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Abstract 

 

 We have investigated a neural network classifier based on CT findings extracted 

by a radiologist for the differential diagnosis between the pancreatic ductal 

adenocarcinoma and mass-forming pancreatitis, and compared its classification 

performance with that of Bayesian analysis, Hayashi's quantification method II, and 

radiologists. The three computerized classification methods were designed to classify 

categorized CT findings extracted by a radiologist, and were trained and tested on 71 

cases. There was comparable performance of the neural network, the Bayesian analysis, 

Hayashi's quantification method II, and the radiologists, in classifying pancreatic 

carcinoma and inflammatory mass. 
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1. Introduction 

 Using computed tomography (CT), radiologists often find differential diagnoses 

of pancreatic masses difficult. Especially, the distinction between the pancreatic ductal 

adenocarcinoma and mass-forming pancreatitis bases on CT findings is still not certain, 

although a large number of studies have been made on the CT findings of these two 

disease entities (1-5). Thus, a computerized second opinion would be especially helpful 

for clinicians in the differential diagnosis between the pancreatic ductal 

adenocarcinoma and mass-forming pancreatitis based on CT findings. 

 On the other hand, artificial neural networks are solving problems that previous 

technologies have been unable to resolve satisfactorily (6), and are beginning to find 

applications in many fields, including the field of radiological diagnosis (6-24). 

Therefore, we have applied a neural network classification based on CT findings 

extracted by a radiologist to separating the mass-forming pancreatitis from the ductal 

adenocarcinoma in the pancreatic mass differential diagnosis. 

 In addition, we compared the classification performance of the neural network 

with those of the other two classification methods; these are the probabilistic method 

using Bayes' formula (Bayesian analysis) (25-28), the discriminant method using 

Hayashi's quantification method II (29). We also compared the classification 

performance of these three computerized classification methods with that of 

radiologists. 

 According to Boone et al (8, 9), there are two steps in the radiological 

diagnosis: the first is a pattern recognition task in which the radiologist views the image 

and compiles a list of any abnormalities present (that is, "radiographic findings") (9); 

and the second step is to evaluate the radiographic findings, using cognitive processes 

developed through medical training and experience, to arrive at a differential diagnosis 

(8). The aim of this paper is to evaluate the performance of the three computerized 

classification methods in this second step. Moreover, in this paper, we are not 

concerned with the between-observer and within-observer variations, owing to the 
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subjective nature of the input values that the computerized classification methods 

require from radiologists (16). 

 

2. Materials and Methods 

2.1 Database 

 The subjects used for this study were retrospectively obtained from CT files 

with mass lesions in the pancreas; these were composed of 32 patients (28 males and 4 

females; age 40.8 years mean; range 35-75 years) whose mass lesions had been 

diagnosed as a pancreatic inflammatory mass, and 76 patients (50 males and 26 

females, age 60.3 years mean; range 38-81 years) whose mass lesions had been 

diagnosed as pancreatic ductal adenocarcinoma. Here, the diagnoses of 93 of these 

patients (67 with ductal adenocarcinoma and 26 with inflammatory mass) had been 

established at pathological examination. CT was performed on Toshiba 900S, Toshiba 

TCT80A (Toshiba, Tokyo), or Hitachi CTW600 (Hitachi, Tokyo) scanners. All patients 

underwent a CT examination consisting of plain CT, dynamic CT, and high-dose 

enhancement CT, and the pancreas was scanned with 5-mm contiguous sections in the 

enhancement CT. 

 We compiled a comprehensive list of CT findings pertinent to the interpretation 

of the pancreatic mass, based on practical clinical experience and review of the 

literature (9). From this, a checklist-style form listing CT findings was drawn up (9). 

Initially, this list consisted of 32 features with two or three categorized findings for 

each. These features could be grouped into the following three categories: features 

related to the pancreatic mass, features related to the pancreatic parenchyma, and 

features of secondary abnormalities about arteries, veins, bile duct, lymph nodes, etc. 

The features related to the pancreatic mass and the pancreatic parenchyma are shown in 

Table 1 and Table 2. 

 An experienced radiologist (with more than 10 years experience) interpreted all 

CT images of 108 cases, extracted the above-mentioned 32 features from each case, and 
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entered them on the data form; from this data form, the database used for this study was 

constructed. These 32 features are large, compared to the number of training cases for 

the computerized classification methods. Therefore, we restricted to the features related 

to the pancreatic mass and the pancreatic parenchyma. Further, every feature was 

evaluated with χ2 test for its ability to discriminate between the pancreatic carcinoma 

and the inflammatory mass. Eighteen of these 32 features had significantly different 

categorized findings between the pancreatic carcinoma and the inflammatory mass (at a 

significance level of 0.05); so, we selected the database consisting of these 11 features 

related to the pancreatic mass and the pancreatic parenchyma as the training and testing 

data for the three computerized classification methods (Table 1, Table 2). 

 For a training and testing set for the computerized classification methods, 39 

cases with pancreatic carcinoma were randomly selected from the entire database, and 

all 32 cases with inflammatory mass in the entire database were used; for comparison of 

the three computerized classifiers, this training and testing data set is the same for all 

the three computerized classification methods. 

 

2.2 Neural Networks 

 We used the commercially available software (NeuralWorks Professional II; 

NeuralWare, Pittsburgh) on a workstation (Sun 4, Fujitsu, Tokyo), to design, train, and 

test a variety of artificial neural networks. Three-layer, feed-forward networks with a 

back-propagation algorithm were employed in this study (16). However, there is no 

generally accepted rule for determining the topology and the hierarchy of the network 

(9, 19). Hence, we tested numerous different architectures with a different number of 

hidden nodes and combinations of input parameters for optimizing the neural network 

architectures. Only the results of the successful neural network architecture are reported 

here; this neural network consisted of 15 input units, 15 hidden units, and one output 

unit, which represented the diagnosis (0 = pancreatic carcinoma, 1 = inflammatory 

mass). 
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2.3 Probabilistic Method Using Bayes' Formula (Bayesian Analysis) 

 The Bayes theorem is a rather simple method of combining CT findings to 

estimate the probability that a mass lesion in the pancreas is adenocarcinoma (27). In 

applying Bayes' formula, it is necessary to develop a probability matrix (26). We 

obtained this probability matrix for the 11 features given in the section 2.1 from a 

training set and applied Bayes' formula to patterns within a testing set in order to 

determine the probability for pancreatic carcinoma; that is, the probabilities in this 

probability matrix were estimated by the relative frequencies calculated from a training 

data set. Here, a rate of 0.5 was used for the respective incidence of the two possible 

diseases (that is, pancreatic carcinoma and inflammatory mass). The software for these 

calculations was written by us. 

 

2.4 Hayashi's Quantification Method II 

 The Hayashi's quantification method II is a linear discriminant analysis 

technique for the system described by the qualitative variables (29), and implemented 

in a statistical package such as SPSS (Statistical Package for the Social Sciences) (30, 

31). By using the SPSS package (30, 31), we obtained the discriminant function for a 

training set and applied it to patterns within a testing set; the 11 features given in the 

section 2.1 were used as independent variables for this discriminant function 

 

2.5 Evaluation of Performance 

 To predict the ability of the three computerized classification methods to 

generalize from the training cases and make diagnoses concerning cases that had not 

been included in the training, we employed the leave-one-out method (16). In this 

method, all but one of the above-mentioned 71 cases was used to train the neural 

network, to determine the probability matrix for the Bayesian analysis, and to obtain the 

discriminant function for the Hayashi's quantification method II. The single case that 
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was left out was then used to test the neural network, the Bayesian system, and the 

discriminant function. This procedure was repeated so that each of the 71 cases was 

used once as a testing case (16). 

 To evaluate the three computerized classification methods, we also conducted 

another experiment, in which training was performed on the above-mentioned 71 cases, 

and testing was performed on the group of the remaining 37 cases with pancreatic 

carcinoma and the same 32 cases with inflammatory mass as in the training set. That is, 

for cases with pancreatic carcinoma, this experiment is a cross-validation study 

[training the classifier with one group of subjects, and testing it in another separate 

group (12)], and for the cases with inflammatory mass, this is a re-substitution 

experiment [training the classifier with one group of subjects, and testing it in the same 

group used to train it (12)]. Thus, we call this experiment a "semi-cross-validation" 

method in what follows. Further, for reference, we performed re-substitution 

experiments, in which testing was performed on the group used to train the classifier 

(12). 

 Four radiologists agreed to participate as readers for this study. As a group they 

had an average of 10 years (median 7 years) experience as diagnostic radiologists. They 

were not informed of the purpose of this study, and were blind to individual clinical 

information. They were told that the subjects were the CT images with the mass lesion 

in the pancreas which was either pancreatic ductal adenocarcinoma or pancreatic 

inflammatory mass. 

 To evaluate the performance of radiologists in distinguishing between 

pancreatic carcinoma and inflammatory mass, these four radiologists read the CT 

images and reported inflammatory/carcinoma mass judgments on the following discrete 

five-point scale: 1 = definitely inflammatory mass, 2 = probably inflammatory mass, 3 

= possibly carcinoma, 4 = probably carcinoma, and 5 = definitely carcinoma. For these 

five points, 0, 0.25, 0.5, 0.75, and 1 were assigned, respectively, to the probability 

judgments of the radiologists regarding the presence of the pancreatic carcinoma. They 
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interpreted the CT images of 30 cases with pancreatic carcinoma and 29 cases with 

inflammatory mass; these cases were extracted from the entire database. 

 Receiver operating characteristic (ROC) analysis (32-34) was employed to 

evaluate the performance of the three computerized classification methods and 

radiologists in distinguishing between pancreatic carcinoma and inflammatory mass. 

The area under the ROC curve (Az) (32-34) was used as an index of performance. 

Gurney pointed out that "no one has yet validated the predictive accuracy of neural 

networks with true tests of predictive accuracy such as the Brier index (35)." So, we 

also calculated the Brier scores for assessing the performance of the three computerized 

classification methods and radiologists (24, 35-37). Here, using the Sanders 

decomposition, the Brier score was partitioned into two components, resolution (often 

referred to as discrimination) and calibration (24, 38); we also calculated this 
discrimination as 1

N in∑ io 1 − io( )

i

, where  = the observed rate of pancreatic 

carcinoma in category i , n  = the number of patients in category i, 

io
N  = the total 

sample size, and the categories correspond to the five based on predicted 0 to 20%, 20 

to 40%, 40 to 60%, 60 to 80%, and 80 to 100% probabilities of pancreatic carcinoma 

(24, 38). 

 For calculating the correlation coefficients among the judgments of the 

computerized classification methods and radiologists and for calculating the Brier 

scores, the outputs of the neural network and the discriminant function for Hayashi's 

quantification method II were converted to a scale ranging from 0 to 1, with 0 being the 

maximum output value, 1 the minimum for the neural network, 0 as the minimum 

discriminant function value, and 1 for the maximum of the Hayashi's quantification 

method II; we considered these normalized outputs as the probability with which the 

pancreatic mass on CT would be pancreatic carcinoma. As to the judgments of the four 

radiologists, the above-mentioned probabilities assigned to the discrete five-point scale 

were used for these calculations. 
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3. Results 

3.1 Performance of Computerized Classification Methods 

 Fig. 1 compares the performance of the three computerized classification 

methods as tested with the leave-one-out method, in classifying pancreatic carcinoma 

and inflammatory mass. The area under the ROC curve and the Brier score for the three 

computerized classification methods are summarized in Table 3. The performance of 

the neural network was lower than that of the other two computerized classification 

methods, but the differences among the Az values obtained by the neural network, the 

Bayesian analysis, and the Hayashi's quantification method II were not statistically 

significant. 

 In the leave-one-out experiment, there was a mild correlation between the 

outputs of the neural network and the probability estimates by the Bayesian system (its 

Pearson correlation coefficient (r) is 0.729). There were also mild correlations between 

the outputs of the neural network and the discriminant coefficients by the Hayashi's 

quantification method II (r = 0.803) and between the probability estimates by the 

Bayesian system and the discriminant coefficients by the Hayashi's quantification 

method II (r = 0.788). 

 Fig. 2 compares the performance of the three computerized classification 

methods as tested with the "semi-cross-validation" experiment, in classifying pancreatic 

carcinoma and inflammatory mass. (The area under the ROC curve and the Brier score 

are summarized in Table 3.) In this experiment, the performance of the neural network 

was better than that of the other two computerized classification methods, but the 

differences among the Az values obtained by the neural network, the Bayesian analysis, 

and the Hayashi's quantification method II were not statistically significant. The 

difference in the Brier score between the neural network and the Hayashi's 

quantification method II was statistically significant (p < 0.01). 
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3.2 Comparison between Computerized Classification Methods and Radiologists 

 Fig. 3 compares the performance of the radiologists and the neural network as 

tested with the leave-one-out method, in classifying pancreatic carcinoma and 

inflammatory mass. The area under the ROC curve and the Brier score for the four 

radiologists are also shown in Table 3. The performance of the neural network was 

almost equivalent to that of the radiologists, and there was no statistically significant 

difference between the Az value obtained by the neural network and the ones by the 

radiologists. 

 There were mild to weak correlations between the judgments of the three 

computerized classification methods and those of the four radiologists (Table 4). Two-

way analysis of variance with no repeated measures showed that the three computerized 

classification methods had a statistically significant difference with the correlation 

coefficients (p < 0.005); the outputs of the probabilistic method using Bayes' formula 

were closer correlated with the radiologists' judgments than those of the other two 

computerized classification methods, and the correlation between the outputs of the 

neural network and the radiologists' judgments was the weakest among them; however, 

these estimated means of the correlation coefficients failed to achieve statistical 

significance. 

 

4. Discussion 

 As indicated by the leave-one-out method, the neural network's performance 

was worse than that of the other two computerized classification methods, as to both Az 

and Brier score. However, in the "semi-cross-validation" experiment, the neural 

network's performance proved to be better than that of the other two; especially, 

according to the Brier score, the neural network's performance exceeded that of the 

Hayashi's quantification method II with a rather high level of statistical significance. 

The question now arises: "which among the three computerized classification methods 

showed the best performance?" 
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 The difference in performance between the leave-one-out method and the "semi-

cross-validation" experiment originates from the shrinkage; here, the shrinkage refers to 

the difference between the observed classification rate and the true rate (35). Because 

the testing set in the "semi-cross-validation" method is more similar to the training set 

than in the leave-one-out method, the shrinkage in the "semi-cross-validation" method 

can be considered to be larger than that in the leave-one-out method. In fact, the neural 

network performance in the "semi-cross-validation" method was better than in the 

leave-one-out method. However, the other two computerized classification methods' 

performance in the "semi-cross-validation" method was inferior to that in the leave-one-

out method. Moreover, the Spiegelhalter's Z scores are not compatible with the above 

considerations. Therefore, these results indicate that the estimation of the true 

classification rate in the computerized classification methods is difficult, as pointed out 

by Gurney (35), although the leave-one-out method makes the most efficient use of the 

data set that is available and results in a complete cross-validation method (21). Further, 

these results suggest that the neural network has more ability to classify the training set 

than the other two classification methods; this is also suggested from the result that the 

neural network performance was the best among the three computerized classification 

methods in the re-substitution experiment. In other words, the present results indicate 

that the neural network is apt to be over-trained, as previously reported (20). 

 From the above considerations, it seems reasonable to conclude that the 

performances of the three computerized classification methods, in classifying 

pancreatic carcinoma and inflammatory mass, were comparable. Gurney et al pointed 

out that neural networks offered no advantage over the less sophisticated Bayesian 

system in the prediction of probabilities of malignancy in solitary pulmonary nodules 

(24). Also, in this study, the neural network classifier offered no significant advantage 

over the simple Bayesian method and the linear discriminant analysis method. Here, the 

probabilistic method using simply the Bayes' formula requires the most simple 

computation among the three computerized classification methods using multiple 
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variables. Therefore, the Bayesian analysis should be given more credit, although the 

estimation of disease incidences is somewhat problematic. 

 In the leave-one-out method, the neural network that used image features related 

to the pancreatic mass and the pancreatic parenchyma (extracted by an experienced 

radiologist) performed at a slightly higher than the average level achieved by four 

radiologists, as to both Az and Brier score. Here, the neural network in this study used 

only the limited features related to the pancreatic mass and the pancreatic parenchyma, 

and did not use the features of secondary abnormalities that are very useful for the 

differential diagnosis between the pancreatic carcinoma and mass-forming pancreatitis 

(such as liver metastasis, lymph node swelling, etc.). From these considerations, our 

results indicate that, when a radiologist with less experience finds differential diagnosis 

of a pancreatic mass difficult, a three-layer neural network classifier by entering CT 

findings given in a checklist-style form can be used as a computer-aided diagnostic tool 

for the differential diagnosis between the pancreatic ductal adenocarcinoma and mass-

forming pancreatitis. 

 Moreover, in the leave-one-out method, the Bayesian analysis and the Hayashi's 

quantification method II performed at a higher level than the radiologists; in particular, 

the difference in Az  between the Bayesian analysis and radiologist C, the Hayashi's 

quantification method II and radiologist C, and the Hayashi's quantification method II 

and the combined data by pooling four radiologists was statistically significant (p < 

0.05). Therefore, the Bayesian analysis and the Hayashi's quantification method II can 

be also applied to distinguish between the pancreatic ductal adenocarcinoma and mass-

forming pancreatitis, by entering CT findings given in a checklist-style form. 

 As mentioned before, the three computerized classification methods were 

comparable with each other, in their performance in classifying pancreatic carcinoma 

and inflammatory mass. However, there were only mild correlations among the 

probabilistic judgments of these three methods. Further, there were rather weak 

correlations between the judgments of the three computerized classification methods 
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and those of the four radiologists. These results drive us to the question whether, as a 

computerized second opinion, the judgments given by the computerized classifier might 

be closely correlated with those of the experienced radiologist. This seems very 

important and interesting, and deserves further consideration. 

 It has been pointed out that the neural network has little or no capability to 

explain the underlying rules (39). The other two computerized classification methods 

discussed in this paper also have little such explanation capability with respect to the 

underlying rules, although the classification mechanism in the Bayesian analysis is 

relatively comprehensible. Therefore, the analysis of the radiographic features by the 

classification methods using multiple variables offers little in the way of broadening our 

knowledge of radiological diagnosis. However, computerized classification methods 

have the potential for solving differential diagnostic problems which are not readily 

resolvable by the experienced radiologist. So, these methods may be the limits of 

performance in differential diagnosis in terms of the radiological modality. From this 

viewpoint, we can say that the limit of the probability that a randomly selected pair of 

cases with pancreatic carcinoma and mass-forming pancreatitis would be ranked so that 

the pancreatic mass on the CT of the patient with pancreatic carcinoma is assigned a 

higher probability than that of the patient with pancreatitis is about 0.92 (based on 

Bayesian analysis performance in the leave-one-out method). 

 To evaluate the probabilistic judgments, we calculated the two indexes of the 

area under the ROC curve and the Brier score. Here, it is open to question whether the 

output of the neural network and the discriminant function for Hayashi's quantification 

method II can be regarded as a "probability estimate" or not; however, this question is 

beyond the scope of this paper. Although there were some inconsistencies in the 

relations between these two indexes, there was a rather close correlation between them 

(r = - 0.888). So, there seems to be a functional relationship between the area under the 

ROC curve and the Brier score; this deserves further consideration. 
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5. Conclusions 

 In the differential diagnosis between the pancreatic ductal adenocarcinoma and 

mass-forming pancreatitis, the performance of the neural network classifier by entering 

CT findings given in a checklist-style form was comparable to that of the Bayesian 

analysis and the Hayashi's quantification method II. Further, these three computerized 

classification methods offered almost the same performance as radiologists in 

classifying pancreatic carcinoma and inflammatory mass based on CT findings. 
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Figure Legends 

 

1. Fig. 1. 

ROC curves comparing performance of the neural network, the Bayesian analysis, and 

the Hayashi quantification II method, as tested with the leave-one-out method. 

2. Fig. 2. 

ROC curves comparing the performance of the neural network, the Bayesian analysis, 

and the Hayashi quantification II method, as tested with the "semi-cross-validation" 

experiment. Here, the "semi-cross-validation" experiment means the experiment in 

which testing was performed on the group consisting of malignant cases not used in 

training (37 cases with pancreatic carcinoma) and the same benign cases used in 

training (32 cases with inflammatory mass). 

3. Fig. 3. 

ROC curves comparing performance of the four radiologists and the neural network as 

tested with the leave-one-out method. 

4. Table 1. 

Features related to pancreatic mass 

5. Table 2. 

Features related to pancreatic parenchyma 

6. Table 3. 

Area under ROC curve and Brier score for various classification methods 

7. Table 4. 

Correlation coefficients between computerized classification methods and radiologists 
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Table 1 

 

Feature Categorized Findings for Each Feature χ2 testa

location of mass pancreas head, pancreas body, 
 pancreas tail 

NS 

size of mass ≤ 2 cm, 2~4 cm, ≥ 4 cm NS 
density of mass on plain CT low density, iso density, 

 high density 
NS 

density of mass on dynamic CT low density, iso density, 
 high density 

p < .001

density of mass 
 on high-dose CE CT 

low density, iso density, 
 high density 

p < .001

margin of mass 
 on high-dose CE CT 

well-defined and smooth, 
 well-defined and irregular, 
 undefined 

p < .05

ring enhancement of mass 
 on high-dose CE CT 

absence, presence p < .01

density homogeneity of mass 
 on high-dose CE CT 

homogenous, slightly inhomogenous, 
 inhomogenous 

p < .01

central low density in mass  
 on high-dose CE CT 

absence, presence p < .001

main pancreatic duct dilatation in 
mass 

absence, presence p < .001

calcification in mass absence, presence p < .001
central cyst formation in mass absence, presence (size: < 1 cm), 

 presence (size: ≥ 1 cm) 
p < .001

peripheral cyst formation in mass absence, presence (size: < 1 cm), 
 presence (size: ≥ 1 cm) 

NS 

 CE, contrast enhancement; CT, computed tomography; NS, not significant at the .05 
level. 
 a χ2 test for comparisons of categorized findings between the pancreatic carcinoma 
and inflammatory mass. 
 



 
Table 2 

 

Feature Categorized Findings for Each Feature χ2 testa

main pancreatic duct dilatation absence, presence (size: < 50%), 
 presence (size: ≥ 50%) 

NS 

location of dilated main pancreatic 
 duct 

absence, distal to mass, 
 proximal to mass or diffuse 

p < .001

atrophy of pancreatic parenchyma 
 distal to mass 

absence, presence p < .01

calcification in pancreas absence, presence NS 
cyst formation in pancreas absence, presence (size: < 1 cm), 

 presence (size: ≥ 1 cm) 
NS 

 NS, not significant at the .05 level. 
 a χ2 test for comparisons of category values between the pancreatic carcinoma and 
inflammatory mass. 



Table 3 

 

 Area under 
ROC Curve 

(AZ) 

Standard 
Deviation 

of AZ

Brier Score Spiegelhalter's
Z Score 

Resolution in 
Brier Score 

Neural Network (leave-one-out) 0.866 0.043 0.170 2.664 0.160 
Neural Network (“semi-cross-validation”) 0.916 0.048 0.0809 - 0.0935 0.0695 
Neural Network (re-substitution) 0.998 0.002 0.0186 - 2.031 0.0141 
Bayesian Analysis (leave-one-out) 0.922 0.036 0.120 5.847 0.103 
Bayesian Analysis (“semi-cross-validation”) 0.902 0.041 0.153 7.100 0.130 
Bayesian Analysis (re-substitution) 0.949 0.027 0.0902 3.459 0.0867 
Hayashi’s Quantification Method II 
(leave-one-out) 

0.919 0.032 0.139 - 2.639 0.136 

Hayashi’s Quantification Method II 
(“semi-cross-validation”) 

0.893 0.042 0.167 - 0.857 0.131 

Hayashi’s Quantification Method II 
(re-substitution) 

0.978 0.015 0.0977 - 3.371 0.0547 

Radiologist A 0.910 0.039 0.131 0.408 0.126 
Radiologist B 0.799 0.064 0.190 1.145 0.161 
Radiologist C 0.753 0.068 0.215 2.440 0.187 
Radiologist D 0.886 0.058 0.155 10.589 0.104 
Pooling Four Radiologists 0.835 0.028    



 



Table 4 

 

Computerized Classification Methods Radiologists’ 
Comparison 

Correlation 
Coefficients 

95 % Confidence Interval  
for Estimated Correlation Coefficient (r) 
between Computerized Classification 
Method and Radiologists 

Neural Network A 0.507  
 B 0.424  
 C 0.419  
 D 0.553  
   0.332 < r < 0.620 
Bayesian Analysis A 0.677  
 B 0.574  
 C 0.513  
 D 0.814  
   0.500 < r < 0.789 
Hayashi’s Quantification Method II A 0.623  
 B 0.608  
 C 0.475  
 D 0.727  
   0.464 < r < 0.752 
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Summary 

 

 We have investigated a neural network classifier based on CT findings extracted 

by a radiologist for the differential diagnosis between the pancreatic ductal 

adenocarcinoma and mass-forming pancreatitis, and compared its classification 

performance with that of Bayesian analysis, Hayashi's quantification method II, and 

radiologists. 

 The subjects were retrospectively obtained from CT files with mass lesions in 

the pancreas; these were 32 patients whose mass lesions had been diagnosed as a 

pancreatic inflammatory mass, and 76 patients whose mass lesions had been diagnosed 

as pancreatic ductal adenocarcinoma. An experienced radiologist interpreted these CT 

images, extracted initially the 32 features from each case, and entered them on the 

database used for this study. From these data, 18 of these 32 features had significantly 

different categorized findings between the pancreatic carcinoma and the inflammatory 

mass (p < 0.05), by the χ2 test. So, we selected the database consisting of these 11 

features related to the pancreatic mass and the pancreatic parenchyma as the training 

and testing data for the three computerized classification methods. For a training and 

testing set for the computerized classification methods, 39 cases with pancreatic 

carcinoma were randomly selected from the entire database, and all 32 cases with 

inflammatory mass in the entire database were used. To predict the ability of the three 

computerized classification methods, we employed the leave-one-out method, and also 

conducted the "semi-cross-validation" experiment, in which training was performed on 

the above-mentioned 71 cases, and testing was performed on the group of the remaining 

37 cases with pancreatic carcinoma and the same 32 cases with inflammatory mass as in 

the training set. The area under the receiver operating characteristic (ROC) curve (Az) 

was used as an index of performance. Further, we also calculated the Brier scores. 

 In the leave-one-out experiment, Az was 0.866 (Brier score, 0.170) for the neural 

network, 0.922 (Brier score, 0.120) for the Bayesian analysis, 0.919 (Brier score, 0.139) 
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for the Hayashi's quantification method II, and 0.835 when pooling four radiologists. 

So, the performance of the neural network was lower than that of the other two 

computerized classification methods, but the differences among the Az values obtained 

by the neural network, the Bayesian analysis, and the Hayashi's quantification method II 

were not statistically significant. On the other hand, in the "semi-cross-validation" 

experiment, Az was 0.916 (Brier score, 0.0809) for the neural network, 0.902 (Brier 

score, 0.153) for the Bayesian analysis, 0.893 (Brier score, 0.167) for the Hayashi's 

quantification method II, and the differences among these Az values were not 

statistically significant. 

 Therefore, there was comparable performance of the neural network, the 

Bayesian analysis, Hayashi's quantification method II, and the radiologists, in 

classifying pancreatic carcinoma and inflammatory mass. 
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