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Abstract 
In the present study we developed and assessed the performance of a simple prediction 

rule and a neural network model to predict beta-cell reserve in young adults with diabetes. 
Eighty three young adults with diabetes were included in the study. All were less than 40 years 
old and without apparent secondary causes of diabetes. The subjects were randomly allocated to 
2 groups; group 1 (n = 59) for developing a prediction rule and training a neural network, group 
2 (n = 24) for validation purpose. The prediction rule was developed by using stepwise logistic 
regression. Using stepwise logistic regression and modification of the derived equation, the 
patient would be insulin deficient if 3(waist circumference in em) + 4(age at diagnosis) < 340 
in the absence of previous diabetic ketoacidosis (DKA) or < 400 in the presence of previous 
DKA. When tested in the validation set, the prediction rule had positive and negative predictive 
values of 86.7 per cent and 77.8 per cent respectively with 83.3 per cent accuracy while the 
ANN model had a positive predictive value of 88.2 per cent and a negative predictive value of 
100 per cent with 91.7 per cent accuracy. When testing the performance of the prediction rule 
and the ANN model compared to the assessment of 23 internists in a subgroup of 9 diabetics 
whose age at onset was less than 30 years and without a history of DKA, the ANN had the 
highest ability to predict beta-cell reserve (accuracy = 88.9), followed by the prediction rule 
(accuracy = 77.8%) and assessments by internists (accuracy = 60.9%). 

We concluded that beta-cell reserve in young adults with diabetes mellitus could be 
predicted by a simple prediction rule or a neural network model. The prediction rule and the 
neural network model can be helpful clinically in patients with mixed clinical features of type 1 
and type 2 diabetes. 
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Diabetes mellitus (DM) is etiologically 
and clinically heterogeneous. The recently revised 
classification and diagnosis of DM is based on 
etiology and pathogenesis rather than solely on 
clinical features(1,2). In clinical practice, however, 
limitations still exist in assessing beta-cell reserve 
in order to choose the most appropriate treatment 
and insulin injection may be introduced unneces­
sarily in some young diabetic adults. Although 
serum C-peptide levels may be used as a noninva­
sive mean in assessing pancreatic beta-cell reserve 
(3.4), the assay may not be readily available. 

Clinical prediction rules based on clinical 
features have been derived to classify patients 
according to the risks of diseases(5). Conventional 
statistical methods such as stepwise logistic regres­
sion, multiple linear regression and discriminant 
analyses are mostly used. These methods, although 
adequate in certain situations, can have reduced 
accuracy in non-linear systems. Moreover, the 
complexity of some equations makes it difficult to 
use in general clinical practice. Recently, artificial 
neural network (ANN) was introduced in clinical 
diagnosis and classification(6). The ANN consists 
of a set of simple units that process information in 
parallel(7,8). In some instances, ANN has been 
demonstrated to be more accurate than statistically 
derived prediction rules. It was the purpose of the 
present study to develop a simple prediction rule 
and a neural network model for predicting beta-cell 
reserve in young adults with diabetes and assess 
their accuracy. 

MATERIAL AND METHOD 
Patient 

Subjects consisted of 83 young Thai adults 
with diabetes aged 14-40 years who were without 
apparent secondary causes of diabetes. The subjects 
were recruited from the diabetic outpatient clinics 
of Ramathibodi Hospital, Mahidol University and 
Theptarin General Hospital, Thailand from 1996 
to 1997. The study protocol was approved by the 
Ethical Clearance Committee on Human Rights 
Related to Research Involving Human Subjects of 
the Faculty of Medicine, Ramathibodi Hospital, 
Mahidol University. Informed consent was obtained 
from each patient before investigation. 

Assays 
Serum C-peptide level was measured by 

radioimmunoassay (lncstar, Stillwater, MN) after 
an overnight fast and at 6 minutes after an intra-

venous injection of 1 mg of glucagon. Serum was 
stored at -20"C for less than 6 months before the 
assay. The cutoff levels for basal and post-gluca­
gon C-peptide were obtained from studying 22 
young adults with DM. Based on clinical criteria, 
10 of the subjects were classified as insulin-defi­
cient and 12 subjects were insulin-sufficient. The 
clinical criteria for insulin deficiency included 
history of DKA, duration of diabetes of more than 
2 years and insulin dependency. Clinical criteria for 
insulin sufficiency included the absence of DKA, 
absence of marked ketonuria during follow-up, 
good glycemic control while on oral agents and 
duration of diabetes of less than 5 years. The cut 
off points with 100 per cent sensitivity and 90 per 
cent specificity for poor beta-cell reserve were 
0.36 nmol/L and 0.52 nmol/L for basal C-peptide 
and stimulated C-peptide, respectively. Subjects 
who had stimulated C-peptide above 0.52 nmol/L 
were classified as insulin-sufficient. The cutoff 
values used in previous studies include stimulated 
C-peptide level of 0.6 nmo1JL(9,10), whereas, basal 
and stimulated C-peptide of 0.20 and 0.32 nmol/L 
were used in another study(4). The difference in 
cutoff values may reflect the distinction of the 
assay systems. 

Method 
Subjects were randomly allocated to 2 

groups. The first group had 59 patients for deve­
loping a prediction rule and training an ANN. The 
second group consisted of 24 patients for valida­
tion. The training set initially was used to develop 
the prediction rule by stepwise logistic regression 
analysis. Transformation was performed on the 
derived equation to make it simpler for general use. 
The simplified rule was then tested in the valida­
tion set. 

ANN was built and trained by using com­
mercial software (Brainmaker, California Scientific 
Software, USA). The network consisted of 4 layers; 
1 input layer with 10 nodes, 2 hidden layers with 
10 nodes each and 1 output layer with 1 node. Each 
node in the input layer corresponded to each 
variable used in the training of the ANN. Clinical 
features entered into the ANN model included, 
gender, age at diagnosis, family history of DM, 
previous DKA, marked ketouria, body weight, 
height, BMI, waist circumference, hip circumfe· 
renee. Supervised training of ANN was done by 
presenting data from each subject in the training 
set to the ANN model until 100 per cent accura~y 
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Table 1. Comparison of clinical characteristics and insulin reserve between the training 
set and the validation set. 

Training set Validation set P-value 

Variables (n=59) (n=24) 

Age (year) 31.4 ± 6.9 28.7 ± 7.1 NS 

Age at diagnosis (year) 26.3 ± 8.3 23.8 ± 8.2 NS 

Sex (male:female) 20:39 12:12 NS 

Duration of DM (year) 5.2 ± 5.2 4.8±5.1 NS 

BMI(kgtm2) 23.1 ±4.1 23.9±6.4 NS 

Waist (em) 77.7± 10.1 82.1 ± 16.7 NS 

W/H ratio 0.83 ±0.07 0.85 ±0.08 NS 
Number of subjects with previous DKA 16 9 NS 
Number of subjects with insulin deficiency 31 15 NS 

Table 2. Comparison of clinical characteristics between insulin deficient group and 
insulin sufficient group in the training set. 

Insulin deficient Insulin sufficient P-value 
Variables (n = 31) (n=28) 

Age (year) 29.2 ± 7.5 33.9 ± 5.4 <0.05 
Age at diagnosis (year) 22.3 ± 7.8 30.8 ± 6.5 <0.05 
Sex (male:female) 10:21 10:18 NS 
BMl (kgtm2) 21.5 ± 3.5 24.8 ± 4.1 <0.05 
Duration of DM (year) 6.9 ± 5.8 3.1 ± 3.7 <0.05 
Waist(cm) 72.5 ± 7.9 83.4± 9.2 <0.05 
W/H ratio 0.80± 0.06 0.87 ± 0.05 <0.05 
Number of subjects with previous DKA 

was achieved before testing in the validation set. 
Both methods were also tested in a subgroup of 9 
young diabetics from the validation set whose age 
at onset was not more than 30 years, no history of 
DKA and the type of diabetes was uncertain based 
on clinical features alone. The results were then 
compared to the clinical assessment by 23 internists 
consisting of 1st and 2nd year internal medicine 
residents who had at least 4 years' experience in 
medical practice using a questionnaire consisting of 
the clinical data of these 9patients such as sex, age, 
body weight, presenting symptoms, history of 
DKA, treatment, family history of diabetes and 
ketonuria. 

Statistical analysis 
Data was expressed as mean ± S.D. Diffe­

rences in variables were determined by Student's 
t-test for continuous variables and chi-square test 

14 2 <0.05 

for categorical variables. P value less than 0.05 was 
considered to be statistically significant. 

RESULTS 
There was no significant difference in 

clinical characteristics and beta-cell reserve between 
the training set and the validation set as shown in 
Table 1. As demonstrated in Table 2, it was found 
that age, age at diagnosis, body mass index (BMI), 
duration of diabetes, waist circumference, waist/hip 
(W/H) ratio and history of diabetic ketoacidosis 
(DKA) were significantly different between the 
insulin-deficient and the insulin-sufficient groups 
in the training set. From stepwise logistic regres­
sion analysis, previous DKA, lower waist circum­
ference and lower age at diagnosis were signifi­
cantly related to insulin deficiency (Table 3). After 
transformation as demonstrated in the Appendix, 
the following equations were obtained. 
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Table 3. Factors related to insulin deficiency iden­
tified by logistic regression. 

Variables Odd Ratio P value 

Previous DKA 23.6 < O.ot 
Waist circumference (em) 1.2 < O.ot 
Age at diagnosis (year) 1.2 <0.01 

Table 4A. Prediction of beta-cell reserve: the simpli­
fied rule. 

Prediction 

Deficient 
Sufficient 

Accuracy= 83.3% 
Positive predictive value= 86.7% 
Negative predictive value= 77.8% 

Beta -cell reserve 
Deficient Sufficient 

13 
2 

2 
7 

Table 4B. Prediction of beta-cell reserve : ANN. 

Prediction 

Deficient 
Sufficient 

Accuracy = 91.7% 
Positive predictive value= 88.2% 
Negative predictive value = 100% 

Beta-cell reserve 
Deficient Sufficient 

15 
0 

2 
7 

The patient would be insulin-deficient if: 
3(waist circumference) + 4(age at diagnosis) < 340 
in the absence of DKA or < 400 in the presence 
of DKA. 

When tested in the validation set, the sim­
plified prediction rule had 83.3 per cent accuracy 
with positive and negative predictive values of 86.7 
per cent and 77.8 per cent, respectively (Table 4A) 
while the ANN model had 91.7 per cent accuracy, 
a positive predictive value of 88.2 per cent and a 
negative predictive value of 100 per cent (Table 
4B). Although the ANN model appeared to have a 
higher positive predictive value, negative predictive 
value and accuracy compared to the simplified rule, 

these did not reach statistical significance. When 
testing the performance of the simplified rule and 
the ANN model compared to the assessments of 
23 internists in a subgroup of 9 young diabetics 
whose age at onset was less than 30 years with­
out a history of DKA, it was found that the ANN 
model had the highest ability to predict beta-cell 
reserve (8 correct predictions out of 9, accuracy = 
88.9% ), followed by the simplified rule (7 correct 
predictions out of 9, accuracy= 77.8%) and assess­
ments by internists (126 correction predictions out 
of 207, accuracy = 60.9%). 

DISCUSSION 
Correct classification of diabetic subjects 

at the time of diagnosis is sometimes difficult espe­
cially in young adults. Several reports have con­
firmed that C-peptide determinations are of value in 
the classification and choice of treatments(3,4). In 
addition, HLA typing or measurement of islet cell 
autoantibodies may help to differentiate the type 
of DM(l1). These tests, however, are not readily 
available and thus are not as helpful as anticipated 
in clinical practice. Clinical parameters such as 
age at onset, body weight, ketosis and family his­
tory of diabetes have been used to discriminate 
between type 1 and type 2 diabetes but uncer­
tainty still exists. In keeping with other previous 
studies(l2,13), our study also found that younger 
age at onset, the presence of history of DKA 
and less waist circumference were predictors of 
insulin deficiency in young adults with diabetes. 
Waist circumference has been shown to be a better 
marker than W/H ratio for assessing abdominal fat 
(14) which is related to insulin resistance known 
to be pathophysiologically important in type 2 
diabetes. One of the problems with the utilization 
of prediction rules in clinical practice is that the 
complexity of some of the prediction rules can 
prevent the rule from being used in the care of 
patients. Modification of the derived equation was 
thus performed in the present study. After simpli­
fication, it was found that the simplified rule had 
high accuracy, positive predictive value and nega­
tive predictive value. With its simplicity, more 
practicality in the assistance to estimate the status 
of beta-cell reserve can be expected. It is also of 
note that clinical assessment by 23 internists had 
low accuracy (60.7%) in the subgroup that had 
mixed features of type 1 and type 2. It follows that 
treatment based on clinical assessments may be 
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inappropriate in about half of the patients with 
similar features. In such cases, the simplified rule 
and the ANN model had more acceptable accu­
racy (77.8%, 88.9%). Therefore, when the status of 
beta-cell reserve is unclear from clinical assess­
ment, the combined use of clinical characteristics 
and either the simplified rule or the ANN model 
will be helpful in distinguishing between type 1 and 
type 2 diabetes. 

ANN has gained more utilization in clini­
cal diagnosis and classification due to its superio­
rity in terms of accuracy in certain situations(15-
18). The reason for the superiority may be due 
to the fact that most biological systems are non­
linear which can be better represented by ANN. 
In clinical practice, however, ANN may not be 
readily available. Moreover, there are certain 
factors which may influence the accuracy of the 
ANN model in classification problems. Apart from 
the training set being representative of the actual 
problem, the intrinsic relationship of the outcome 
of interest and its associated factors is also 
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important. In situations where there are less than 
adequate causal or associative relationships be­
tween risk factors and the outcome of interest, the 
accuracy of the classification derived from the 
prediction models will not be good enough regard­
less of the computational models used. Although 
our present study found that the ANN model 
tended to have higher accuracy, positive predic­
tive value and negative predictive value than the 
simplified rule, this did not reach statistical signifi­
cance. This suggests that the nonlinearity which 
exists in the mapping of clinical variables to 
beta-cell reserve is modest and not much further 
improvement compared to linear methods can be 
obtained. 

We concluded that beta-cell reserve in 
young adults with diabetes can be predicted by a 
simple prediction rule or a neural network model 
with reasonable predictive values. The prediction 
rule and the neural network model can be helpful 
clinically in patients with mixed clinical features 
of type 1 and type 2 diabetes. 

(Received for publication on July 23, 1999) 
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Let A = age at diagnosis 
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H =history of DKA (2 =presence, 1 =absence) 
From logistic regression model: 

Probability of sufficient beta-cell reserve = 
1+e-z 

where z = 0.21 A+ 0.15 W + 3.2 H- 23.1. (I) 
Cutoff probability of sufficient beta-cell reserve = 0.5 if z = 0. 
Therefore the subject is insulin deficient if z < 0. (2) 

From (1) and (2), beta-cell reserve is poor when 
0.21 A+ 0.15 W + 3.2 H- 23.1 < 0 

which is approximately, 4 A+ 3 W + 62 H _ 23.1 < 0 
20 

or 4 A+ 3 W < 400 in the presence of history of DKA, 
4 A+ 3 W < 340 in the absence of history of DKA. 
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