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Abstract 
 
Discriminant analysis and logistic regression; shares a common model which is 
"the general linear model". These two statistical classification approaches tend to 
concentrate on the parameter values and their significance level as a guide to the 
adequacy of the model. Data mining tools have been used for classification and 
prediction of group membership. Data mining techniques such as neural networks, 
genetic algorithm, CART, CHAID, Exhaustive CHAID, and QUEST are data-
driven rather than model-driven. The study applies Exhaustive CHAID and CART 
decision tree methods to Small Industrial Businesses data to discover any latent 
relationship between the financial status of ISB (solvent vs. Insolvent) and some 
running cost obligations, that include cost of marketing, transportation, raw 
material, social security and Insurance, and wages. Using "age of Business" as 
covariate, MANCOVA   and ANOVA reveal no significance differences between 
the two classified groups, and the assumptions for linear discriminant and logistic 
regression were not satisfied. The Exhaustive CHAID and CART decision trees 
were applied for the classification of "Insolvent" ISBs with equal priors to 
discover any unobvious and hidden relationships between the financial status of 
ISBs and the predictors as categorized by the decision tree algorithms.  SPSS 
software   produces different rules to classify each ISB as Solvent or Insolvent, 
they produce also different classifiers. The Gini measure is used as a splitting 
criterion for classifiers. Applying Exhaustive CHAID, the Gini measures select 
the predictors in the following order: Marketing cost, Social security cost, and 
transportation cost. The splits are all significant at α=5%. When applying CART, 
the Gini measures bi-split the predictors in the order of: raw Material cost, 
Marketing cost, Transportation cost, Social security cost, Annual Taxes and 
monthly wages. Misclassification rate is approximately equal for the two methods  
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(35.2% using Exhaustive CHAID and  33.5% for CART). It is recommended to 
use the two growing methods to a large data set.  
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INTRODUCTION 
 
Several classification methods could be used when classifying a nominal or an 
ordinal variable using one or several qualitative or quantitative predictors. Some 
of these methods are parametric methods such as the logistic regression and the  
linear discriminant function; and some are non-parametric in nature, and data 
driven such data mining techniques, namely   tree classification techniques of 
CART, CHAID and Exhaustive CHAID. 
Classification is performed when measurements are made on some case or object, 
and based on these measurements, it is possible to predict which class the case is 
in (Breiman et al., 1984). Dodge (2003) defines classification "rather loosely" 
often synonymous with discriminant analysis or cluster analysis, and defines 
"classification statistic" as a statistic calculated from a sample for the purpose 
assigning the population from which the sample originates. 
Johnson and Wichern (2002) define discriminant, clustering and classification as 
multivariate techniques that are concerned with separating distinct sets of 
observations and with allocating observations to previously defined groups. While 
discriminant analysis is exploratory in nature, it is often employed to investigate 
observed difference when causal relationship is not well understood; classification 
procedures, on the other hand, are less exploratory in the sense that they lead to 
well – defined rules, which can be used for assigning new objects or observations. 
Clustering also differs than classification, while classification pertains to a known 
number of groups, and the objective is to assign new observations to one of these 
groups, clustering is a more primitive technique in that no assumptions are made 
concerning the number of groups or the group structure; grouping is done on the 
basis of similarities or dissimilarities (Johnson and Wichern ,2002).  
Logistic regression also represents an alternative method of classification. 
Logistic regression can be used whenever an individual is to be classified into one 
of  two  or more populations, thus, it is an alternative to the discriminant analysis ( 
Afifi et al. ,2004). The fundamental assumption in logistic regression analysis is 
that the odds is linearly related to the independent variables. No assumptions are 
made regarding the distribution of the predictors, which could be discrete or 
continuous variables. 
Data mining provides some techniques for classification. It is an analytic process 
designed to explore data (usually large amount of data – typically business or 
market related) in search of consistent patterns and/or systematic relationships 
between variables, and then to validate the finding by applying the detected  
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patterns to new subsets of data ( Hill and Lewicki ,2006). The ultimate goal of 
data mining is prediction – and predictive data mining is the most common type of 
data mining and one that has the most direct business applications. Among these 
techniques are the Neural Networks (Everitt ,1998), genetic algorithm (Beasley et 
al. ,1993) , Classification  trees (Breiman et al. ,1984), such as  Classification and 
Regression  tree (CART),  Chi-Square Automatic Interaction detection tree 
(CHAID), Exhaustive Chi-Square Automatic Interaction detection   (Exhaustive 
CHAID), and QUEST.  
In this study, the data mining techniques, CART, CHAID; and exhaustive CHAID 
are used as suggested statistical classification methods. Data used for the analysis 
are data previously used (Elatraby, 2010). Where data are on 230 Small Industrial 
Business (SIB) were classified into two mutually exclusive groups, used as the 
dependent variable. Using clustering techniques (Elatraby, 2010) SIBs were 
grouped into “Solvent" and "Insolvent" businesses. There were 104 " Insolvent" 
(45.2%) and 126 " Solvent" (54.8%) businesses. Variables used for classification 
chosen to represent financial costs for a business to run, they are: Annual taxes, 
Annual social security, Monthly raw material cost, Monthly wages, marketing 
cost, and transportation cost.  
The main objectives of the study include: 
1. Testing whether the solvent and insolvent SIB differ significantly on all 
independent variables. 
2. Discover latent relationships between the status of the business (Solvent 
and insolvent) with predictor variables by constructing a classification tree for 
insolvent against solvent ISB, using CART, and reaching the probability of 
"membership" to either group. 
3. Construct a classification tree for insolvent against solvent ISB, using 
Exhaustive CHAID, and reaching the probability of "membership" to either 
group. 
4. Compare the CART tree to the CHAID tree, and reach conclusions. 
  
In section 1, we briefly present some classification methods, and how they are 
used. In Section 2, we present decision tree classification techniques, and in 
Section 3, we present results of CART and CHAID using Solvency data and in 
Section 4, we give summary and conclusions. 
 
 
 1. Classification Methods  
There are many methods that could be used for classification. In this section we 
present some methods that rely on some assumptions, such as linear discriminant 
analysis and logistic regression analysis. We also present some data mining 
methods that do not rely on any assumptions, we present Artificial intelligence 
(AI) and Genetic algorithms (GA).  Tree classification techniques are presented in 
Section 3. 
1.1 Parametric Classification Methods 
The two basic parametric classification methods used are the linear discriminant 
function and the Logistic regression method. 
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Discriminant analysis 
This method produces a model that allows prediction of group membership when 
only the explanatory variables are known. The grouping variable is a nominal 
variable, while the explanatory variables could be metric or non-metric (Afifi et 
al., 2004; Johnson and Wichern, 2002; McLachlan, 1992). The assumptions 
underlying discriminant analysis are; (1)  explanatory variables  should be 
normally distributed; (2) homogeneity of variance within each group for each  
explanatory variable; (3) the relationship is linear in parameters;   (4) no 
collinearity exists between explanatory variables; and (5)  error terms are assumed 
to be randomly distributed.  The Linear Discriminant Function takes the following 
form: 
                     kkjj xwxwxwaZ ++++= .............11  
Where; Z is the discriminant score, a number used to predict group membership of 
a case; a is the discriminant constant; wj discriminant weight or coefficient, a 
measure of the extent to which   variable xj discriminates among the groups of the 
dependent   variable.  
The number of discriminant functions obtained is the number of groups (g) of the   
dependent variable minus one; i.e. (g-1). The Linear discriminant procedure   
provides the best discrimination between the groups. The function can then be 
applied to new cases that have measurements for the predictor variables but have 
unknown group membership. 
 
Logistic Regression 
Logistic regression represents an alternative method of classification when the 
multivariate normal model is not justified; the only assumptions underlie the 
logistic regression model are: (1) the conditional mean of the regression equation 
must be between zero and one, and (2) the distribution of error follows the 
binomial (not normal) distribution. The relationship between the predictors and 
response variable is not a linear function in logistic regression (Afifi et al., 2004).  
Logistic regression is a form of regression analysis used when the response 
variable is binary (Everitt, 1998; Afifi et al., 2004). The logistic regression model 
takes the following form (Hosmer and Lemeshow, 1989): 
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Where ;   p = Pr (y = 1) and (1-p) = Pr (y=0). The logistic regression function is 
the Logit transformation of P, where;    
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Where β0 is the constant of the equation; and βj is the slope associated with an 
explanatory variable jx   ; it represents the change in log odds for an increase of  
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one unit in jx . The parameters in the model can be estimated by maximum 
likelihood estimation procedure. 
1.2 Data Mining Classification Techniques 
Data Mining is an analytic process designed to explore data in search of consistent 
patterns and/or systematic relationships between variables, and then   validate the 
finding by applying the reached patterns to new subsets of data (Hill and Lewicki, 
2006). The ultimate goal of data mining is prediction. Data mining techniques 
have been used to discover customer relationship, Management, Supply chain 
optimization, demand Forecasting, Business Intelligence and Knowledge 
Management are some examples of some business functions that have been 
impacted by data mining techniquesi 
Data mining process starts with data initial exploration, then model building and 
then the application of the model to new data in order to generate predictions. The 
mostly used data mining techniques are: Neural Networks (NN), and Genetic 
Algorithm (GA).  
Neural Networks 
Neural Networks stem from Artificial Intelligence networks. NN is a 
mathematical structure modeled on the human neural network and designed to 
attach many statistical problems, particularly in the areas of pattern recognition, 
multivariate analysis, learning and memory (Everitt, 1998). While the statistical 
approach to classifiers tends to concentrate on the parameter values and their 
significance level as a guide to the adequacy of the model, the machine learning 
approach, which applies to neural networks, is less concerned with predictor 
values and more concerned with classifier’s accuracy (Fielding, 2007). NN have 
been used for classification and assigning group membership to a new object or 
observation. NN a neural network model  was used for the analysis of stock 
market, and its application to a buying and selling timing prediction system for 
stock indexii  , in  Marketing ; in  modeling customer satisfaction,  in target 
marketing,  in  detection of medical fraud,  and in bankruptcy prediction. Zhang 
(2005) gave a review in Data Mining applications of neural networks in 
classification, prediction, clustering and association/pattern recognition; Wong et 
al. (1997) gave neural network applications in business: a review and analysis of 
the literature (1988-1995).  
A neural networkiii searches for the optimal solution by performing an error 
minimizing procedure. Linear discriminant function limits classification to two 
distinct classes. Every pattern has its class information dummy coded  as 0 or 1 ( 
for example). Data are partitioned as"training" set and as"Learning" set. The 
objective is to find a line which best partitions the training set into two distinct 
classes, and then apply the rule obtained to the learning set.  Given a feature 
vector the network output is calculated:                                                       
 

( )∑ += bxafO ii  
where ai are called synaptic strengths, b is called the threshold and f(x) is called 
the activation function. If identity function is used for activation the neural  
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network is just a linear function. A linear discriminant function in a k dimensional 
space(k predictors) can be parameterized as:  
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The error function is a sum of squared difference between the pattern's class and 
the network output summed over the whole training set:  
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Where e is a small number called the learning rate. Weights can be adjusted either 
after every pattern is presented to the network (online learning) or the increment 
can be accumulated until the whole training set has passed through the network 
(batch learning). In the network training stage the training set is repeatedly 
'passed' through a network (each passing is called the epoch) until the parameters 
converge and the error function doesn't decrease any more.  
Genetic Algorithm (GA) 
GA was introduced in 1975 by Holland, it mimics the genetic processes of 
biological organisms and the principles of natural selection and “survival of the 
fittest”, first stated by Charles Darwin in the origin of species. It is an adaptive 
method that could be used to solve search and optimization problems (Beasley et 
al., 1993).  GAs are able to “evolve” solutions to real world problems, if they have 
been suitably encoded.  
Genetic Algorithms (GAs)  have  been used recently in classification  and in the 
classification  of the hidden temporal patterns in time series data (Shalaby ,2009); 
in 2001 Povinelli and Duan used  GA to  estimate  and classify   stock price 
predictability; used  by El – Telbany  in 2004 to predict the Egyptian stock market 
return; and  used   in  2003 by  Povinelli and Digges  to predict   weekly financial 
time series (Shalaby ,2009).  GA was used also in scheduling complex products in 
the capital goods industry and in financial prediction and in customer credit risk 
prediction of installment purchase financing.  
The basic purpose of genetic algorithms (GAs) is optimization of an objective 
function, called fitness function:  f(x) over a given space X of arbitrary dimension. 
The algorithm examines every possible observation   in X   to search the input 
space for optimal x that approximates f(x). It uses a heuristic way of searching the 
input space for optimal x that approximates the objective function without 
enumerating all the elements and therefore bypasses performance issues specific 
to exhaustive search.    
A classification problem deals with associating a given input pattern with one of 
the distinct classes. Patterns are specified by a number of features (that are being 
classified) so it is natural to think of them as k-dimensional vectors, where k is the 
number of different features (predictors). Patterns are points in this k-dimensional 
space and classes are sub-spaces. Classification problem is reduced to determine 
which of the regions a given pattern falls into. If classes do not overlap they are 
said to be separable and, in principle, one can design a decision rule which will 
successfully classify any input pattern. A decision rule determines a decision 
boundary which partitions the feature space into regions associated with each  
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class. It represents our best solution to the classification problem.  
The goal is to design a decision rule which is easy to compute and yields the 
smallest possible probability of misclassification of input patterns from the feature 
space. Formally, the optimal decision rule can be found using Bayesian decision 
theory, which incorporates methods from probability and statistics. 
Different classifiers can be implemented by constructing an appropriate 
discriminant function gi(x), where i is the class index. Classifiers can also rely on 
discriminant functions designed based on various other methods. Some of the 
most often used ones are: minimal distance; nearest neighbor rule; and Neural 
Networks (NN).  

2. Tree Classification Techniques:  Decision Trees 
Discriminant analysis and logistic regression; shares a common origin "the 
general linear model". On the other hand Decision trees methods are data-driven 
rather than model-driven. The concept proceeds as follows; class labels are 
assigned to cases by following a path through a series of simple rules or questions, 
the answers to which determine the next direction through the pathway.  
Decision trees are techniques for determining subsets of explanatory variables 
most important for the prediction of a response variable. A tree structure is 
generated by dividing the sample recursively into number of groups, each division 
being chosen so as to maximize the difference in the response variable in the 
resulting two groups (Everitt, 1998). This technique does not require distributional 
assumptions and is also more resistant to the effect of the outliers (Everitt, 1998). 
At each stage the sample is split on the basis of a variable, xi, according to the 
answers to a question such as: ‘Is cxi ≤ ’ (univariate split), is ‘∑ ≤ cxa ii ’ (linear 
function split), or ‘does Axi ∈ ’ (if xi is a categorical variable). 
Decision tree algorithm selects the ‘best’ cutoff point for X to predict Y. How to 
select the boundaries between several categories is one main issue (Afifi et al., 
2004), natural cut–off points or quantiles can be used to define categories. "Best” 
is defined according to a criterion specified by the user, for example, minimizing 
the error of prediction. In typical situations, when a number of explanatory 
variables are used, the algorithm continues producing a ‘tree’ with ‘branches’ 
defined by cut–off points of the predictor variables. The tree is then refined, 
"Pruned" until a final tree is found that partitions the space of the variables into a 
number of cells. For each cell, a predicted Y value is computed according to   
certain rules. 
In classification–type problems one attempts to predict values of a categorical 
dependent variable (class, group, membership, etc.) from one or more continuous 
and/or categorical predicting variables. Classification trees include those models 
in which the dependent variable (the predicted variable) is categorical.  
In most general terms, the purpose of the analysis   is to determine a set of 
IF….THEN…….ELSE logical (split) conditions that permit accurate predication 
or classification of cases (Hill and Lewicki, 2006). 
Tree construction is achieved by recursively partitioning sets beginning with the 
whole dataset. Each partitioning of a set is based on a corresponding value 
partitioning of some risk factors. In each of the recursive iterations, the aim is to  
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find the risk factor, along with its value– partitioning, that can result in subsets 
which are maximally homogeneous (pure) in their class value. The first node 
where division starts is called family node, the nodes which continue division are 
called node and the nodes where division finishes or homogeneity occurs are 
called terminal node (Abu–Hanna and De Keizer, 2003;  Lewis, 2000).  
There are three tree types: CART, CHAID and Exhaustive CHAID, and Quest. 
The algorithms of the three types follow the following steps start tree building by 
assigning the node to classes, stopping tree building. Reach the optimal tree 
selection, and perform cross validation (Lewis, 2000). CART performs tree 
“Pruning" before producing the optimal tree selection, while CHAID methods 
performs statistical tests at each step of splitting.  
Decision trees are  characterized  by the following (Elfar ,2009;  Phelps and 
Merkle ,2008): Robustness to the effect of outlier; could be used on continuous 
and categorical data; very easy to explain to non-statisticians; capability to handle 
missing values; can handle numerical data that are highly skewed or multi-modal, 
as well as categorical predictors with either ordinal or non-ordinal structure, and 
save researchers time because they will not have to check the normality of their 
distribution. 
However, trees have some drawbacks; it requires lots of data because the tree-
space is huge; it might not be able to find the “best” model at all; simple trees 
usually do not have a lot of predictive power and It can be hard to assess 
uncertainty in inference about trees. 
 
2.1 Classification and Regression Tree (CART) 
In CART the process of generating a tree has two main stages. The first stage is 
called growing, and the second stage is called pruning. In growing a tree       
(Elfar ,2009 ; Taylor and Silverman ,1993 ;   Phelps and Merkle ,2008), a tree  has 
a  parent nodes, which contain all observations, child nodes, which resulting from 
splitting of the parent node and terminal nodes. CART uses binary splitting, 
Parent node is split into two child node; each child node becomes a parent node 
itself and the then split to additional child nodes, this process continues to the 
most heterogeneous subsets of the data and give the predictions for the 
observations (Phelps and Merkle ,2008). 
The choice which split is used is made by maximizing a function called a splitting 
criterion. The concept of pruning (trimming the branched of a tree) begins with 
the terminal nodes and predictive accuracy of the tree. Nodes that do not improve 
the predictive accuracy, i.e., reduce misclassification error are removed. 
The Pruning process is the merging of some of the subsets in the partition; to 
prevent over-fitting of the classification tree; by removing questions from the 
extremities of the tree (Taylor and Silverman, 1993). Pruning begins with the 
terminal nodes and proceeds up the tree, by using standard error rules; one of 
them whose is a procedure used where “the smallest tree whose cost is within a 
standard error of the tree with minimum cost is selected” and nodes that do not 
improve the predictive accuracy of that tree are removed (Phelps and Merkle 
,2008).  Elfar (2009) gave the following CART algorithm; 
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1. Starting from the parent root node, search for the best split among the set 
of all possible candidates that give the largest decrease in an Impurity Measures, 
as Gini index or twoing index. 
2. Repeat the split – searching process in each of the child node, and so on. 
3. Continue the tree – growing process until at least one of the stopping rules 
is met. 
Lewis (2000) gave the following criteria for assigning classes to nodes; 
      Let:       
            )/( ijc  : cost of classifying i as j. 
            )(iπ     :  Prior probability of i. 
             Ni        :    number of observations in category i in dataset. 
            Ni(t)      :  number of observations in category  i   in node. 
 
Node is class i, if:  
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2.2 CHAID and Exhaustive CHAID 
Morgan and Sonquist (1963) proposed AID (Automatic Interaction Detection) as 
a simple method for fitting trees to predict a quantitative variable. The algorithm 
performs stepwise splitting. It begins with a single cluster of cases and searches a 
candidate “set” of predictor variables for a way to split this cluster into two 
clusters. 
Kass (1980) proposed CHAID (Chi–squared Automatic Interaction Detector) as a 
modification to AID, for categorized dependent and independent variables. The 
chi-square automatic interaction detection, CHAID algorithm (Kass, 1980) is 
restricted to categorical predictors (continuous predictors can be used when 
converted into a categories). Split are based on the magnitude of a chi-square 
statistic from a cross tabulation of class against predictor categories (Pham, 2006; 
Fielding, 2007).  
The CHAID algorithm reduces the number of predictor categories by merging 
categories when there is no significant difference between them with respect to 
the class. When no more classes can be merged the predictor can be considered as 
a candidate for a split at the node. The original CHAID algorithm is not 
guaranteed to find the best (most significant) split of all of those examined 
because it uses the last split tested. The exhaustive CHAID algorithm attempts to 
overcome this problem by continuing to merge categories, irrespective of 
significance level, until only two categories remain for each predictor. It then used 
the split with the largest significance value rather than the last one tried. The 
exhaustive CHAID requires more computer time (Hill and Lewicki, 2006) 
The CHAID algorithm treats missing values as another predictor class, for 
example gender could have three classes: male, female and unknown. It is  
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possible that a split at a node could be based on a missing value. (Pham, 2006, 
p.564). 
The algorithm for CHAID and Exhaustive CHAID may be summarized as follows 
(Hill and Lewicki ,2006; Elfar ,2009; Answer Tree TM User Guide ,1998):  
1. For each predictor variable X, we find the pair of categories of X that is 
least significantly different (that is, has the largest p value) with respect to the 
target variable Y. 
2. Merge into a compound category the pair that gives the largest p value. 
3. Calculate the p value based on the new set of categories of X. 
4. Repeat steps 1, 2 and 3 until only two categories remain. 
5. Compute the adjusted p value for the set of categories of X and the 
categories of Y. 
6. Select the predictor variable X that has the smallest adjusted p value (the 
one that is most significant). Compare its p value to a pre-specified alpha level, α 
split. 
If the p value is less than or equal to α split, split the node based on the set of 
categories of X. 
If the p value is greater than α spilt, do not split the node. The node is a terminal 
node. 
7. Continue the tree-growing process until the stopping rules are met, 
stopping rules may be conditions as, the node become pure if all cases in the node 
have the same value of the target variable, or all cases in a node have identical 
values for all predictor. 
 
2.3 Quest 
QUEST (Quick, Unbiased, Efficient, Statistical Tree) algorithm is one of the best 
classification in comparison with others (Fielding ,2007;   Lim et al., 2000). 
Details of the algorithm are given in Loh and Shih (1997). It is a vey fast 
algorithm (QUEST completed one analysis in 1 cpu second compared with 30.5 
hours for alternative algorithm (Fielding, 2007; Loh and Shih, 1997). It uses a 
variety of significance tests such as F-and chi-squared test to select the predictor 
and then employing cluster and quadratic discriminant analysis on the selected 
variable to find a split point. 
 
Splitting Criterion: The Gini Measure 
The Gini measure iv is used as follows: 

1. If a data set T contains examples from n classes, gini(T) is defined as: 
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Where pj is the relative frequency of class j in T. 
2. If a data set T is split into two subsets T1 and T2 with sizes N1 and N2 

respectively, the gini index of the split data contains examples from n classes, the 
gini index is: 
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    The smallest   ginisplit (T) is chosen to split the node.  
Classification accuracy measures 
The percentage of accurate classification is computed to assess the overall 
classification accuracy. It is the total of accurately classified cases (positive and 
negative accuracy) over the total number of cases. Also a sensitivity and a 
specificity measures may be calculated; where sensitivity measure is the  number 
of  accurate positively classified  cases to the number of positive observed cases, 
and the specificity measure is the  number of  accurate negatively classified  cases 
to the number of negative observed casesv . The higher the sensitivity and 
specificity, the greater the accuracy of the test. 
Risk Estimate Measures 
Hill and Lewicki (2006). Gave the following measures for risk estimate: 
a. Re-substitution estimate. Re-substitution estimate is the proportion of 
cases that are misclassified by the classifier constructed from the entire sample. 
Risk estimation using re-substitution is the easiest method, but it usually 
underestimates the true risk.  
b. Test sample estimate. The total number of cases is divided into two 
subsamples Z1, and Z2. The test sample estimate is the proportion of cases in the 
subsample Z2 which are misclassified by the classifier constructed from the 
subsample Z1. Good when the data set is large enough for partitioning. 
c. V-fold crossvalidation measure. The total number of cases are divided 
into ν  sub samples Z1, Z2…,Zν  of almost equal sizes. v-fold cross validation 
estimate is the proportion of cases in the subsample Z  that are misclassified by 
the classifier constructed from the subsample Z- Zν . It is useful when the data set 
is too small for partitioning. 
 

3. Analysis and Results 
In this study, the data mining techniques, CART, and exhaustive CHAID are used. 
Data used for the analysis are Small Industrial Businesses data (n=230), 
previously used (Elatraby, 2010). Using clustering techniques (Elatraby, 2010) 
SIBs were grouped into “Solvent" and "Insolvent" businesses. There were 104 " 
Insolvent" (45.2%) and 126 " Solvent" (54.8%) businesses. Predictors used for 
classification chosen to represent financial costs for a business to run they are: 
Annual taxes, Annual social security and insurance, Monthly raw material cost, 
Monthly wages, marketing cost, and transportation cost. The analysis controls for 
“Type of Industry" (where there are five types of industry: Food, textiles, 
chemicals, wood, and Metal and Steel).   Descriptive measures of predictors 
reveal that high dispersion exists, ranges and standard deviations are very high 
relative to the means. 
We started the analysis by running a MANCOVA analysis to test if there is a 
significant difference between the "Solvent" and "Insolvent" groups on all 
predictors, using “Age of the Business" as a covariate. The analysis proved non-
significant at α = 0.05 (Pillais trace = 0.033, Wilk’s lambda = 0.967; Hotelling’s 
Trace = 0.034 and Roy’s largest root = 0.034). Univariate analyses for all 
predictors   reveal non-significance between the solvent and insolvent groups on 
each predictor. Thus parametric classification methods such logistic regression  
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and linear discriminate function can not be used for the analysis. But, although 
some variables may have little significance to the overall prediction outcome, they 
can be essential to a specific observation, thus   decision tree classification is 
suggested. 
 SPSS Version 17 was used to implement the classification algorithms. The child 
nodes were defined to include a number of cases not greater than the third of the 
parent node. In this section, we test different classification tree induction 
algorithms in order to identify the best-performing tree structure to predict 
solvency status of SIB’s. Exhaustive CHAID and CART algorithms were applied 
to the dataset by defining equal misclassification costs and high misclassification 
costs. 
3.1 Results of Exhaustive CHAID Algorithm 
Exhaustive CHAID algorithm is used to split (SIBs) into groups based on values 
of all independent variables, some missing values exist for some predictors. The 
tree diagram (Figure 1)  shows tree construction based on the entire sample of 230 

cases, a cross validation with 10 folds 0.05 adjustment of the probabilities, a 
minimum parent node size of 30, a minimum child nodes size of 10 and equal 
misclassification costs. The Gini index was selected as a splitting criterion. There 
are totally 8 nodes that consist of 6 terminal nodes; the first node placed in the tree 
is root node. The first discriminator (marketing cost) splits the root node into three 
child nodes (missing or ≤ 1500, n=58); (1500 to less than 4000, n= 109), and 
(more than 4000, n=63) pounds spent monthly). The chi-square value for this 
classification is 13.049 with df = 2,   which is significant at α = 5%. The second 
classifier is " Annual social security" for  marketing cost less than 1500 pounds 
monthly, a chi square value of 13.048 with df = 2,  and  " Transportation cost" for  
ISBs who spend between 1500 to 4000 monthly on " Marketing", a chi-square 
value of 6.244 with one degree of freedom. 

 
Figure 1: Exhaustive CHAID Classification Tree 
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The Exhaustive tree is summarized in Table 1. 
 

Table 1: Tree Table, Exhaustive CHAID Growing Method 

Node

Insolvent Solvent Total 
Predicted 
Category

Parent 
Node

Primary Independent Variable 

N Percent N Percent N Percent Variable Sig.a Chi-
S

df Split 
V l

0 102 44.3% 128 55.7% 230 100.0% Solvent       

1 34 58.6% 24 41.4% 58 25.2% Insolvent 0 Marketing .081 13.049 2 <= 1500, 
2 35 32.1% 74 67.9% 109 47.4% Solvent 0 Marketing .081 13.049 2 (1500, 
3 33 52.4% 30 47.6% 63 27.4% Insolvent 0 Marketing .081 13.049 2 > 4000 
4 14 87.5% 2 12.5% 16 7.0% Insolvent 1 Annual Soc. .053 13.048 2 <= 500, 
5 4 25.0% 12 75.0% 16 7.0% Solvent 1 Annual Soc. .053 13.048 2 (500, 900]
6 16 61.5% 10 38.5% 26 11.3% Insolvent 1 Annual Soc. .053 13.048 2 > 900 
7 30 39.5% 46 60.5% 76 33.0% Solvent 2 Transportation .449 6.244 1 <= 2500 
8 5 15.2% 28 84.8% 33 14.3% Solvent 2 Transportation .449 6.244 1 > 2500 

a. Bonferroni adjusted
The classification tree rules can be easily    explained and used with newly cases. 
They can be written in a set of:  IF…..THEN   rules. There are 6 terminal nodes 
with classification rules as given in Table 2. 

Table 2: Classification Rules for Terminal Nodes 

Node Rule 
(IF) Probability 

Predicted 
Classification 

group 
( THEN) 

3 Marketing > 4000 0.5240 Insolvent 
4 Marketing "missing" or ≤ 1500 

And annual soc. Sec missing or <= 500 
0.8750 Insolvent 

5 Marketing "missing" or ≤ 1500 
And annual soc. Sec. from 500-900 

0.25 Solvent 

6 Marketing "missing" or ≤ 1500 
And annual soc. Sec > 900 

0.615 Insolvent 

7 Marketing 1500 – 4000 
and Transportation cost ≤ 2500 

0.395 Solvent 

8 Marketing 1500-4000 
and Transportation cost >2500 

0.152 Solvent 

From Table 1, it is clear that not all predictor's categories contribute in the 
classification process. The predictors: monthly wages, raw material cost, and 
annual taxes do not contribute to the classification tree used.  
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The Gain chart shows that cumulative 
gain in classification of insolvent ISBs 
using Exhaustive CHAID is increasing 
and the increase levels off beyond the 
80% of percentile of Insolvent ISBs.  
The classification accuracy and the 
classification risk are given in Table 3 
below. The misclassification rate (risk 
resubstitution estimate) is 35.2% with 
standard error 0.031, and the cross 
validation risk estimate is 47.8% with 
standard error 0.033. The classification 

accuracy is the percent predicted correct (solvent and insolvents) over the total 
sample size used. It is found that the prediction accuracy is 64.8%, with sensitivity 
= 61.8% and specificity 67.2% (Table 3). 

Table 3: Prediction Accuracy for Exhaustive 
CHAID

Observed 
Predicted 

Insolvent Solvent Percent Correct 
Insolvent 63 39 61.8% 
Solvent 42 86 67.2% 
Overall 

Percentage 45.7% 54.3% 64.8% 

 
3.2 CART Algorithm  
 Using same conditions used with Exhaustive CHAID,   10- fold cross validation, 
pruning of within 1 standard deviation, depth of a tree equals 6 and equal priors. 
The CART classification tree obtained (Figure 2) shows a tree with 13 nodes; 
seven of them are terminal nodes. 
All predictors appear in the tree. Parent node has 102 Insolvent ISBs (44.3%) and 
128 Solvent ISBs (55.7%). Prior probabilities used are the observed probability 
(0.443 and 0.557) for Insolvent to solvents respectively. The first variable selected 
for splitting is “Monthly Raw Material Cost",” (improvement measure = 0.019) 
.Terminal node 1, contains 13 ISBs, with “Raw Material cost" less than or equal 
7500 pounds monthly with response percent to 0.846.   Thus; there is a chance 
84.6% that an ISB which spends less than 7500 pounds monthly on raw material 
is insolvent, gains index 190.8%.  All other ISBs (n=217) and all other terminal 
nodes are with "Raw Material cost "more than 7500 pounds monthly.  The next 
discriminator is “Marketing Cost” (Gini= 0.013), which is split into ≤ 4750 and > 
4750. When > 4750 (Terminal node 4) yields the largest (Insolvent SIB’s) best 
group (n= 62,  27% of all cases); 53.2% of them are classified as "Insolvents", 
(gain index 120%). When “monthly Marketing cost" is ≤ 4750 pounds, then the 
next discriminator is” Transportation cost" (improvement = 0.021), which is split 
into ≤ 2760 (node 5) and > 2760 (terminal node 6). The next discriminator is  
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“annual social security” is split into ≤ 624 (terminal node 7) and > 624 
(improvement =0.012). "annual taxes is the next discriminator ,≤1100 ( terminal 
node  9) and > 1100, The  last discriminator is " Monthly Wages" which produces 
two terminal nodes (improvement = 0.008 ), terminal 11 for those ISBs who pays 
≤ 3660 pounds monthly and node 12 for ISBs  pay > 3550 pounds monthly. 
Percentages in each category and in each joint category are shown in Figure 2, 
and in Table 4. 

 
 
 

Figure 2: CART Classification Tree 
The improvement measure in Table 4, measure the increase of the effect of child 
node on the dependent variable, it is determined by the largest difference in the 
proportions of the dependent variable in the child nodes (Lemon 2003). Thus, an 
improvement of 0.019 means that "   Monthly Raw Material" contribute  1.9% in  
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the discrimination between " Insolvent" and " Solvent" ISBs; "Marketing cost" 
make an additional 1.3% improvement, and so on. 
 
 
 

Table 4: Classification of Insolvent ISBs Using CART Growing Method 

Node

Insolvent Solvent Total 
Predicted 
Category 

Parent 
Node

Primary Independent Variable 

N Percent N Percent N Percent Variable Improv-
ement

Split 
Values

0 102 44.3% 128 55.7% 230 100.0% Solvent     

1 11 84.6% 2 15.4% 13 5.7% Insolvent 0 Monthly Raw 
M t i l t

.019 <= 7500 

2 91 41.9% 126 58.1% 217 94.3% Solvent 0 Monthly Raw 
M t i l t

.019 > 7500 

3 58 37.4% 97 62.6% 155 67.4% Solvent 2 Marketing Cost .013 <= 4750 

4 33 53.2% 29 46.8% 62 27.0% Insolvent 2 Marketing Cost .013 > 4750 

5 52 44.4% 65 55.6% 117 50.9% Solvent 3 Transport. Cost .021 <= 2750 

6 6 15.8% 32 84.2% 38 16.5% Solvent 3 Transport. Cost .021 > 2750 

7 16 69.6% 7 30.4% 23 10.0% Insolvent 5 Annual Soc. 
S it

.012 <= 624 

8 36 38.3% 58 61.7% 94 40.9% Solvent 5 Annual Soc. 
S it

.012 > 624 

9 3 16.7% 15 83.3% 18 7.8% Solvent 8 Annual taxes .010 <= 1100 

10 33 43.4% 43 56.6% 76 33.0% Solvent 8 Annual taxes .010 > 1100 

11 22 53.7% 19 46.3% 41 17.8% Insolvent 10 Monthly Wages .008 <= 3550 

12 11 31.4% 24 68.6% 35 15.2% Solvent 10 Monthly Wages .008 > 3550 

 
 
 
 
The gain and cumulative gain obtained from each node is exhibited in Table 5. It 
provides descriptive statistics for the terminal nodes of a tree. It is evident that the 
highest gain is at node 4 (gain is 32.4%, cumulative gain is 80.4%), the lowest 
gain is at node 9 (2.9%).  The total cumulative =120, the number of   observed 
Insolvent ISBs (Table 5). The Response in Table 5, is the percent of number of 
observations gained to the number of observations in a node; the index value 
shows the ratio of the response for each terminal node to the response for the 
entire sample (102/230=0.443).  
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Table 5:   Gains for Nodes, CART Growing Method 

Nod
e 

Node-by-Node Cumulative 
Node Gain 

Respons
e Index 

Node Gain 
Respons

e Index N
Percen

t N
Percen

t N 
Percen

t N 
Percen

t 
1 1

3 5.7% 1
1 10.8% 84.6% 190.8

% 13 5.7% 11 10.8% 84.6% 190.8
% 

7 2
3 10.0% 1

6 15.7% 69.6% 156.9
% 36 15.7% 27 26.5% 75.0% 169.1

% 
11 4

1 17.8% 2
2 21.6% 53.7% 121.0

% 77 33.5% 49 48.0% 63.6% 143.5
% 

4 6
2 27.0% 3

3 32.4% 53.2% 120.0
% 

13
9 60.4% 82 80.4% 59.0% 133.0

% 
12 3

5 15.2% 1
1 10.8% 31.4% 70.9% 17

4 75.7% 93 91.2% 53.4% 120.5
% 

9 1
8 7.8% 3 2.9% 16.7% 37.6% 19

2 83.5% 96 94.1% 50.0% 112.7
% 

6 3
8 16.5% 6 5.9% 15.8% 35.6% 23

0 
100.0

% 
10
2 

100.0
% 44.3% 100.0

% 
 
The normalized importance of predictors in classification is given in Figure 3. 
Although using Gini measure, “Annual Taxes" was not used as a classifier up to 
node 9, with an improvement 1% (Table 4). Figure 3 shows that it is equally as 
important as marketing cost in the classification process.  
 
  
 
 
 
 
 
Figure 3: 

Normalized Importance of Predictors 
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The classification table for CART growing method (Table 6) shows that the over-
all correct classification is 66.5%, the sensitivity is 80.4% and specificity is 
55.5%. the error rate is 33.5% . 
 
 

 Accuracy for CART Growing Method            : Table 6: Prediction  

Observed 
Predicted 

Insolvent Solvent Percent Correct 
Insolvent 82 20 80.4% 
Solvent 57 71 55.5% 

Overall Percentage 60.4% 39.6% 66.5% 
 
 

4. CONCLUSIONS 
 

  The Exhaustive CHAID and the CART growing tree methods are applied to 
solvency data of 230 Small Industrial Businesses (ISBs) in Egypt.  The dependent 
variable is a binary variable {1= Insolvent, 2= Solvent}. The predictors are 
continuous variables represent financial obligations that keep the business 
running, this include cost of raw material, marketing, transportation, social 
insurance and security, wages, and taxes. The two growing methods used produce 
different rules to classify each ISB as solvent or insolvent, they produce also 
different classifiers. However, misclassification rate is approximately equal for 
the two methods (35.2% using Exhaustive CHAID and 33.5% for CART). The 
following are the differences between the two growing methods: 
1. The Gini measure is used as a splitting criterion for classifiers. However, 
applying Exhaustive CHAID, the Gini measures select the predictors in the 
following order: Marketing cost, Social security cost, and transportation cost. The 
splits are all significant at α = 5%. When applying CART, the Gini measures bi-
split the predictors in the order of: raw Material cost, Marketing cost, 
Transportation cost, Social security cost, Annual Taxes and monthly wages. 
2. The importance of predictors is produced by CART and not by Exhaustive 
CHAID. Although the predictor "Annual Taxes” was not a classifier until the six 
level (node 9), its importance is ordered the same as “Marketing cost", the second 
important predictor after “Raw Material cost". 
3. The Exhaustive CHAID allows for goodness of fit testing for a predictor's 
classified groups. However, the p-value produced is a Bonferroni adjusted. The 
researchers compared the chi-square values to the tabled chi-square values with 
the specified degrees of freedom.   
4. The Gain table is produced by CART and not by CHAID. 
5.  Gain charts are produced by both CART and Exhaustive CHAID., and the 
Gain charts are almost identical for both growing methods. 
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The researchers justify these differences by the relatively small number of 
observations. It is recommended to use the two growing methods to a large data 
set. The interpretation of output should follow the same methodology introduced. 
 
 
References 
 

1. A. Abu-Hanna, N. De Keizer, Integrating Classification Trees with Local 
Logistic Regression in Intensive Car Prognosis, Artificial Intelligence in 
Medicine, 29(1-2) (2003), 5-23.  

2. A. Afifi, V. A. Clark, and S. May, Computer -Aided Multivariate 
Analysis, Fourth Edition, Chapman and Hall/CRC, New York, 2004. 

3. A. H. Fielding, Cluster and Classification Techniques for the Biosciences, 
Cambridge University Press, UK, 2007. 

4. A. I. A. Elatraby, Factors Affecting the Survival and Solvency of Small 
Industrial Businesses in Egypt, Advances and Applications in Statistics, 17(2) 
(2010), 105-126. 

5. Answer Tree TM 2.0 User’s Guide, SPSS Inc., USA, 1998. 
6. B. K.Wong, T. A. Bondnovich, and Y. Selvi, Neural Network 

Applications in Business: A Review and Analysis of The Literature (1988-1995), 
Elsevier Science B.V, Decision Support Systems, 19 (1997), 301-320. 

7. B. S. Everitt, The Cambridge Dictionary of Statistics, Cambridge 
university press, United Kingdom, 1998. 

8. D. Beasley, D. R. Bull, and R. R. Martin, An overview of Genetic 
Algorithms: part 1, fundamentals, University computing, 15(2) (1993). 58-69. 

9. D. W. Hosmer, and S. Lemeshow, Applied Logistic Regression, John 
Wiley and Sons, Inc., New York, 1989. 

10. G. J. Mclachlan, Discriminant Analysis and Statistical Pattern 
Recognition, John Wiley Sons, New York, 1992. 

11. G. P. Zhang, Data Mining and Knowledge Discovery Handbook, O. Z. 
Maimon, and L. Rokach, eds., Springer, USA, 2005. 

12. G. V. Kass, An Exploratory Technique for Investigating Large Quantities 
of Categorical Data, Applied Statistics, 29 (1980), 119-127. 

13. H. Pham, editor, Springer Handbook of Engineering Statistics-Chapter 30: 
Tree-Based Methods and Their Application, Springer, USA, 2006. 

14. J. H. Holland, Adaptation in Natural and Artificial Systems, MIT Press, 
1975. 

15. J. N. Morgan, and J. A. Sonquist, Problems in the Analysis of Survey 
Data, and A Proposal, Journal of the American Statistical Association, 58 (1963), 
415-434. 

16. L. Breiman, J. H. Friedman, R. A. Olshen, and C. J. Stone, Classification 
and Regression Trees, Chapman and Hall/CRC, New York, 1984. 

17. M. C. Phelps, and E. C. Merkle, Classification and Regression Trees as 
Alternatives to Regression, Proceedings of the 4th Annual GRASP Symposium, 
Wichita State University, (2008), 77-78. 
 



 

440                                                         A. I. Abdelrahman and D. H. Abdel-Hady 
 
 
 

18. N. A. Elfar, Latent Class Regression Analysis in Commercial Banks, 
Unpublished Master Thesis, Faculty of Commerce, Mansoura University, Egypt, 
2009. 

19. P. C. Taylor, and B. W. Silverman, Block Diagrams and Splitting Criteria 
for Classification Trees, Statistics and Computing, 3  (1993), 147-161. 

20. R. A.  Johnson and D. W. Wichern, Applied Multivariate Statistical 
Analysis, Fifth Edition, Prentice Hall, Upper Saddle River, New Jersey, 2002. 

21. R. J. Lewis, An Introduction to Classification and Regression Tree 
(CART) Analysis, Presented at the 2000 Annual Meeting of the Society for 
Academic Emergenct Medicine in San Francisco, California, 2000.    

22. R. M. Shalaby, Application of Genetic Algorithm for the Discovery of the 
Hidden Temporal Pattern in Time Series Data, Unpublished Master’s Thesis, 
Faculty of Commerce, Tanta University, 2009. 

23. T. Hill, and P. Lewicki, Statistics: Methods and Applications, A 
Comprehensive Reference for Science, Industry, and Data Mining. Statasoft, Inc., 
USA, 2006. 

24. T. S. Lim, W. H. Loh, and Y. S. Shih, A Comparison of Prediction 
Accuracy, Complexity, and Training Time of Thirty Three Old and New 
Classification Algorithms, Machine Learning, 40 (2000), 203-29. 

25. W. Y. Loh, and Y. S. Shih, Split Selection Methods for Classification 
Trees-Statistica Sinica, 7 (1997), 815-840. 

26. Y. Dodge, editor, The Oxford Dictionary of Statistical Terms, Oxford 
University Press Inc., New York, 2003. 
 
Internet Sites 

                                                 
i  http://cgm.cs.mcgill.ca/~soss/cs644/projects/marko/        ; cited May 20, 2010. 
 
ii  http://www.ici.ro/ici/revista/sic98_2/art03.html                  ; cited May 20, 2010. 
 
iii http://www.itu.dk/people/pagh/ADBT06/classification.pdf ; cited May 20,2010. 

Iv 
http://www.health.state.ny.us/community/infants_children/early_intervention/diso
rders/appendix_a.htm ; cited May 15, 2010. 

 

Received: August, 2010 


