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& INTRODUCTION

One-third to one-half of the deaths that occur due to acute
pancreatitis (AP) during the first week after the onset of AP
symptoms are primarily due to progressive organ failure
(OF). Deaths that occur more than one week after admission
to the hospital are often associated with local complications,
such as infected pancreatic necrosis, and these patients often
present symptoms of sepsis and multiple organ dysfunction
syndromes (1). A recent meta-analysis indicated that organ
failure is the key determinant of severity, regardless of the
presence or absence of local pancreatic complications (2).
Early identification of patients who are likely to develop
organ failure would assist physicians in selecting the
patients who would benefit from close surveillance or
aggressive intervention. Many prognostic models or single
predictors have been developed to predict mortality or the
severity of acute pancreatitis, which is primarily defined
based on the Atlanta classification (3-6). However, informa-
tion regarding the early prediction of persistent organ
failure in patients with acute pancreatitis is not widely
available (7).
As one of the clinical prediction rules (8), an artificial

neural network (ANN) is composed of a series of
interconnecting parallel nonlinear processing elements
(nodes) with limited numbers of inputs and outputs (9). A
systematic review suggested that artificial neural network
analysis is potentially more successful than conventional
statistical techniques at predicting clinical outcomes when
the relationship between the variables that determine the
prognosis is complex, multidimensional and non-linear (10).
The aim of this study was to develop an artificial neural
network to predict persistent organ failure in patients with
acute pancreatitis.

& MATERIALS AND METHODS

A total of 312 patients with acute pancreatitis who were
admitted to the First Affiliated Hospital of Wenzhou

Medical College within 72 hours of the onset of symptoms
between Jan 2008 and Mar 2009 were eligible. Acute
pancreatitis was defined as previously described (11).
Organ failure was defined as a Marshall score $2 for at
least one of the following organs involved (12): (i)
cardiovascular failure – systolic pressure #90 mmHg,
unresponsive to fluids; (ii) respiratory failure – PaO2/Fio2
ratio ,300 mmHg; or (iii) renal failure – creatinine
.1.9 mg/dL. Duration of organ failure was defined as
persistent if it exceeded 48 hours. Exclusion criteria
included (3): prior surgery for pancreas, endoscopic retro-
grade cholangiopancreatography or trauma-induced pan-
creatitis, chronic pancreatitis, pancreatic cancer, pleural
effusions preceding the development of acute pancreatitis,
pleural effusions that resulted from concomitant diseases
(e.g., pneumonia or chronic heart failure), chronic renal
disease and cases with incomplete data.
Age, gender, temperature, pulse, systolic blood pressure,

and biochemical parameters were recorded within 12 hours of
admission before the development of persistent organ failure.
The systemic inflammatory response syndrome (SIRS) and
APACHE II scores (11)were calculated at admission according
to the laboratory and physiological data.
Continuous values were expressed as the means ¡ SD or

medians and interquartile ranges and compared using
Student’s t-test or the Mann-Whitney non-parametric test.
Categorical values were described by counts and propor-
tions and compared using the x

2 test. Variables that were
significantly related to the presence of organ failure were
selected as candidates for input into the final ANN model.
Sensitivity analysis (also known as independent variable
importance analysis) was performed to determine the
optimum variables for construction of the final ANN model
(9). For sensitivity analysis, an exploratory three-layer
multiplayer perceptron (MLP) ANN model with a back
propagation algorithm was constructed. In the exploratory
ANN model, the data were randomly divided into a
training sample (250 cases, 80%) and a test sample (62
cases, 20%). Sigmoid transfer functions were used in the
hidden and output layers. Gradient descent was used to
estimate the synaptic weights. The initial learning rate was
0.4, and the momentum was 0.9.
According to the results of the univariate and sensitivity

analyses, a final three-layer feed-forward ANN model with
a back propagation algorithm was constructed for all 312
patients. The ANN model was trained with a maximum of
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500 iterations and 10 tours. The overfit penalty was assigned
as 0.001, and the convergence criterion was 0.00001 (9). Five-
fold cross-validation was used (13). The output of the ANN
model was transformed to range from 0-1. Organ failure
was predicted if the output was greater than or equal to 0.5
(9). The sensitivity, specificity, negative predictive value,
positive predictive value and diagnostic accuracy of the
ANN model are reported herein.

The clinical or patient-relevant utility of a diagnostic test
is evaluated by a Fagan plot. The Fagan plot allows the
reader to estimate the post-test probability of the target
condition in an individual patient based on a selected pre-
test probability (14).

Forward conditional step-wise logistic regression analysis
was performed to develop a logistic regression function
(LR) for comparison. The conditional probabilities for
stepwise entry and removal of a factor were 0.05 and 0.06,
respectively. The area under the receiver operating char-
acteristic (ROC) curve (AUC) was used to evaluate the
performance of the ANN model; LR model and APACHE II
score (15).

Differences were considered statistically significant if the
two-tailed P value was less than 0.05. SPSS 16.0 (SPSS Inc.,
Chicago, IL, USA) and JMP 6.0 (SAS, Cary, North Carolina,
USA) were used for ANN analysis.

& RESULTS

The median age of the 312 patients included in the study
was 53, and 192 patients (61.5%) were male. The demo-
graphic and clinical characteristics of the patients are
shown in Table 1. Among all of the patients, the acute
pancreatitis was most commonly biliary in nature (56.4%).
The median APACHE II score at the time of hospital
admission was 5. Of the 48 patients who developed
persistent organ failure, multiple organ failure was noted
in 16 (33.3%). Respiratory failure (70.8%) was the most
frequent. Five patients with organ failure died from acute
pancreatitis, and four died during the first week in the
hospital. None of the patients died from acute pancreatitis
without organ failure.

Univariate and multivariate analysis
Thirteen variables considered relevant to the presence of

OF were tested using univariate and multivariate analyses.
As shown in Table 2, univariate analysis suggested that age,
SIRS, hematocrit, serum glucose, BUN and serum calcium
were significantly associated with organ failure.
Multivariate analysis by logistic regression identified the
following three independent variables as predictive of
persistent organ failure in acute pancreatitis: SIRS
(p= 0.004), BUN (p,0.001) and serum calcium (p= 0.003).
A logistic regression function (LR model) was developed to
predict organ failure as follows: -0.38+0.12 BUN (mg/dl)-
1.94 calcium (mmol/l)+1.16 SIRS (1 vs. 0).

ANN analysis
As shown in Figure 1, age, hematocrit, serum glucose,

BUN and serum calcium were the most important pre-
dictors of persistent organ failure by sensitivity analysis (the
exploratory ANN model constructed for the sensitivity
analysis is not shown).
The final three-layer 5-5-1-feed-forward back propagation

ANN model with variables consisting of age, hematocrit,
serum glucose, BUN and serum calcium was developed and
trained in 312 patients (Figure 2). The sensitivity, specificity,
positive likelihood ratio, negative likelihood ratio and
diagnostic accuracy of the ANN were 81.3%, 98.9%, 71.5,
0.19 and 96.2%, respectively.
Using the prevalence of organ failure in acute pancreatitis

(15.4% in this study) as the pretest probability, the Fagan
plot (Figure 3) shows that ANN can be clinically informative
because it increases the probability of being classified as
organ failure to 93% when positive and lowers the
probability to 3% when negative.

Comparison of the ANN model, the LR model and
APACHE II scores
The ROC curves for the ANN model and APACHE II

scores for predicting organ failure in acute pancreatitis are
shown in Figure 4. The AUC of the ANN model
(AUC=0.96¡0.02) was statistically higher than the AUC
of the LR model (AUC=0.88¡0.03, p,0.001) or the
APACHE II scores (AUC=0.83¡0.03, p,0.001).

Table 1 - Demographic and Clinical Characteristics of 312
patients with acute pancreatitis.

Characteristic Data

Age (yr) 53 (42-65)

Male (%) 61.5

APACHE II score at admission 5 (2-7)

Etiology, %

Biliary 56.4

Alcohol 32.1

Other 2.2

Idiopathic 9.3

OF classification

Single OF 32 (66.7%)

Multiple OF 16 (33.3%)

Organ affected by OF

Cardiovascular 8 (16.7%)

Respiratory 34 (70.8%)

Renal 22 (45.8%)

Data are shown as numbers of observations, percentages, medians and

interquartile ranges.

Table 2 - Univariate analysis of predictive factors of organ
failure in AP.

Variable OF (N=48) No-OF (N=264) p-value

Age (yr) 63 (50.5-71.5) 51 (41-63) 0.001 *

Male (%) 64.6 61.0 0.637m

SIRS (%) 19.3 58.3 ,0.001m

Systolic blood pressure

(mmHg)

139 (120-150) 130 (120-145) 0.07 *

Hemoglobin (mg/dL) 14.1 (12.3-16.2) 13.4 (12.2-14.7 0.087*

Hematocrit (%) 41 (34-47) 38 (35-42) 0.045*

Platelets (109/L) 173 (108-233) 190 (146-232) 0.10*

Serum glucose

(mmol/L)

9.2 (6.7-13.3) 7.4 (5.8-9.9) 0.001*

BUN (mg/dl) 23.9 (16.3-37.7) 11.8 (8.4-15.4) ,0.001*

Serum calcium

(mmol/L)

1.92 (1.61-2.10) 2.19 (2.0-2.3) ,0.001*

OF: Organ failure; *Mann-Whitney non-parametric test; mx2 test.
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& DISCUSSION

The results of this study demonstrate the following: (i) an
ANN model (Figure 2) with variables consisting of age,
hematocrit, serum glucose, BUN and serum calcium
achieved a sensitivity of 81.3% and a specificity of 98.9%
and classified a total of 96.2% of patients correctly; (ii) as
shown in the Fagan plot (Figure 3), if a patient’s ANN value
was more than or equal to 0.5, the probability of developing
persistent OF increased from 15.4% to 93%, and if the ANN
value was less than 0.5, the probability decreased to 3%; (iii)
Based on ROC analysis (Figure 4), the diagnostic perfor-
mance of the ANN model was superior to both the LR
model and the APACHE II score.
Of the standard ANNs, the MLP is perhaps the most

popular network architecture currently in use (16). An MLP
model consists of an input layer, a hidden layer and an
output layer. All of the artificial neurons are arranged in a
layered feed–forward topology. Our ANN model was
developed using the SPSS neural networks program and

Figure 1 - Sensitivity analysis of the input variables. The value shown for each input variable is a measure of its relative importance.

Figure 2 - A neural network for the prediction of organ failure in
patients with acute pancreatitis consisting of five input variables,
a hidden layer with five nodes, and one output variable. Figure 3 - Fagan plot.
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JMP software, which can both run the MLP model (9,13).
ANNs are nonlinear statistical data modeling tools. They
can take into account outliers and nonlinear interactions
among variables and can reveal previously unrecognized
and/or weak relationships between given input variables
and an outcome (13). Therefore, ANNs often include
parameters that may not reach significance using conven-
tional statistics, as evidenced by the fact that age, hemato-
crit, and serum glucose included in our ANN model were
not significant in logistic regression analysis. Similar
phenomena were also observed in a previous study (17).

ANN models have been increasingly used in the clinical
prediction of acute pancreatitis. Mofidi et al. (18) developed
an ANN consisting of ten input values to predict severe
acute pancreatitis that achieved a high sensitivity and
specificity of 89% and 96%, respectively. However, several
limitations to that study were noted by Andersson et al. (17),
such as the lack of an ensemble approach and a priori
variable selection. Andersson et al. (17) successfully
constructed an ANN using six variables to predict severe
acute pancreatitis. They enrolled 208 patients and reported
that the performance of the ANN with an AUC of 0.92 was
superior to a logistic regression model or APACHE II score.
The limitations of the study by Andersson et al. (17)
included a small sample size with missing data points and
unclear time intervals between the onset of AP and data
collection. In addition, aspartate aminotransferase, which
was used as one of the variables in the ANN model, is not
available in most emergency situations. These issues could
limit the general applicability of the ANN described in the
Andersson et al. study in different populations. The gold
standard for severe acute pancreatitis used in both of the
previously mentioned studies was based on the Atlanta
classification, which has several limitations that have been
highlighted in multiple publications. Revisions to the
classification have been suggested (2,19), and two additional
categories, including moderate and critical acute pancreati-
tis, have been introduced. Moderate acute pancreatitis is
defined as patients with sterile pancreatic complications or

transient OF (2,19). Patients with persistent OF should be
classified as having severe or critical acute pancreatitis
(2,19). A previous study also showed that persistent OF
during the first week after the onset of AP symptoms was a
marker of a fatal outcome in cases of acute pancreatitis (1).
To the best of our knowledge, this is the first investigation of
the possible predictors of persistent organ failure in cases of
acute pancreatitis using ANN analysis.
Our study has several limitations. First, the data were

collected retrospectively, which may introduce a population
bias. Second, the data were all obtained from a tertiary care
university hospital based on a 72-hour window of symp-
toms, which may not be applicable in a local clinic or
community hospital setting. It will be necessary to analyze
the performance of an ANN within a 48-hour window in
future studies, which could generalize our results. Third,
the sample size in this study was small. Finally, although we
performed five-fold cross-validation and filtered out irrele-
vant input variables by univariate analysis and sensitivity
analysis to avoid overfitting, testing the performance of the
ANN model in an independent sample will be necessary in
the future.
In conclusion, an artificial neural network model with

variables consisting of age, hematocrit, serum glucose, BUN
and serum calcium may be useful for predicting the
development of persistent organ failure in patients with
acute pancreatitis.
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Figure 4 - Receiver operating characteristic curves for the ANN model, logistic regression function (LR model) and APACHE II score.
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