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Abstract

Diabetes is a chronic illness that has become a worldwide epidemic. Modern clinical practice
shifting towards a patient-centered approach, using computer-based knowledge in finding and
understanding health and illness concepts is critical. Thus, several artificial intelligence techniques
such as machine learning algorithm, regression tree, and logistic regression are used to build a
prediction or classification model to improve effective understanding of this illness. Therefore, this
study utilizes the Gaussian Radial Basis Function (RBF) to classify diabetic patients using data
obtained from the Federal Medical Center, Yola, Adamawa State, Nigeria. The data consists of 533
patients and their demographic variables and laboratory variables, which include age, mass of a
patient, glucose level, pressure, insulin, and class variable. The SPSS version 21 for windows 10.1
was used to analyse the data. The network has 10 units hidden layer with softmax activation
function and the output layer has 2 units with identity activation function. Also, the sum of squares
is used as the error function. The analysis shows that the suggested Radial Basis Function (RBF)
techniques generally achieve 94.3% correct classifications with 92.2 % correct classification for
diabetes patients and 96.6% correct classifications for non-diabetes patients. Remarkably, the
results indicate the effectiveness of applying RBF as significant method to predict and classify
diabetic and non-diabetic patients to help in understanding variables that may influence diabetic
treatment.

Keywords: Radial Basis Function, Neural networks, classification, diabetes mellitus, medical
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Introduction? and Computer-based information system
The healthcare industry generates and stores (CBIS) utilizing data mining (DM)
a massive amount of data that can be used to approaches (Sohail, 2017). The healthcare
forecast and analyse the overall healthcare field is notorious for its ontological
ratio. It is possible to extract hidden and challenges and a mix of medical data
usable information from datasets known as standards and varied data excellence (Witten,
Knowledge Discovery in Database (KDD) 2011; Bhattacharyya, 2006; Thomas, 2005;
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Karegar, 2008). The modern clinical practice
is undergoing a significance shift not just in
terms of diagnosis and treatment, but also in
terms of understanding health and illness
concepts, moving away from disease-
oriented problem resolution, toward a
patient-centered approach, with computer-
aided knowledge finding techniques playing
a significant role (Chandamona, 2016).
Hypertension, diabetes, and coronary artery
disease are currently the most common
chronic health disorders in Sub-Saharan
Africa (Haibinf, 2004). Infectious diseases
such as HIV, tuberculosis (TB), and malaria
are the leading causes of death in Sub-
Saharan Africa (SSA); however, with
increased international attention to these
issues, treatment options are increasing and
mortality rates are down (Haibinf, 2004);
Joint United Nations program on (HIV/AIDS
and WHO). Although, curing infectious
diseases has resulted in greater life
expectancy and an increase in the prevalence
of noncommunicable diseases (Goodwin,
1997). Diabetes is a chronic illness that has
become a worldwide epidemic. Traditional
tribal groups’ in developing countries are
embracing a modern lifestyle while suffering
chronic health problems associated with
developed countries (Illayaraja, 2013). In
SSA, the direct and indirect disease load
surpasses the healthcare system's financial
and human resources (Prather, 1997).

Hence, several artificial intelligence
solutions such as machine learning
algorithm, regression tree, and logistic

regression are used to build a prediction or
classification model to improve effective
understanding of this illness. Therefore, the
main aim of this research is to predict
diabetes mellitus using the Gaussian RBF
model, with network information, algorithm,
confusion matrix, and ROC for validation.
Thus, the study is presented as follows;
section 2 discussed the literature review,
section 3 covers the research methodology,
section 4 discussed the results, and section 5
covers the discussion of the study and future
work.

Literature Review

A cross-domain knowledge is critical for
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achieving practical results. The rapid
advancement of healthcare automation has
resulted in a massive amount of
heterogeneous,  both  structured and
unstructured data that may be studied and
used for secondary purposes. While, the use
of data mining in healthcare presents new
issues that necessitate the use of specific
methods, tools, and methodologies. To
classify, cluster, and find hidden patterns in
data, a variety of algorithms have been
implemented. However, domain-specific
challenges in healthcare are still being
worked out. As Thomas (2005) and Syed
(2002) discussed it, some particular problems
shall be resolved to successfully apply data
mining methods.  Accordingly, the data
mining applications are sub-optimal or
impossible to achieve without resolving
depersonalization, multi-relational, media
data pre-processing, clinical data
heterogeneity, and quality concerns.
Interestingly, a neural-network (NN) is a
classification algorithm in the field of
artificial intelligence (AI). Artificial Neural
Networks (ANN) is a very powerful tool with
the capability of pattern recognition (Russell
and Norvig, 2003). ANN were designed to
model the functioning of human brain. The
linear classifiers separate objects by the value
of a linear combination of their features. The
feature of an object is represented by a vector.
A weight vector is another vector to be
trained with known observations. Although,
there are several algorithms that are used to
address such problems, such as support
vector machines (SVM), multi-layer
perceptron (MLP), and the radial basis
function (RBF).

For example, Sisodia and Sisodia (2018)
explore how to predict diabetes using three
different classifiers: Naive Bayes (NB),
Support vector machine (SVM), and
Decision tree (DT), which performed on
Pima Indian Diabetes Database (PIDD). The
results indicate that Nave Bayes
outperformed the other three algorithms with
an accuracy of 76.30%. Also, Ambilwade and
Manza, (2016) applied the function of the
Fuzzy Inference System (FIS) and Multilayer
Perceptron (MLP) in forecasting the risk of
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prediabetes and Type-2 diabetes using blood
glucose levels. The experiment is conducted
on 385 patient datasets on Matlab. In
addition, Wang et al. (2019) explore diabetic
mellitus prediction analysis in the context of
imbalanced data with missing values. The
study employed Naive Bayes to normalise
the data by accounting for missing values,
while the prediction is performed using the
Random Forest (RF), by using PIDD
database (Wang et al., 2019).

Moreover, Sarwar et al., 2018) conducted a
comparative research of diabetes mellitus
prediction using several machine learning
algorithms and also analyse numerous
statistical indicators on PIDD dataset.
Accordingly, five classifiers were utilised for
predictive analysis: logistic regression (LR),
k-Nearest Neighbor (KNN), support vector
machine (SVM), random forest (RF), and
decision tree. The SVM and KNN produce
superior outcomes. To determine the model's
effectiveness, the study divide the dataset in
half, using 70% of the data as a training set
and 30% as a test set. Similarly, Perveen et
al., (2018) explore the importance of
metabolic syndrome (MetS) as a risk factor
for diabetes development. A logistic
regression was used to identify the MetS that
are associated with type 2 diabetes. Likewise,
the study utilised Naive Bayes, Decision
Tree, and J48 classifiers to do predictive
analysis which shows that the Nave Bayes
has 79% mean accuracy.

The Radial Basis Function (RBF), proposed
by Broomhead and Lowe in 1988, is arose
from the need to precisely interpolate a series
of data points in a multidimensional space
(Powell, 1987). The RBF falls under the
category of functional link nets (Klaseen and
Pao, 1990), the Green's functions of the
Gram's operator associated with the
stabilizer. Hence, the RBF network
architecture is identical to that of the classical
regularization network (Poggio and Girosi,
1990). An RBF network is created if the
stabilizer has radial symmetry. The
regularization network has three desirable
qualities  from the  standpoint of
approximation theory (Poggio et. al (1990);
Klassen et. al, 1990).
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Initially, RBFs were developed as a
supervised technique for classification and
regression  applications (Amirian and
Schwenker, 2020). Broomhead and Lowe
advocated selecting the cluster centres either
randomly or uniformly from the training
samples and then maximising the output
weights via a pseudo-inverse analytic
solution (Broomhead and Lowe, 1988). RBFs
can be trained in a single phase by randomly
initialising the cluster centres and only
training the output weights. Two-phase RBF
training employs a variety of techniques for
initialising the cluster centres and
maximising the output weights. Since 1988,
research has utilised both supervised and
unsupervised methods to establish the
centres. To establish these cluster centres,
Moody and Darken presented an
unsupervised approach (Moody and Darken,
1989), while Schwenker et al. proposed
supervised vector quantization (Schwenker et
al., 1994). Before training the output weights,
Kubat (1998) and Schwenker and Dietrich
(2000) used decision trees to independently
locate centres. Finally, Schwenker et al.
developed a third step for optimising the
complete RBF network end-to-end via
gradient descent, including output weights,
cluster centre, and activation function
parameters (Schwenker et al., 2001).

Numerous applications and implementations
have prompted the application of several
activation functions for RBFs in the literature
(Amirian and Schwenker, 2020; Stoffel et al.,
2020). The Gaussian function is the kernel
that is favoured when data are modelled using
a  multivariate = Gaussian  distribution
(Broomhead and Lowe, 1988). Apart from
mature basic research, RBFs have been
deployed to a wide wvariety of pattern
classification and regression applications in
recent years (Amirian and Schwenker, 2020).
Nicodemou et al. (2020) used RBF networks
to estimate three-dimensional hand poses
(Nicodemou et al., 2020), Dehghan and
Mohammadi  (2014) used RBFs to
approximate the numerical solution of
Fokker-Planck differential equations, Li et al.
(2019) used sparse multiscale RBF's to detect
seizures in EEG signals, and Zhao et al.
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(2019) predicted interfacial interactions
using RBFs. RBFs are used to train models
for classification and regression in the
quantification of discrete and continuous pain
application (Amirian ef al., 2016).

RBFs have also been applied to computer
vision and image classification problems.
Friedhelm et al. classified hand-written digits
using raw photos as feature vectors
(Schwenker et al., 2001). Er et al. used
principle component analysis (PCA) to
extract features from facial photos and then
processed these features using Fisher's linear
discriminant (FLD) technique before
classifying the patterns using RBFs (Er et al.,
2002). Interestingly, the success of recent
technological solutions has resulted in a
paradigm shift toward automated Al
application and representation learning using
neutral networks. Given a sufficient number
of RBF unit which can estimate any
multivariate continuous function on a
compact domain to arbitrary precision; it
possesses the best approximation property
since the unknown coefficients are linear. To
our knowledge, this is among the very few
studies that RBFs have been integrated into
current prediction model in health domain.
Model and Analysis

Between 1% August, 2016 to 31 October,
2017, a total of five hundred and fifty-three
(553) women were tested for diabetes at
FMC, Yola. Three hundred and six were
diabetic while two hundred and forty-seven
were non-diabetic. The data collected was
from records of patients at FMC, YOLA.
Observation with missing data were dropped
from the analysis. The final dataset consists
of 553 subjects, described by several clinical
characteristics.

The classification task consists of predicting
whether a patient would test positive for
diabetes. The class labels of the data are 1 for
diabetes and O otherwise. There are 6
predictor variables for 553 patients.

The data set have the following numeric
attributes and they are:

1. “glucose”: Plasma glucose concentration 2
hours in an oral glucose tolerance test.

2. “pressure”: Diastolic blood pressure (mm

Hg).
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3. “insulin”: 2-Hour serum insulin (mu

U/ml).
4. “mass”: Body mass index (weight in
kg/(height in meters).

5. “age”: Age in years.

6. Class variable (0 or 1). The Class variable
(6) is treated as 0 (false), 1 (true — tested
positive for diabetes).

Radial Basis Function

The Radial Basis Function (RBF) network is
a three-layer (J1-/2-/3) feedforward neural
network, as shown in Figure 1. Each node in
the hidden layer uses a radial basis function
(RBF), denoted (r), as its nonlinear activation
function. The hidden Ilayer performs a
nonlinear transform of the input, and the
output layer is a linear combiner mapping the
nonlinearity into a new space. Usually, the
same RBF is applied on all nodes; that is, the
RBF nodes have the nonlinearity ®;(x) =
d(X—7¢)i=1,...,J,where ¢, is the
prototype or center of the ith node and ¢ (X)
is an RBF. The biases of the output layer
neurons can be modeled by an additional
neuron in the hidden layer, which has a
constant activation function ®y(r)=1. The
RBF network achieves a global optimal
solution to the adjustable weights in the
minimum mean square error (MSE) sense by
using the linear optimization method.

The RBF network has its origin in performing
exact interpolation of a set of data points in a
multidimensional space (Powell, 1987). It
can be considered one type of functional link
nets (Klaseen and Pao, 1990). It has a
network architecture similar to the classical
regularization network (Klaseen and Pao,
1990), where the basic functions are the
Green’s functions of the Gram’s operator
associated with the stabilizer. If the stabilizer
exhibits radial symmetry, an RBF network is
obtained. = From the viewpoint of
approximation theory, the regularization
network has three desirable properties
(Powell, 1990) It can approximate any
multivariate continuous function on a
compact domain to an arbitrary accuracy,
given a sufficient number of units; it has the
best approximation property since the
unknown coefficients are linear. The solution
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is optimal by minimizing a functional
containing a regularization term.

In pattern classification applications the
Gaussian function is preferred (Brown et. al.,
1993). Mixtures of Gaussians have been
considered in various scientific fields. The
Gaussian activation function for RBF
networks is given by:

¢J(X)=exp\- X'”J)YE;I(X'";)J )

for j =1, ...,L where X is the input feature
vector, L is the number of hidden units, p;
and Z;are the mean and the covariance matrix

of the jth Gaussian function. In certain
approaches a polynomial term is added to the
expression (1) as in (Girosi et. al, 1990) while
in others the Gaussian function is normalized
to the sum of all the Gaussian components as
in the Gaussian-mixtures estimation
(Micchelli, 1986).

Geometrically, a radial basis function
represents a bump in the multidimensional
space, whose dimension is given by the
number of entries. The mean vector
uj represent the location, while ¥; models the
shape of the activation function. Statistically,

an activation function models a probability
density function where p; and I; represent
the first and second order statistics.

The output layer implements a weighted sum
of hidden-unit outputs:

W, (X) = Z A;:c‘?:’; (X)
" @)

for k =1,..,M where A;jcare the output
weights, each corresponding to the
connection between a hidden unit and an
output unit and M represent the number of
output units. The weights A;j; show the
contribution of a hidden unit to the respective
output unit. In a classification problem if
Aijk > 0 the activation field of the hidden
unit j is contained in the activation field of the
output unit k. In pattern classification
applications, the output of the radial basis
function is limited to the interval (0,1) by a
sigmoidal function:

¥, (X) :

" Trexpl- 9, (X))

Fork=1, ..., M.

€)

x]1

Y3

Figure 1: Architecture of the RBF network. The input, hidden, and output layers have J1, J2, and
J3 neurons, respectively. ¢o(X) = 1 corresponds to the bias in the output layer, while ¢y(%) ’s

denotes the nonlinearity at the hidden nodes.
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Training algorithm.
By means of training, the neural network
models the underlying function of a certain
mapping. In order to model such a mapping
we have to find the network weights and
topology. There are two categories of training
algorithms: supervised and unsupervised.
RBF networks are used mainly in supervised
applications. In a supervised application, we
are provided with a set of data samples called
training set for which the corresponding
network.
Outputs are known. In this case the network
parameters are found such that they minimize
a cost function:

T

min § (% 0% )-E.(¢) (% (x)-E,(x )
(4)

where Q is the total number of vectors from
the training set, Y (X;)denotes the RBF
output vector and F,(X;) represents the
output vector associated with a data sample
X; from the training set.

Orthogonal least squares using Gram-
Schmidt algorithm is proposed in (Lowe,
1995). An adaptive training algorithm for
minimizing a given cost function is a gradient
descend algorithm. Backpropagation adapts
iteratively the network weights considering
the derivatives of the cost function (2) with
respect to those weights (Broomhead and
Lowe, 1988). Expectation-maximization
algorithm using a gradient descent algorithm
for modeling the input-output distributions is
employed. Backpropagation algorithm may
require several iterations and can get stuck
into a local minimum of the cost function (2).
Clustering algorithms as k-means, or learning
vector quantization have been employed for
finding the hidden unit parameters in
(Girona, 1990). The centers of the radial basis
functions are initialized randomly. This
algorithm is on-line and its first stage is
unsupervised. For a given data sample Xi, the
algorithm adapts its closest center:

L
X, - ﬁj” = n;liln”}‘f{j “ 1

The Euclidean distance denoted by ||. || can
be replaced with the Mahalanobis distance
(Powell, 1990). In this situation we use the
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covariance matrix in the computation of the
distance. In order to avoid the singularity of
the covariance matrix a sufficient large
number of data samples must be considered
for the covariance matrix calculation used in
the Mahalanobis distance. The center is
updated as follows:

iR, +n(X, -i)
(6)

where 1 is the training rate. For a minimal
output variance, the training rate is equal to
the inverse of the total number of data
samples associated to that hidden unit. In this
case the center corresponds to the classical
first order statistical estimation. Similarly,
second order statistical estimation can be
employed for the covariance matrix. The
output weights are evaluated in a second
stage by means of Least Mean Square
estimation. Outliers and data overlapping
may cause bias in the parameter estimation.
The objective of this work is to evaluate the
implementation and  performance of
Gaussian RBF in order to predict the
presence of diabetes in a collected data from
Federal Medical Center, Yola, Adamawa
State, Nigeria. This paper describes how
these techniques have been applied to the
data and presents an analysis with
classification, modelling, confusion matrix,
network architecture, input, hidden and
output layer of the RBF on SPSS version 21
for windows 10.2. The results are reported
and discussed according to this technique.

Analysis and Discussion

Gaussian RBF was applied. In RBF, the Input
layer has 5 factors with 315 units excluding
the bias unit as seen from Table 1. The hidden
layer has 10 units excluding the bias unit. The
SoftMax was the activation function in the
hidden layer. The output layer has 1
dependent variable which is ‘class’, with 2
units. Identity was the activation function.
Sum of squares was the error function used.

368 cases were used in the training sample.
the network weights that corresponded to the
lowest mean squared error on the validation
set were used for evaluation on the test data.

The training sample had 368 data points that
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is about 67.6 % of the data while the testing data set 5.7% of in accurate prediction with
sample had 176 data points which is 32.4% 0.36 seconds taken to train the network. Also,
of the data. There were a total of 544 data the Testing data had 20.5% percentage of in
point and 9 excluded cases. correct classification with a Sum of Squares
It can be seen from Table 2 that the training error of 24.351.
Table 1: Network Information
Input Layer Factors 1 Glucose
2 Pressure
3 Insulin
4 Age
5 Weight
Number of Units 315
Hidden Layer Number of Units 10
Activation Function Softmax
Output Layer Dependent Variables 1 Class
Number of Units 2
Activation Function Identity
Error Function Sum of Squares
Table 2: Model Summary
Training Sum of Squares Error 25.740
Percent Incorrect Predictions 5.7%
Training Time 0:00:36.94
Testing Sum of Squares Error 24351
Percent Incorrect Predictions 20.5%
Table 3: Descriptive Statistics
N Minimum Maximum Mean Std. Deviation
Glucose 553 4 9 6.52 1.476
Pressure 553 80 120 100.37 11.991
Insulin 553 16 166 92.01 43.860
Age 553 21 50 35.68 8.729
Weight 553 60 110 85.14 14.312
Valid N (listwise) 553
Table 4: Confusion Matrix for classification
Predicted
Sample Observed 0 1 Percentage of Correct
Training 0 170 6 96.6%
1 15 177 92.2%
Overall Percent 50.3% 49.7% 94.3%
Testing 0 51 14 78.5%
1 22 89 80.2%
Overall Percent 41.5% 58.5% 79.5%
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Dependent Variable: class

Figure 2. Receiver Operating Characteristics (ROC) plot

Table 5. Area Under the ROC Curve.

Area
Class 0 0.971
1 0.971

We observe from the ROC curve above that the curve is approaching the top left-hand corner which AUC =
1. From the table 5 above, for both class 0 and 1 the AUC = 0.971 which is strongly close to 1 and that means

the diagnostic performance of the model (RBF) is strong.

For class 0 in the training sample, the
network has 96.6 % correct classification and
92.2% correct classification for class 1. The
testing sample has 78.5%  correct
classification and 802 %  correct
classification for classes 0 and 1 respectively.
Overall, the training data was classified
94.3% correctly while the testing data was
classified 79.5% correctly.

The study was carried out to see the
classification power of the Gaussian RBF
model. 553 records of data were collected on
diabetic patients who were tested. The
studied variables comprise of glucose level of
each patient, diastolic pressure, insulin level,
weight of each patient and their ages. The aim
was to examine which of the two techniques
classifies better. First, at the implementation
stage, we chose to evaluate the method at its
best performance, i.e. after optimization of
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the modeling specifications. This required to
understand the meaning of each learning
parameter and to test its influence on final
results. In the analysis, (70%) of the data was
used to train the network and 30% were used
for testing the trained network. In training,
the percentage of incorrect prediction is 5.7%
while the percentage of incorrect prediction
in testing is 20.5%. Remarkably, Gaussian
RBF predicts Diabetic patients with 94.3% in
this study.

The study proposed a machine learning
model based on Gaussian RBF model which
classified patients into two groups: diabetes
and non-diabetic. Numerous articles in the
literature are devoted to identifying high-risk
factors for diabetes as well as sophisticated
classification of the condition. Zou et al.
(2018) used dataset derived from physical
examination at a hospital in Luzhou, China.
The dataset consisted of 220,680 patients and
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had 14 attributes. 69% of the patients were
diabetic, whereas 31% were not. The study
used three classifiers to classify diabetic
patients, reporting the RF-based classifier
with the highest classification accuracy of
80.84%. In Maniruzzaman et al. (2017)
study, classified diabetic patients using
difference classification method, Gaussian
process classification (GPC) was one of
them. The study demonstrated that using a

Table 5. Comparative analysis of previous works.

GP-based classifier with a radial basis kernel
(RBF) resulted in the highest classification
accuracy of roughly 82%. Additional,
Maniruzzaman et al. (2018) used eleven
classifiers to classify diabetic patients. The
result revealed that the RF-based feature
selection technique with the RF-based
classifier resulted in the best classification
accuracy of 92.26%.

Authors Best Performing Database Records Performance
Classifier
Zou et al. (2018) RF Hospital, Luzhou, 220,680 80.84%
China

Maniruzzaman et Gaussian RBF PIDD 82%

al. (2017)

Maniruzzaman et RF PIDD 92.26%

al. (2017)

Ahuja et al. MLP PIDD 768 78.7%

(2019)

Sisodia and NB 76.30%

Sisodia (2018)

Yu et al. (2010) SVM 1999-2004 US 6214 83.50%
NHANES

Semerdjian  and GB GB 1999-2004 US 5515

Frank (2017) NHANES

Mohapatra et al. MLP 77.50%

(2019)

Pei et al. (2019) DT 94.20%

Maniruzzaman et RF 2009-2012 US 6561 94.25%

al. (2020) NHANES

Proposed Study RBF Hospital, Yola, 553 94.30%

Nigeria

Ahuja ef al. (2019) used PIDD dataser with
768 observations and ten attributes. The
result demonstrated that the MLP had the
maximum classification accuracy of 78.70%.
Moreover, Sisodia and Sisodia (2018)
applied SVM, NB, and DT classifiers and
found that the NB classifier had the best
accuracy of 76.30%. Yu et al (2010)
developed an SVM model to categorise
diabetes patients using data from the 1999—
2004 US NHANES. The results revealed that
the SVMs with RBF kernels performed the
best, with an accuracy of 83.50%. Similarly,
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Semerdjian and Frank (2017) analysed 5515
total samples from the 1999-2004 NHANES
dataset. They determined the most significant
risk factors using RF with the Gradient
boosting (GB) classifier performing the best.
Furthermore, Mohapatra et al. (2019)
employed MLP and discovered that it
provided 77.50% classification accuracy and
Pei et al. (2019) applied DT and reported a
classification accuracy of 94.20 percent.
Recently, Maniruzzaman et al. (2020)
applied RF-based classifiers and achieves the
highest of 94.25% (see Table 1). However, in
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this work, we used the RBF classifier and
achieved the highest classification accuracy
of 94.3%. Interestingly, this study supported
the findings by Maniruzzaman et al. (2017)
who demonstrated that using RBF yield
better performance.

Conclusions

Diabetes is one of the most commonly
problems affecting people recently. It is a set
of metabolic disorders characterised by
elevated blood sugar levels. This study was
tested in a machine learning-based system
utilising an RBF classifier and demonstrated
the highest classification accuracy. Our
results indicated that our model achieved
94.25% classification accuracy. Additionally,
a comparison analysis was performed with
existing studies and our model slightly
outperformed other classifiers. It would be
intriguing to see other types of medical data
classified similarly in the future, thereby
establishing a cost-effective and time-saving
solution for both diabetic patients and
physicians.
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Appendix I

RBF dependent variable [[MLEVEL = {S})] [dependent variable...]

{0}
{N}

[BY factor list] [WITH covariate list]

[/EXCEPT VARIABLES = varlist]

[[/RESCALE [COVARIATE = {STANDARDIZED**}]

{STANDARDIZED**}]]
{NORMALIZED }
{ADJNORMALIZED }
{NONE }

[DEPENDENT =

{(NORMALIZED }

{ADJNORMALIZED }

{NONE !

[/PARTITION {TRAINING = {70** } TESTING = {30** } HOLDOUT = {0** }}]

{number}
{VARIABLE = varname

{number}

{number}

}

[/ARCHITECTURE [{[MINUNITS = {AUTO** } MAXUNITS = {AUTO** }]}]

{integer}
{NUMUNITS = integer

[HIDDENFUNCTION = {NRBF**}]]

{ORBF }

{integer}

}
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[/CRITERIA OVERLAP = {AUTO**}]
{number}

[/MISSING USERMISSING = {EXCLUDE**}]
{INCLUDE }

[/PRINT [CPS**] [NETWORKINFO**] [SUMMARY**] [CLASSIFICATION**]
[SOLUTION] [IMPORTANCE] [NONE]]

[/PLOT [NETWORK**] [PREDICTED] [RESIDUAL] [ROC]
[GAIN] [LIFT] [NONE]]

[/[SAVE [PREDVAL|[(varname [varname...])]]

[PSEUDOPROB[(rootname[: {25 }] [rootname...])]]]

163



