are often accompanied by pan-

ing to the medical advancements, while the others grap-
ple with critical, persistent organ dysfunction, challenging
treatment, and a relatively high mortality rate.

The 2012 Atlanta conference improved the AP sever-
ity classification [4] by further dividing SAP into mod-
erately severe acute pancreatitis (MSAP) and SAP, while
retaining the original classification for MAP. In this edi-
tion of severity classification, MAP is defined as absence
of organ dysfunction and local or systemic complications;
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MSAP involves transient organ dysfunction (less than 48
hours) and/or local or systemic complications; and SAP is
characterized by persistent (more than 48 hours) organ dys-
function, with or without local or systemic complications.
Given the stable clinical course of MAP, the corresponding
treatment does not need to be overly aggressive. Diet man-
agement and moderate rehydration should be appropriately
integrated into MAP treatment regimen. Patients with MAP
usually recover within a relatively short period of time. As
for MSAP, close monitoring and nutritional support are re-
quired for the more severe symptoms. Patients with MSAP
require more potent drugs to alleviate pain, decrease inflam-
mation and address complications. Despite the complica-
tions, MSAP generally has a good prognosis with a low fa-
tality rate. As the most severe variant of the disorder, SAP
is highly lethal and requires aggressive medical intervention
such as mechanical ventilation, renal replacement therapy,
or other organ support and long-term monitoring [4]. In
some instances, surgery may be warranted to tackle infec-
tious pancreatic necrosis, bleeding, or other serious com-
plications. Although MAP is a mild, self-limiting disease,
it may lead to organ dysfunction and deteriorate into either
MSAP or SAP if pancreatic necrosis and secondary infec-
tion come into the picture, further complicating the disor-
der progression [5—7]. Moreover, distinguishing between
patients with MSAP or SAP and those with MAP can be
a challenging endeavor particularly in the early stage of
the disease, for their early symptoms may be very similar,
which necessitates close monitoring and additional clinical
and laboratory evaluation for accurate classification of AP
severity [8,9]. The overall condition of AP patients is often
marked by rapid, ever-changing manifestations. At present,
close monitoring is often used in clinical practice to assess
the severity of AP in real time. With accurate prediction of
the final AP severity at early stage, physicians can adjust
the treatment regimen in time to forestall the deterioration
of the disease, prevent the occurrence of complications, im-
prove the prognosis, and reduce the unnecessary wastage of
medical resources.

The clinical scoring systems used for AP are relatively
complex. Most of the existing scoring systems are based
on vital signs, laboratory indexes and imaging data. The
scoring systems currently used in clinical practice for early
assessment of AP severity include the Ranson score, Acute
Physiology and Chronic Health Evaluation IT (APACHE-
IT) score, bedside index for severity in acute pancreatitis
(BISAP) score, and computed tomography severity index
(CTSI) score. Although these scoring methods have been
applied in clinical practice for a long time, it should be
noted that these methods are obviously inadequate for fea-
ture extraction and it is difficult to integrate patients’ base-
line data, laboratory indexes, imaging and other multidi-
mensional data with most of these methods. At present,
the technical means used to process clinical data are sub-
jected to continuous upgrades and enhancements. For in-

stance, the majority of clinical data such as laboratory in-
dexes and baseline information can be quantified or cate-
gorized, and subsequently analyzed using various classical
machine learning (ML) algorithms such as support vector
machine (SVM) and random forest (RF) [10,11]. The com-
bination of computer vision and ML confers an obvious
benefit in the processing of medical image data. For ex-
ample, computer vision and ML can be applied to medical
imaging to detect and diagnose diseases [12]. The algo-
rithms can automatically identify and highlight abnormal
areas in the image, assisting doctors in making more accu-
rate judgments. ML algorithm can segment medical images
and separate different structures or tissues in the image, a
feature beneficial for further image processing analysis and
disease diagnosis [13]. Computer vision and ML can also
be leveraged in the automatic generation of medical im-
age reports, thereby reducing the work burden of physicians
[14]. It is worth noting that traditional computer vision gen-
erally relies on imagomics for feature extraction of imaging.
Its essence lies in the application of multiple artificially de-
signed feature filters to the original image, which are then
quantified as features. The semantic extraction of these pre-
defined feature filters is generally relatively low and not tai-
lored to specific tasks [15]. Therefore, for diseases with a
complex course like AP, an evaluation model based on sci-
entifically grounded and accurate technical means that can
integrate patients’ multi-dimensional clinical information is
urgently needed for clinical application.

Artificial intelligence (Al), a technology that simulate
human intelligence, has achieved gradual maturation in re-
cent years. Currently, Al is widely applied in speech recog-
nition, image recognition, natural language processing, ma-
chine translation, medical diagnosis, financial prediction,
etc. [16-21]. Deep learning, an ML technology based on
artificial neural network (ANN), represents the key technol-
ogy in the field of Al at the present stage [22]. ANN con-
sists of multiple layers of neurons, each containing multiple
neurons and forming connections with neurons in adjacent
layers. The neural network receives data organized in the
form of tensors through the input layer, and the final out-
put is calculated and transformed by the internal network
structure. The neural network backpropagates the error be-
tween the result of the forward propagation of data and the
actual label, gradually adjusting the weights and biases of
neurons to minimize the error, thereby optimizing the per-
formance of the model [23]. Compared to traditional ML
methods, ANN can handle more complex nonlinear rela-
tionships and possess stronger adaptability and generaliza-
tion abilities. Its performance in processing complex tasks
far exceeds that of other traditional ML models.

There are various deep learning (DL) architectures,
such as convolutional neural network (CNN) autoencoder,
deep belief network, and recurrent neural network (RNN).
In medical diagnosis and prediction, Al utilizes different
types of DL models to process various clinical variables
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from patients and conduct subsequent analyses. For in-
stance, in the case of numerical data such as laboratory
indexes and vital signs, the feed-forward neural network
based on multi-layer perceptron can leverage its powerful
fitting ability to create a model equipped with advanced ab-
stract feature representation ability through layer-by-layer
calculation and training [24]. For image data such as med-
ical images, after converting the images into a numerical
matrix, CNN can extract and characterize the visual seman-
tic features of the image layer by layer, in which the high-
level semantics of the deep layer are derived from the low-
level features of the former layer, enabling automatic adap-
tation for specific task. This method used for data feature
learning by the model itself no longer relies on manually
designed feature engineering used in traditional computer
vision [25]. For time series data and text data, various types
of RNNs also play important roles [26,27].

This study aimed to establish DL models that combine
computed tomography (CT) images and various clinical in-
dexes of AP patients to conduct multi-view analysis for pre-
dicting the severity classification of newly admitted AP pa-
tients at an early stage. In this study, deep neural network
(DNN) was employed to process non-imaging clinical data
of AP patients, while CNN was used to process AP images.
It is worth noting that the image processing of AP is differ-
ent from that of disorders in other organs. The peripancre-
atic manifestations are crucial and strongly correlated with
the severity of AP. Therefore, the method of organ segmen-
tation and further feature extraction is not suitable in the
context of AP [28,29]. Thus, we applied CNN with atten-
tion mechanism to process AP imaging data, allowing the
algorithm to automatically focus on the parts of the CT im-
age related to AP severity [30]. At the same time, we com-
bined the aforementioned two types of data to develop a
classification prediction model for assessing AP severity.

Materials and Methods

Data Collection

The pancreatitis database in the platform of Clinical
Data Research Center of Acute Abdominal Surgery in the
First Affiliated Hospital of Dalian Medical University was
used in this study. The relevant clinical data of AP patients
collected in the database from January 2011 to November
2022 were retrospectively analyzed. The inclusion criteria
are as follows: (i) the patient is 18 years of age or older,
diagnosed with AP; (ii) the detention time outside the hos-
pital is less than 3 days; and (iii) relevant clinical data are
complete. Individuals with the following characteristics
were excluded: (i) patients under immunosuppressed state
(taking immunosuppressant drugs or caused by certain dis-
eases); (ii) patients with malignant tumor or severe organ
dysfunction; (iii) pregnant or lactating women; (iv) organ
transplant recipients; (v) patients with traumatic pancreati-
tis; (vi) patients with chronic pancreatitis; (vii) patients with
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pancreatic space-occupying lesions; (viii) patients with a
history of pancreatic surgery; and (ix) patients who discon-
tinue treatment or transfer to another hospital during treat-
ment.

The treatment methods for AP include the following:

(1) Medical treatment: fasting, inhibition of gastric
acid secretion, fluid infusion, catharsis, oxygen inhalation,
anti-infection, lipid-lowering, gastrointestinal decompres-
sion, inhibition of pancreatic enzyme activity and pan-
creatic secretion, correction of electrolyte disturbance and
acid-base imbalance, nutritional support, blood purifica-
tion, etc.

(2) Surgical treatment: patients with obstructive bil-
iary pancreatitis are treated with endoscopic retrograde
cholangiopancreatography, common bile duct exploration,
and T-tube drainage to remove the obstruction; patients with
non-obstructive biliary pancreatitis require surgery to re-
move the biliary cause after the disease is relieved; patients
with infectious pancreatic necrosis should undergo treat-
ment with catheter drainage and removal of necrotic tissue
[5].

A total of 934 eligible cases (395 MAPs, 340 MSAPs,
199 SAPs) with complete clinical indexes and 1311 cases
(665 MAPs, 438 MSAPs, 208 SAPs) with valid admission
CT images were collected based on the inclusion and ex-
clusion criteria. There were 772 cases (388 MAPs, 246
MSAPs, 138 SAPs) having both clinical data and admis-
sion CT images. Demographic information and vital signs
of the patients were collected, including age, gender, sys-
tolic pressure, diastolic pressure, heart rate, body temper-
ature, history of hypertension, history of diabetes, his-
tory of smoking, history of alcoholism, and history of AP.
Laboratory indexes of patients within 48 hours after ad-
mission were collected: blood glucose (GLU), aspartate
aminotransferase (AST), alanine aminotransferase (ALT),
total bilirubin (TBIL), white blood cell count (WBC),
blood urea nitrogen (BUN), hematocrit (HCT), creatinine
(CRE), amylase (AMY), lipase (LPS), hemoglobin (HB),
platelet (PLT), albumin (ALB), blood calcium (Ca®"),
blood sodium (Na™), blood potassium (Ka™), blood chlo-
ride (C17), blood pH, blood bicarbonate (HCO3 ™), base ex-
cess (BE) and oxygenation index (OI). Plain CT scans of AP
patients at admission were also collected. The cases were
divided into a training set and a validation set at a ratio of
4:1 for 5-fold cross-validation (CV). The flowchart of this
study is depicted in Fig. 1.

AP-Related Clinical Criteria
Diagnostic Criteria for AP

The diagnosis of AP must meet two of the following
criteria: (i) persistent pain in the upper abdomen (acute, se-
vere, and often radiates to the back); (ii) serum lipase or
amylase level of at least 3 times higher than the upper limit
of normal; (iii) imaging evidence showing the characteristic
manifestations of AP [31].
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Fig. 1. The flowchart depicting the process of establishing prediction models for different classifications of acute pancreatitis (AP)

severity. The deep neural network (DNN) model was developed using laboratory indexes, demographic information and vital signs as

input. The convolutional neural network (CNN) model was developed using admission plain computed tomography (CT) scans as input.

The multi-view deep learning (DL) model was established combining two types of data. DL models were compared to the corresponding

traditional machine learning (ML) algorithms. At the same time, the three DL models were compared to each other.

AP-Related Organ Dysfunction

The function of respiratory system, cardiovascular
system and kidney among the AP patients were evaluated.
Organ dysfunction is defined according to the modified
Marshall score [4] (Table 1).

Complications of AP

Local complications of AP include acute peripan-
creatic fluid collection (APFC), acute necrotic collection
(ANC), pancreatic pseudocyst (PPC), and walled-off necro-
sis (WON). Systemic complications of AP, including pre-
existing comorbidity (such as coronary heart disease and
chronic obstructive pulmonary disease), aggravated the
condition of AP [4].

Statistical Analysis

The measurement data complying with a normal dis-
tribution are expressed as mean =+ standard error, and those
not compliant with a normal distribution are expressed pre-
sented as median (25th percentile, 75th percentile). Anal-
ysis of variance (ANOVA) was used to analyze normally
distributed variables that satisfied the homogeneity of vari-
ance among groups. Chi-square test was used to analyze

data of nominal variables. Kruskal-Wallis rank-sum test
was used for data analysis of non-normally distributed vari-
ables, which did not satisfy the homogeneity of variance
among groups or ordinal variables. In addition, post-hoc
Tukey test was utilized after ANOVA, whereas Nemenyi
test was used for multiple comparisons following the rank-
sum test. A significance level of p < 0.05 was considered
statistically significant.

Data Processing
Processing of Imaging Data

The representative slice from the admission CT scan
and its adjacent upper and lower levels were fused into a
2.5-dimensional image. A wide window (window width
[WW]: 300 Hu, window level [WL]: 40 Hu), a narrow win-
dow (WW: 100 Hu, WL: 40 Hu) and an intermediate win-
dow (WW: 200 Hu, WL: 40 Hu) were selected as the three
channels of the input image according to the habits of imag-
ing physicians for observing AP imaging, and the CT val-
ues were converted into pixel values ranging from 0 to 255.
Subsequently, the horizontal contour of the abdomen was
extracted using the level-set method, and the surrounding
noise interference was removed (Fig. 2) [32].
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Table 1. Modified Marshall scoring system for organ dysfunction.

Score (>2 in any system defining the presence of organ failure)

Organ system

0 1 2 3 4
OI (mmHg) >400 301400 201-300 101-200 <101
CRE (umol/L) <134 134-169 170-310 311-439 >439
Systolic pressure (mmHg)  >90 <90, fluid-responsive <90, not fluid-responsive <90, pH <7.3 <90, pH <7.2

Abbreviations: CRE, creatinine; OI, oxygenation index.

multi-channel
image

and abdominal
contour
extraction

Y

Fig. 2. Processing of admission CT scans. The representative CT slices and the adjacent slices were fused into a 2.5-dimensional
slice. A wide window (window width (WW): 300 Hu, window level (WL): 40 Hu), a narrow window (WW: 100 Hu, WL: 40 Hu) and
an intermediate window (WW: 200 Hu, WL: 40 Hu) derived from Digital Imaging and Communications in Medicine (DICOM) data
were merged as a three-channel picture. Eventually, the level-set method was employed to extract the horizontal contour of the patient’s

abdomen and remove the surrounding noise interference.

Processing of Non-Imaging Clinical Data

To mitigate the impact of variable orders of magni-
tude and units, the training set data was standardized using
z-scores, and the same standardization was applied to the
validation set.

Model Construction
Training Conditions

DL models were developed using the PyTorch frame-
work (version 1.12.0) and implemented on 10 NVIDIA
GeForce RTX3090 graphics cards. Samples of various
severity levels were selected and divided into training and
validation groups in proportion to ensure a balanced repre-
sentation of categories.

The AP Severity Prediction Model with Clinical Indexes
as Input

This section includes the DL model with clinical in-
dexes as input and the SVM model as the baseline model. A

total of 934 cases with complete clinical indexes were used
for DNN modeling. The network consists of an input layer,
two hidden layers, and an output layer. Grid search was ap-
plied for epochs in a range of 100-300 with a step of 100 and
for initial learning rate in a range of 0.005—-0.02 with a step
of 0.005. According to the average accuracy, the training
parameters were set as follows: batch size = 64, epochs =
300, initial learning rate = 0.01, and optimizer = stochastic
gradient descent (SGD) with momentum. The SVM model
was developed using scikit-learn, with a penalty coefficient
C =1 and a radial basis function kernel.

The AP Severity Prediction Model with Imaging Data as
Input

The imaging data of 1311 AP patients with valid ad-
mission CT data were used to establish imaging models for
predicting the severity of AP, including the Visual Geome-
try Group 16 (VGG16) framework with or without attention
mechanism. The main structure of the VGG16 model is as
follows:
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(1) Input layer: The input layer is used to accept imag-
ing data which are usually 224 x 224 pixel images.

(2) Convolutional layers: VGG16 contains 13 convo-
lutional layers, which use small-sized 3 x 3 convolution
kernels to conduct convolution operations on the input im-
ages for feature extraction. Convolutional layers at differ-
ent depths can extract different levels of abstract features
from the input data. Low-level features can be edges and
textures, while higher-level features can be patterns that are
more abstract and complex.

(3) Pooling layer: VGG16 uses a maximum pool-
ing operation, using a 2 x 2 window to select the max-
imum value of each region to reduce the spatial resolu-
tion of the feature map, and retain the most prominent fea-
tures in each region. This helps to reduce the complexity
of the model and improve computational efficiency while
preventing overfitting. Through the pooling operation, the
receptive field of the network can be gradually increased.
This allows the network to capture a larger range of features,
helping to learn more global and abstract feature patterns.

(4) Fully connected layer: After the convolutional
layer, VGG16 contains three fully connected layers, of
which the first two fully connected layers have 4096 neu-
rons, and the last fully connected layer outputs the corre-
sponding number of neurons according to the number of
categories of the classification task, which is used to map
the high-level features extracted by the framework to spe-
cific categories.

(5) Activation function: Rectified linear unit (ReLU)
is usually used as the activation function between each layer
to bring in nonlinear factors, so that the neural network can
learn and represent more complex relationships.

(6) Dropout layer: The fully connected layers of
VGG16 typically include a dropout layer between them,
forcing the network to be independent of specific neurons
during training by randomly turning off neurons with a cer-
tain probability at training time. This helps to reduce the
overfitting of the model to the training data and improve
the generalizability of the model to the unseen data.

(7) Output layer: The output of the last fully connected
layer is usually converted to class probabilities by the soft-
max function for image classification (Fig. 3) [33,34].

The shape and size of the pancreas vary from individ-
ual to individual. At the same time, there are many local
complications of AP, which may only affect the pancreas
or the surrounding tissues. The extent of peripheral pancre-
atic involvement varies significantly, leading to complex
imaging manifestations. As a result, the traditional method
of organ segmentation may no longer be applicable. Con-
sidering the characteristics of AP images, it is challenging
to segment and extract regions of interest (ROIs). On the
contrary, using the attention mechanism is more effective
for automatically capturing critical regions and reducing the
influence of irrelevant regions.

In this part, we integrated attention mechanism into
DL network. We utilized global features and local fea-
tures of different scales to generate local attention features,
which were then employed for classification. This approach
prompts the model to simultaneously focus on lesions of
different scales (Fig. 4). At the same time, attention was
visualized by displaying the heat map of the model’s fo-
cus area [35]. The training parameters were set as the grid
search methods described above: batch size = 64, epochs =
300, initial learning rate = 0.01, and optimizer = SGD with
momentum.

The AP Severity Prediction Model with Clinic Indexes
and Imaging Data as Input

In this section, we constructed multi-view models
composed of CNN with attention mechanism and DNN.
The clinical data of 772 cases with complete set of data
(both clinical data and admission CT images) were used for
modeling. The framework of image-related attention mech-
anism model was VGG, and the training parameters were
set as the grid search methods described above: batch size =
64, epochs = 300, initial learning rate = 0.01, and optimizer
= SGD with momentum. The effect of the model was com-
pared to that of the single-view model. Non-imaging clini-
cal data and imaging data were input into the model through
two separate paths. Then, the feature fusion was completed
in the high semantic layer of CNN, and the combined fea-
tures were classified by the subsequent fully connected lay-
ers (Fig. 5) [36].

Result

Overview of Patients’ Clinical Data

Statistical test of clinical indexes was performed on
934 AP patients with complete clinical data. Table 2 dis-
plays the age, gender, medical history, including hyperten-
sion, diabetes, AP, smoking, and alcoholism, categorized
by the severity of AP. The clinical indexes that demon-
strated significant differences are presented in Table 3.

It can be seen that with the increase in the severity
of AP, the clinical index of patients has different degrees
of change, and the corresponding relationship between the
changes of the patient’s overall internal environment and
the severity of AP needs to be further amplified with the
help of ML models.

Subsequently, statistical test of Balthazar scores of
1311 AP patients’ admission CT scans was conducted. The
distribution of scores revealed significant differences (x? =
910.06, p = 0.00) in CT imaging among MAP, MSAP and
SAP, as shown in Table 4.

Performance of DL Models with Clinical Indexes as
Input

In this study, a MAP/MSAP/SAP three-classification
DNN model was established. The overall accuracy, macro-
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Fig. 3. Model of convolutional neural network. The network architecture consists of convolution layers, pooling layers, nonlinear

activation functions, and other basic units stacked, and finally outputs the classification or regression results. The feature map size of the

input in the network gradually decreases, while the number of channels gradually increases. ReLU, rectified linear unit.

Table 2. Age, gender, history of hypertension, history of diabetes, history of AP, history of smoking and history of alcoholism of

AP patients of different severity classifications.

Indexes MAP (n=395) SAP(n=340) AP n=199) F/x? p
Age 56 (39, 70) 53 (38, 68) 57 (36, 72) 5.84 0.05
Male (n = 569) 242 201 126
Gender 0.964 0.62
Female (n = 365) 153 139 73
i . Yes (n =256) 95 101 60
Hypertension history 3.89 0.14
No (n=678) 300 239 139
. ) Yes (n =236) 87 97 52
Diabetes history 4.20 0.12
No (n = 698) 308 243 147
. ) Yes (n=137) 48 53 36
Smoking history 4.09 0.13
No (n="797) 347 287 163
. . Yes (n = 146) 50 58 38
Drinking history 4.98 0.08
No (n=788) 345 282 161
. Yes (n=173) 79 59 35
AP history 1.00 0.61
No (n=761) 316 281 164

Abbreviations: MAP, mild acute pancreatitis; SAP, severe acute pancreatitis.

sensitivity, micro-sensitivity, macro-specificity and micro-
specificity of the DNN model on the validation set were
71.83% (95% confidence interval (CI): 68.47%—75.19%),
70.54% (95% CI: 66.85%—74.24%), 71.83% (95% CI:
68.47%—75.19%), 85.09% (95% CI: 83.31%—-86.88%) and

85.91% (95% CI: 84.24%-87.59%). The prediction ac-
curacy for MAP was 86.08% (95% CI: 80.75%-91.41%),
with a sensitivity of 86.08% (95% CI: 80.75%-91.41%),
a specificity of 79.81% (95% CI: 73.59%—86.04%) and an
area under the curve (AUC) of receiver operating character-
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Fig. 4. Convolutional neural networks with attention mechanisms. The final classification layer fully connected (FC)-2 of the Visual
Geometry Group (VGG) network is removed, and the output G of the fully connected layer FC-1 is regarded as the global feature. L /L1,
Lo, L3/ are the output of intermediate features at different scales in the VGG network (local features). The attention estimator integrates
L and G as inputs and computes the attention map, which acts on each channel of L1, L2, Lsto obtain the weighted local feature L’ /L1,
L’y, L’3]. Finally, L’ is fed into the fully connected layer FC-2 for final classification.

Table 3. Overview of clinical indexes demonstrating significant differences between different AP severity classifications.

Indexes MAP (n = 395) MSAP (n = 340) SAP (n=199) F/x? p

WBC (10%/L) 11.73 (8.89, 15.6)%:? 14.52 (11.48, 18.35) 15.9 (10.69, 19.00) 64.74  <0.01
ALB (g/L) 41.17 + 4.45%b 38.68 + 5.37° 35.58 £ 6.75 182.80 <0.01
Ca2*t (mmol/L) 2.24 (2.14,2.32)@b 2.13 (1.94,2.24)° 1.77 (1.59, 1.95) 320.80 <0.01
K+ (mmol/L) 3.98 (3.65,4.21)® 3.91 (3.60, 4.29)® 4.80 (4.11, 5.80) 20.71 <0.01

Nat (mmol/L)

139.00 (136.00, 141.00)®: 138 (135.00, 141.00) 137.00 (134.00, 140.00)  32.53  <0.01
LPS (mmol/L) 1884.00 (1091.00, 6956.00)°  2460.00 (868.00, 6411.00)  1819.00 (669.00, 4886.00)  10.46  <0.01
CRE (pmol/L) 64.00 (53.00, 79.00) 64.00 (52.00, 83.75) 92.00 (61.00, 182.00) 8158  <0.01
BUN (mmol/L) 4.98 (3.94, 6.37)° 5.13(3.95,6.71) 7.0 (4.86, 12.48) 7326 <0.01
ALT (mmol/L) 68.00 (28.00, 239.00)" 47.50 (25.00, 192.50) 40.00 (24.00, 124.00) 1188  <0.01
GLU (mmol/L) 7.54 (6.20, 10.02)@: 9.61 (7.22, 14.04) 10.47 (7.40, 14.91) 7872 <0.01
Pa0,/FiO, (mmHg) 376.19 (342.86,414.29)2%  300.00 (260.00, 364.12)b  245.71 (209.09,283.33) 34623  <0.01
pH 7.40 (7.38, 7.43) 7.40 (7.36, 7.43) 7.37(7.31,7.42) 3415 <0.01
HCO3~ (mmol/L) 22.90 (21.70, 24.00)a:b 22.30 (20.50, 23.80)° 19.50 (15.90, 22.50) 101.13  <0.01
BE (mmol/L) ~1.80 (-3.30, —0.50): ~2.60 (~4.90, ~0.70)? ~5.90 (~11.10, -2.10) 9797  <0.01
Systolic pressure (mmHg) 134.00 (120.00, 145.00)" 140.00 (120.00, 150.00)>  129.00 (110.00, 140.00)  24.94  <0.01
Diastolic pressure (mmHg) 80.00 (73.00, 90.00) 80.00 (77.00, 90.00) 80.00 (69.00, 90.00) 823 <001
Heart rate (per min) 80.00 (72.00, 88.00): 88.00 (78.00, 104.00)® 110.00 (92.00, 126.00)  213.55  <0.01

Notes: ¢ p < 0.05 compared with MSAP, ® p < 0.05 compared with SAP. Abbreviations: MSAP, moderately severe acute pancreatitis; WBC,

white blood cell count; ALB, albumin; LPS, lipase; CRE, creatinine; BUN, blood urea nitrogen; ALT, alanine aminotransferase; GLU, blood
glucose; BE, base excess; MAP, mild acute pancreatitis; SAP, severe acute pancreatitis.

istic (ROC) of 0.89 (95% CI: 0.87-0.92). The MSAP pre-
diction accuracy was 57.35% (95% CI: 49.50%—65.21%),
with a sensitivity of 57.35% (95% CI: 49.50%—65.21%),
a specificity of 81.86% (95% CI: 78.33%—-85.40%) and
an AUC of 0.75 (95% CI: 0.72—0.78). For SAP, the ac-

curacy was 68.21% (95% CI: 58.50%—77.91%), with the
sensitivity, specificity and AUC being 68.21% (95% CI:
58.50%—77.91%), 93.61% (95% CI: 91.10%—-96.11%) and
0.91 (95% CI: 0.88-0.95), respectively. As a compari-
son model, the three-classification SVM model was con-
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Fig. 5. Multi-view DL model constructed using clinical indexes and imaging data for predicting severity classification of AP.

Image data were propagated through the network using the conventional CNN methods, and then integrated with clinical data at a higher

semantic layer to collectively predict the output.

Table 4. Balthazar scores of admission CT of

MAP/MSAP/SAP.
. Score
Severity Total
0 1 2 3 4
MAP®® 207 158 300 O 0 665
MSAP? 0 6 72 206 154 438
SAP 0 0 10 31 167 208
Total 207 164 382 237 321 1311

Notes: * p < 0.05 compared with MSAP; ® p < 0.05
compared with SAP. Score 0: normal pancreas and adja-
cent tissues; Score 1: localized or diffuse enlargement of
the pancreas; Score 2: inflammatory infiltration involv-
ing peripancreatic fat; Score 3: single pancreatic or peri-
pancreatic fluid collection in addition to pancreatic dis-
ease; Score 4: presence of two or more areas of fluid and

gas accumulation in or around the pancreas.

structed with an overall accuracy of 69.03% (95% CI:
65.81%—72.25%), a macro-sensitivity of 68.05% (95% CI:
65.33%—70.76%), a micro-sensitivity of 69.03% (95% CI:
65.81%—72.25%), a macro-specificity of 83.68% (95% CI:
82.16%—85.20%), and a micro-specificity of 84.52% (95%

CI: 82.90%—86.13%). For MAP, the prediction accuracy
was 87.85% (95% CI: 84.78%—-90.91%), with a sensitiv-
ity of 87.85% (95% CI: 84.78%-90.91%), a specificity of
76.64% (95% CI: 73.25%-80.02%), and an AUC of 0.90
(95% CI: 0.88-0.93). For MSAP, the prediction accuracy
was 47.06% (95% CI: 38.59%—55.53%), with a sensitiv-
ity of 47.06% (95% CI: 38.59%—55.53%), a specificity of
82.71% (95% CI: 81.51%-83.91%), and an AUC of 0.74
(95% CI: 0.70-0.77). In the case of SAP, the prediction ac-
curacy was 69.23% (95% CI: 63.27%—75.19%), with the
sensitivity, specificity and AUC being 69.23% (95% CI:
63.27%—75.19%), 91.70% (95% CI: 88.47%-94.94%), and
0.93 (95% CI: 0.91-0.96), respectively (Fig. 6).

Meanwhile, MAP/MSAP binary classification models
were also established in this study. The overall accuracy
of the DNN binary classification model in the validation
set was 80.82% (95% CI: 79.72%-81.92%), with a macro-
sensitivity of 80.45% (95% CI: 79.53%—-81.37%), a micro-
sensitivity of 80.82% (95% CI: 79.72%-81.92%), a macro-
specificity of 80.45% (95% CI: 79.53%—-81.37%), a micro-
specificity of 80.82% (95% CI: 79.72%—-81.92%), and an
AUC 0of 0.86 (95% CI: 0.84-0.87). The prediction accura-
cies for MAP and MSAP were 85.32% (95% CI: 80.65%—
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Fig. 6. Confusion matrices and receiver operating characteristic (ROC) curves of three-classification models with clinical indexes
as input. (a) Confusion matrices and ROC curves of MAP/MSAP/SAP three-classification DNN model with clinical indexes as input
(5-fold cross-validation (CV)). (b) Confusion matrices and ROC curves of MAP/MSAP/SAP three-classification support vector machine

(SVM) model with clinical indexes as input (5-fold CV).

89.98%) and 75.59% (95% CI: 71.80%—79.37%), respec-
tively. The overall accuracy of the SVM comparison model
was 78.23% (95% CI: 74.70%-81.76%), with a macro-
sensitivity of 76.00% (95% CI: 74.18%—81.35%), a micro-
sensitivity of 78.23% (95% CI: 74.70%—81.76%), a macro-
specificity of 77.76% (95% CI: 74.17%—81.34%), a micro-
specificity of 78.23% (95% CI: 74.70%—81.76%), and an
AUC of 0.85 (95% CI: 0.82-0.88). Specifically, the ac-
curacy of MAP prediction was 84.05% (95% CI: 79.80%—
88.30%), and the accuracy of MSAP prediction was 71.47%
(95% CI: 66.05%—76.89%) (Fig. 7).

As for MSAP/SAP binary classification models, the
overall accuracy of the model based on DNN in the val-
idation set was 82.43% (95% CI: 78.82%—86.04%), with
a macro-sensitivity of 79.83% (95% CI: 75.04%—84.62%),
a micro-sensitivity of 82.43% (95% CI: 78.82%—-86.04%),
a macro-specificity of 79.83% (95% CI: 75.04%—84.62%),
a micro-specificity of 82.43% (95% CI: 78.82%—86.04%),
an AUC of 0.87 (95% CI: 0.83-0.91). The prediction ac-
curacy for MSAP was 88.24% (95% CI: 84.80%—91.68%),
while the prediction accuracy for SAP was 68.77% (95%
CI: 62.38%—75.16%). As for comparison model, the over-
all accuracy of SVM was 79.25% (95% CI: 74.23%—
84.27%), with a macro-sensitivity of 76.02% (95% CI:
71.17%-80.88%), a micro-sensitivity of 79.25% (95% CI:

74.24%-84.27%), a macro-specificity of 76.02% (95% CI:
71.17%-80.88%), a micro-specificity of 79.25% (95% CI:
74.24%—-84.27%), and an AUC of 0.88 (95% CI: 0.83—
0.92). The prediction accuracy for MSAP was 87.94%
(95% CI: 80.37%-95.51%), whereas the prediction ac-
curacy for SAP was 70.26% (95% CI: 59.09%—81.42%)

(Fig. 8).

Performance of DL Models with Imaging Data as
Input

In this part of analysis, 1311 cases with valid admis-
sion CT scans were divided into training and validation sets
in a ratio of 4:1 to establish DL models with or without at-
tention mechanism.

For VGG-based attention mechanism models, the
overall accuracy of the three-classification model in the val-
idation set was 71.19% (95% CI: 68.78%—73.60%), with
the macro-sensitivity, micro-sensitivity, macro-specificity,
and micro-specificity being 64.29% (95% CI: 62.81%—
65.78%), 71.19% (95% CI: 68.78%—73.60%), 83.75%
(95% CI: 82.14%—-85.36%), and 85.59% (95% CI: 84.39%—
86.80%), respectively. The prediction accuracies for MAP,
MSAP, and SAP were 84.96% (95% CI: 76.38%—93.54%),
62.07% (95% CI: 44.19%-79.95%), and 45.85% (95% CI:
36.42%-55.29%), respectively. The sensitivities of MAP,
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MSAP, and SAP were 84.96% (95% CI: 76.38%—-93.54%),
62.07% (95% CI: 44.19%-79.95%), and 45.85% (95% CI:
36.42%—-55.29%), respectively. The specificities of MAP,
MSAP, and SAP were 75.78% (95% CI: 65.13%—-86.43%),
78.74% (95% CI: 70.84%—86.63%), and 96.73% (95% CI:
94.97%-98.48%). On the other hand, the AUCs of MAP,
MSAP, and SAP were 0.88 (95% CI: 0.87-0.90), 0.77 (95%
CI: 0.76-0.79), and 0.88 (95% CI: 0.84-0.92).

The overall accuracy of MAP/MSAP binary classi-
fication model in the validation set was 78.82% (95%
CI: 74.43%—83.20%), with a macro-sensitivity of 77.47%
(95% CI: 71.43%—-83.51%), a micro-sensitivity of 78.82%
(95% CI: 74.43%—83.20%), a macro-specificity of 77.47%
(95% CI: 71.43%—-83.51%), a micro-specificity of 78.82%
(95% CI: 74.43%—-83.20%), and an AUC of 0.86 (95% CI:
0.83-0.88). The prediction accuracy for MAP was 83.91%
(95% CI: 77.49%-90.33%), while the prediction accuracy
for MSAP was 71.03% (95% CI: 55.13%-86.94%). For
MSAP/SAP binary classification model, the overall accu-
racy in the validation set was 78.91% (95% CI: 76.85%—
80.96%), with a macro-sensitivity of 71.46% (95% CI:
68.43%—74.49%), a micro-sensitivity of 78.91% (95% CI:
76.85%—80.97%), a macro-specificity of 71.46% (95% CI.:
68.43%—74.49%), a micro-specificity of 78.91% (95% CI:
76.85%—-80.97%), and an AUC of 0.75 (95% CI: 0.67—
0.83). The prediction accuracies for MSAP and SAP were
92.18% (95% CI: 88.22%—96.14%) and 50.73% (95% CI:
42.61%-58.86%) (Fig. 9).

For VGG-based attention-free models, the over-
all accuracy, macro-sensitivity, micro-sensitivity, macro-
specificity, and micro-specificity of the three-classification
model in the validation set were 69.66% (95% CI: 68.17%—
71.14%), 60.39% (95% CI: 56.19%—64.59%), 69.66%
(95% CI: 68.17%—71.14%), 82.50% (95% CI: 82.03%—
82.97%), and 84.83% (95% CI: 84.09%—85.57%). The pre-
diction accuracies for MAP, MSAP, and SAP were 87.22%
(95% CI: 76.51%-97.92%), 59.31% (95% CI: 44.46%—
74.16%), and 34.63% (95% CI: 14.61%—54.65%), respec-
tively. The sensitivities of MAP, MSAP, and SAP were
87.22% (95% CI: 76.51%-97.92%), 59.31% (95% CI:
44.46%—-74.16%), and 34.63% (95% CI: 14.62%-54.65%),
respectively. The specificities of MAP, MSAP, and SAP
were 71.25% (95% CI: 61.71%-80.79%), 78.62% (95%
CL: 66.71%-90.54%), and 97.64% (95% CI: 94.61%—
100.00%). In addition, the AUCs of MAP, MSAP, and SAP
were 0.87 (95% CI: 0.85-0.89), 0.63 (95% CI: 0.54-0.72),
and 0.88 (95% CI: 0.85-0.91).

The overall accuracy, macro-sensitivity, micro-
sensitivity, —macro-specificity, —micro-specificity, and
AUC of MAP/MSAP binary classification model in the
validation set were 78.45% (95% CI: 75.25%—81.66%),
77.21% (95% CI: 73.69%—-80.73%), 78.45% (95% CIL:
75.25%-81.66%), 77.21% (95% CI: 73.69%—80.73%),
78.45% (95% CI: 75.25%—81.66%), and 0.82 (95% CI:
0.73-0.90). The prediction accuracies for MAP and MSAP

were 83.16% (95% CI: 74.59%-91.73%) and 71.26% (95%
CI: 59.80%—82.73%), respectively. The overall accuracy,
macro-sensitivity, —micro-sensitivity, —macro-specificity,
micro-specificity, and AUC of MSAP/SAP binary clas-
sification model in the validation set were 75.78% (95%
CI: 71.08%—80.48%), 67.10% (95% CIL: 57.67%—76.52%),
75.78% (95% CI: 71.08%-80.48%), 67.10 (95% CI:
57.67%—-76.52%), 75.78% (95% CI: 71.08%—80.48%),
and 0.77 (95% CI: 0.66-0.88). The accuracy of MSAP
prediction was 91.26% (95% CI: 82.20%-100.00%),
whereas the accuracy of SAP prediction was 42.93% (95%
CI: 17.35%—68.50%) (Fig. 10).

Performance of DL Models with Clinical Indexes
and Imaging Data as Input

Fusion multi-view models with attention mechanism,
harmonizing both clinical indexes and imaging data as in-
put, were developed in this study.

The overall accuracy, macro-sensitivity, micro-
sensitivity, macro-specificity, and micro-specificity of
the three-classification model were 80.26% (95% CI:
79.58%—-80.94%), 77.38% (95% CI: 75.76%—79.01%),
80.26% (95% CI: 79.58%-80.94%), 89.48% (95% CI:
88.67%-90.29%), and 90.13% (95% CI: 89.79%-90.47%).
The accuracy rates of MAP, MSAP, and SAP were 91.69%
(95% CI: 87.80%—-95.57%), 64.90% (95% CI: 58.85%—
70.95%), and 75.56% (95% CI: 68.58%—-82.53%). The
sensitivities of MAP, MSAP, and SAP were 91.69% (95%
CI: 87.80%-95.58%), 64.90% (95% CI: 58.85%—-70.95%),
and 75.56% (95% CI: 68.58%—82.53%). The specificities
of MAP, MSAP, and SAP were 86.05% (95% CI: 79.66%—
92.45%), 88.27% (95% CI: 85.55%-90.99%), and 94.13%
(95% CI: 90.96%-97.29%). The AUCs of MAP, MSAP,
and SAP were 0.96 (95% CI: 0.96-0.96), 0.76 (95% CI:
0.72-0.81), and 0.96 (95% CI: 0.95-0.98).

The results revealed that this model is more accu-
rate than the two previously described single-view models
(Fig. 11). The heatmap of attention for this model was plot-
ted (Fig. 12).

An MAP/MSAP binary classification neural network
was also built in this study. Its overall accuracy, macro-
sensitivity, micro-sensitivity, macro-specificity, mico-
specificity, and AUC of the multi-view binary classifi-
cation model in the validation set were 87.14% (95%
CI: 84.69%—-89.60%), 86.44% (95% CI: 83.79%—-89.09%),
87.14% (95% CI: 84.68%—89.60%), 86.44% (95% CI:
83.79%—89.09%), 87.14% (95% CI: 84.68%—89.60%), and
0.92 (95% CI: 0.91-0.94). The prediction accuracy for
MAP was 89.61% (95% CI: 85.83%-93.39%), and the
prediction accuracy for MSAP was 83.27% (95% CI:
77.77%—88.76%) (Fig. 13). Meanwhile, an MSAP/SAP
binary classification neural network was also established.
Its overall accuracy, macro-sensitivity, micro-sensitivity,
macro-specificity, micro-specificity, and AUC of the multi-
view binary classification model in the validation set
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were 84.74% (95% CI: 80.48%—89.00%), 81.68% (95%
CI: 76.17%—-87.19%), 84.74% (95% CI: 80.48%—89.00%),
81.68% (95% CI: 76.17%-87.19%), 84.74% (95% CI:

80.48%—-89.00%), and 0.91 (95% CI: 0.87-0.94).

84.68%) (Fig. 13).
Calibration plots for the three-classification DL mod-
els with imaging data, clinic indexes and merged data as in-
put are shown in Fig. 14. Among them, the MAP’s average

integrated discrimination improvement (IDI) of multi-view
model compared with imaging data model and clinic indexe

The
prediction accuracies for MSAP and SAP were 92.24%
(95% CI: 85.21%-99.28%) and 71.11% (95% CI: 57.55%—

model were 0.33 and 0.22. The MSAP’s average IDI of
multi-view model compared with imaging data model and
clinic indexes model were 0.27 and 0.19. The SAP’s aver-
age IDI of multi-view model compared with imaging data
model and clinic indexes model were 0.36 and 0.15. These
results showed that multi-view DL model was more accu-

rate at predicting severity classification of AP.

Discussion

At present, the commonly used scoring systems for
assessing the severity and prognosis of AP in clinical prac-
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Fig. 10. Confusion matrices and ROC curves of attention-free models with imaging data as input. (a) Confusion matrices and ROC
curves of MAP/MSAP/SAP three-classification VGG-based attention-free model with imaging data as input (5-fold CV). (b) Confusion
matrices and ROC curves of MAP/MSAP binary classification VGG-based attention-free mechanism model with imaging data as input
(5-fold CV). (c¢) Confusion matrices and ROC curves of MSAP/SAP binary classification VGG-based attention-free mechanism model
with imaging data as input (5-fold CV).

tice include Ranson score, APACHE-II score, BISAP score, account previous health status of patients, undermining the
Balthazar score, CTSI score, and Sequential Organ Failure accuracy of AP prognosis determined by patients’ overall
Assessment (SOFA) score [37—41]. Ranson score, which is health status [43—45]. The APACHE-II score is a widely
the first AP scoring system created, assesses AP based on  used scoring system in intensive care units and can also
patient condition changes in the first 48 hours after admis- be utilized to assess the severity of AP [46,47]. This scor-
sion and is determined by 11 objective indexes, including  ing system is built upon an acute physiology score, an age
five indexes at admission (age, WBC, GLU, serum lactate score, and a chronic health score, providing a comprehen-
dehydrogenase, and AST) and six indexes at 48 hours after ~ sive and accurate assessment for a relatively accurate pre-
admission (Ca?*, HCT, BUN, arterial oxygen saturation, diction of AP prognosis, including survival rate and length
acid-base balance, and fluid loss) [42]. Several limitations of hospital stay [48—53]. Although such assessment enables
of Ranson score should be acknowledged. First, it is of no the making of more informed treatment decisions by health-
considerable value in the dynamic monitoring of patients’ care professionals, the necessity to gather data for multiple
health status. Secondly, the Ranson score does not take into indexes poses an inconvenience in clinical practice, espe-
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Fig. 12. Heatmap of attention. The heatmap of attention for CNN model was drawn on three different scales, and the attention of
network was fixed on some local area with the increase of the number of training epochs.
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Fig. 13. Confusion matrices and ROC curves of binary classification multi-view models with clinical indexes and imaging data as
input. (a) Confusion matrices and ROC curves of MAP/MSAP binary classification multi-view model with merged data as input (5-fold
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CV).
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cially for patients who do not need to be admitted to the = necrosis score, whereas the modified CTSI (MCTSI) score
intensive care unit. The APACHE-II score is a general as- is a revised imaging evaluation method based on the CTSI,
sessment tool, but not specifically designed for assessing ~ which not only improves the scoring of pancreatic mor-
AP. Therefore, some AP-specific items are left out and not  phology and pancreatic necrosis, but also incorporates the
assessed if APACHE-II score is used for evaluation. The  assessment of extra-pancreatic complications. Both CTSI
CTSI score is composed of Balthazar score and pancreatic =~ and MCTSI scores are straightforward imaging scores that


https://www.discovmed.com/

can reasonably quantify some of the imaging information.
However, it is important to note that they are incapable of
offering an evaluation regarding the overall condition of
AP patients and their scoring results may be predisposed
to subjective errors [54—60]. The BISAP score is a rela-
tively new method, encompassing five indexes, namely age,
BUN, GCS score, systemic inflammatory response syn-
drome (SIRS), and pleural effusion in its scoring evaluation.
With the limited number of indicators being factored in, this
score cannot fully capture the clinical condition of AP pa-
tients. Therefore, attempts to modify this scoring system to
incorporate other factors, such as function of vital organs,
nutritional status, and complications, for a more compre-
hensive assessment are necessary [61-65].

Although widely used in clinical practice, from an
ML perspective, these scoring methods are clearly inade-
quate in the assessment of patient data features. By princi-
ple, most of them simply aggregate scores from various in-
dexes. Nevertheless, technological progress in recent years
has enabled significant development of the clinical feature
extraction methods and feature processing methods of AP.
For example, for non-imaging clinical data, classification
and regression algorithms based on classical ML algorithms
such as SVM and RF have been extensively researched and
implemented in the AP context. These algorithms can be
applied to the processing of multi-dimensional data input,
feature selection, and fitting of the complex interaction re-
lationships within data input [66—68]. On the other hand,
the field of medical imaging saw a vigorous development
in computer-aided diagnosis systems combining computer
vision and ML. Radiomics methods have been used to ex-
tract features from AP imaging data, reducing the reliance
on subjective judgment of physicians. These features are
quantified by thousands of preset feature filters [69—75].
Meanwhile, some of the classical ML algorithms mentioned
above can also be integrated into downstream tasks, opti-
mizing the utilization of raw medical data to a great extent.
However, the application of these algorithms is fraught with
certain constraints. Firstly, in AP image processing, most
of the existing ML processing methods focus on classifying
the pancreatic parenchyma as a region of interest (ROI) and
conducting subsequent feature extraction on the pancreas
itself. The assessment of only pancreatic characteristics
by these methods precludes the analysis of peripancreatic
manifestations such as exudation, fluid collection, necrosis
around the pancreas, which are critical findings used for as-
sessment. Moreover, the manual delineation of ROl is labo-
rious, costly and time-consuming [76]. Secondly, the thou-
sands of manually preset feature filters based on radiomics
have drawbacks such as feature redundancy and high com-
putational cost. Additionally, it is challenging to design
specific feature filters for certain tasks. In addition to the
lesions in the pancreas, the inflammatory factors released
by AP could also affect various organ systems of a patient.
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Relying on either clinical indexes or imaging manifes-
tations of a patient provides a unilateral view of AP severity
classifications. The clinical symptoms and imaging find-
ings of AP patients are not always compatible with each
other. For instance, in some cases, severe clinical symp-
toms presented by patients are contradicted by the relatively
mild imaging abnormalities detected in the pancreatic area
[77]. Similar kind of discrepancies are also exemplified by
patients with pancreatitis experiencing mild pain or discom-
fort in the initial stage despite imaging evidence of severe
pancreatic edema and peripancreatic exudation. Therefore,
to address the aforementioned problems, technical methods
that can reasonably improve the assessment of AP are ur-
gently needed.

The application of Al in the medical field is continu-
ously expanding. In the context of AP, Al lends valuable
support to the severity assessment of AP. Al models can
predict the likelihood of a patient developing SAP and rec-
ommend appropriate therapeutic interventions based on pa-
tient characteristics and clinical indexes. The most contem-
porary Al models are capable of analyzing medical images,
including those from ultrasonography, computed tomogra-
phy (CT) or magnetic resonance imaging (MRI), streamlin-
ing the detection of inflammation level, fluid accumulation,
and tissue necrosis. The utilization of Al models provides
clinical assistance in assessing and predicting the severity of
AP. At the same time, Al systems can contribute to disease
monitoring, progression assessment, and prognosis evalua-
tion, based on the utilization of patients’ clinical data.

In this study, we applied Al methods to establish AP
severity prediction models. For single-view models with
imaging data and clinic indexes as input, the overall accu-
racies of DL models were higher than those of traditional
models of comparison. And multi-view DL model was
more accurate at predicting severity classification of AP.

At the same time, while establishing the AP multi-
view model, we observed that the attention heatmap of AP
tended to shift with the severity of the disease. Compared
with MAP, the attention of MSAP tended to focus on the
left anterior renal fascia and the tail of the pancreas. Addi-
tionally, a small amount of accumulated fluid could often
be observed in these areas on the original CT scans. Com-
pared with MSAP, the focal point of attention heatmap of
SAP moved upward and to the right, and was fixed on the
pancreas or scattered around it. The original CT images of-
ten revealed signs of pancreatic necrosis or a significant ac-
cumulation of fluid and necrosis around the pancreas. This
body of observations corroborate the potential function of
Al in the identification of disease characteristics to a certain
extent.

Despite the great potential of Al in medicine, we
should be aware that the professional clinical judgment and
diagnosis made by physicians is irreplaceable. Al models
can provide critical insights to physicians to support final
diagnosis and treatment decisions as a myriad of factors
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need to be considered while assessing the severity of AP.
The application of Al systems should be governed by med-
ical ethics and regulations, especially in the aspects of pa-
tient privacy and data security.

Conclusion

The multi-view models utilizing clinical indexes and
imaging data as input are superior to single-view models in
AP severity prediction.
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