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Abstract 

The problem of data classification extends to various applications in real life. Genetic 

Programming (GP) can be utilized to address the classification issue in a proficient way. 

Genetic Programming can be utilized to produce models with higher request and connection 

terms. But it is not able to address the behavioral variation of the data collections. Majority of 

the classification algorithms concentrate on single type of data only. In practical applications, 

dataset contains multiple categories and attributes. This paper presents the classification of 

multiple attribute data using Double Layer Genetic Programming (DLGP). In this approach, 

the properties of arithmetic formulations and logical formulations are combined to develop a 

robust algorithm. The external layer contains logical operators and nodes. The nodes present 

in the internal layers can be either logical or arithmetic. Arithmetic formulation produces real 

value and logical formulation transfer Boolean values to the external tree. Positive genuine 

entities are considered as true and negative entities are considered as false. These values from 

internal layers are considered to produce the external layer that characterizes grouping choice. 

The proposed information classification strategy has been connected on different multi-

attribute information classification issues and found to be productive. 

Keywords: Date Mining, Data Classifier, Genetic Programming, Double Layer Genetic 

Programming, Multi-Attribute Classification 
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1. Introduction 

Data classification has applications in critical domains such as diagnosis, feature 

recognition, fraud detection and decision making. Latest computer devices for checking 

patients are fundamentally information based and their capability depends on the information 

extricated from the clinical specialists. Unfortunately, these frameworks are time expending 

to construct and their clinical scope is to some degree confined. Since real life information is 

profoundly eccentric, classification task is exceptionally troublesome errand. This increases 

the need for a computerized classification system with least human interference. The 

criticalness and plausibility of restorative error issue have incited the improvement of 

arrangements that offer assistance to clinicians in disposing of such botches. Genetic 

Programming (GP) is an advanced technology that possesses the abilities to classify data 

without errors. The limitations of GP [1] are training lag, code bloat and convergence. In 

order to overcome these limitations, researchers have been developing various variants of GP 

to produce an efficient classifier. GP can be applied to develop a classifier with logical rules 

that are applicable to categorical data. Another technique to evolve classifier with arithmetic 

expressions that are applicable to numerical attributes. The information changes in either case 

may result in loss of data or biasness, also to include computational exertion. 

GP was created by Koza [2] in 1992 for the programmed examination of computer 

programs. The competency of GP to emerge as classifiers has been comprehended from the 

beginning of its development. Decision trees can be defined as a simplest form of GP 

classifier. Keyhanipour [3] developed a multi-layered GP where each layer corresponds to 

distinct populations and it is capable of executing feature extraction and classification. 

Dennis [4] developed two classification systems based on GP in the field of medicine and 

noticeable performance was achieved. Luna [5] consolidated compelled syntax in GP to 

characterize classification rules in particular ordinary frame. Dehuri [6] actualized 

apprehensible classification rules that utilize the qualities of nonstop esteem. 

Arithmetic expressions are recently used in GP specific approaches for defining 

classification problems. Arithmetic expressions utilize real qualities of information as factors 

and give real values as yield, which decides classification choice. The boundary between 

negative and positive numbers is generally used in the case of binary classification problems. 

The methodologies used in multi-class classification problem are slotted threshold [7], 

dynamic threshold [8], static threshold and binary decomposition. Cao [9] proposed a 

multiclass classifier based on cooperative bid mechanism. Deb [10] developed a coherent 
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atomic representation for multi attribute data classification. Krawiec [11] proposed numeric 

conversions and execution branching by using nominal attributes for classification. Huang 

[12] incorporated delineation of continuous attributes in the given information for the 

endorsement of credit and this strategy requires a preprocessing step. Thus the complexity is 

increased and it can be a possible reason for information loss and biasness. Classifiers based 

on logical rule and arithmetic expression showed assured results. However, these strategies 

are pertinent to homogeneous information. Logical representation is suitable for categorical 

data and expression based method is applicable to numerical data. Mixed data can be 

classified by using the combination of both of these methods.  

We propose a novel GP based classification framework appropriate to blended trait 

information without preprocessing of information. This is a twofold layered approach where 

the outside layer is a coherent expression tree with a few branch nodes. These branch nodes 

shape the inner trees layer. The inside layer expressions can be of two sorts, logical 

expressions for categorical properties and arithmetic expressions for persistent qualities of the 

information. The logical expressions deliver a Boolean esteem as yield, which can be utilized 

by the external layer, promptly. On the other hand, real outputs by arithmetic expressions are 

considered true for positive values and false for negative values. The outputs thus obtained 

from the internal layers are utilized to assess the external layer. Outputs of external layer 

determine the classification decision. In the next segment, the proposed methodology 

utilizing the combination of arithmetic and logical expressions for multi-attribute information 

classification is clarified in detail. 

 

2. Methodology 

During the initial step of GP the solution representation is characterized by selecting a 

bounding set and a logical function. The solution represented here is a classifier with double 

layer tree. The external layer consists of a tree with logical functions and bounding nodes. 

Internal layer trees are the bounding nodes of the external layer logical tree. An example of 

external tree is given in Fig.1. 
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                    Figure 1. Structure of External Logical Tree 

The external logical tree (Lext) represented in Fig.1 can be expressed in terms of 

Internal Trees (Tint) and logical operators as given in Equation 1. 

[ ] [ ]int1 int 2 int3
T L T

ext
T OR AND NOT=                                               (1) 

Logical Internal Tree (Lint) and Arithmetic Internal Tree (Aint) are the two types of internal 

trees used in our method. Lint uses categorical data attributes and logical functions such as 

‘AND’, ‘OR’ and ‘NOT’. A logical tree produces Boolean values when an input data is 

given. Fig. 2 illustrates a sample Logical Internal Tree. 

 

Figure 2. Structure of Logical Internal Tree 

The Logical Internal Tree (Lint) represented in Fig.2 can be expressed in terms of categorical 

attributes and logical operators as given in Equation 2. 

( ) ( ) ( ) ( )int 1 2 4 1L C a AND C b OR C c OR C d= = = ≠ =                                                      (2) 

The Arithmetic Internal Tree (Aint) uses arithmetic functions to combine numerical attributes 

of given data. The numerical attribute names present in this representation are substituted by 

input values of occurrence for categorization. The result thus produced by Aint is a real value. 

Fig. 3 illustrates a sample Arithmetic Internal Tree. 
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Figure 3. Structure of Arithmetic Internal Tree 

The Arithmetic Internal Tree (Aint) represented in Fig.3 can be expressed in terms of 

numerical attributes and arithmetic operators as given in Equation 3. 

               ( )int 1 2 2 3
/ (A )A A A A= + ∗                                                                                   (3) 

The outputs of Aint and Lint are provided as input to Lext. The outputs of Lint can be 

directly used by Lext. If the real valued output of Aint is positive, it is speculated as a TRUE 

instance. If the real output of Aint is negative, it is speculated as a FALSE instance. The 

number of Aint and Lint present in Lext is calculated using arithmetic and logical probability. 

Probability of arithmetic internal tree (PA) and probability of logical internal tree (PL) are 

given in equation 4 and equation 5 respectively.  

                            A
A

A

P
N

ρ
=                                                                                           (4) 

                           L
L

A

P
N

ρ
=                                                                                             (5) 

Where, 
Lρ  represents the number of logical attributes,

Aρ  represents the number of arithmetic 

attributes and NA represents the total number of attributes. In the upcoming step of proposed 

method, DLGP is initialized using Ramped Half and Half (RHH) method [13]. RHH is a 

commonly used initialization method that provides flexible and diverse population 

initialization. The depth of external layer and internal layers are limited between 2 and 4. 

Therefore 8 is the maximum value of depth that a tree can attain. Algorithm 1 explains the 

initialization process using RHH method and the development of trees for classification. 

 

 

Algorithm 1. Initialization of Layered Tree 

Step 1. Begin 
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Step 2. Use RHH method to initialize External layer tree 

Step3.  If, PA is met, create Aint using RHH method, 

            Else, create Lint using RHH method. 

Step 4. Repeat step 4 for each node in the external layer tree 

Step 5. Stop 

  

In order to analyze the applicability of classifier, evaluations are performed for each 

occurrence of training data. Operators used in the developmental process are replication, 

crossover and mutation. In the replication process a particular node is relegated to next 

generation. Each individual node is selected in proportion with the fitness of the classifier. A 

node is randomly selected to perform mutation. An inner sub-tree with 50% probability is 

randomly selected by the mutation operator. The sub-tree is substituted using a logical 

relation, if the sub-tree consists of logical nodes. Similarly, the sub-tree is substituted using 

an arithmetic relation, if the sub-tree consists of arithmetic nodes.  

In the crossover process, an arbitrary node is taken from the external tree of each 

parent nodes and they are exchanged. The condition for this exchanging process is that, the 

‘external layer’ sub-trees must have the equal depth. This condition is based on Depth 

Limited Crossover (DLC) [14] where sub-trees having similar depth are exchanged to avoid 

accession in the size of classifier during the evolution process. The whole process is outlined 

in Fig. 4. Here T1–T7 is the internal trees that can have deviating depths. In order to obtain 

perfect cross over, same depth is suitable for external sub-trees.  

 

Figure 4 Implementation of Crossover operator 

In this approach, we explored two diverse fitness functions to obtain optimum results. 

First one classifier and the second one is the area under the convex hull (AUC). In case of 

biased data, it is not possible to obtain high accuracy and this is not the representation of 

inefficiency of a classifier [15]. In case of biased data, higher value of AUC represents higher 
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discrimination ability. Implementation based on these two fitness functions is explained in 

Algorithms 2 and 3. 

Algorithm 2. Initialization of Classifier with Accuracy as Fitness Function 

Step 1. Start 

Step 2. For a given value of d, Calculate the logical terminal nodes of  

            Internal layer using attributes of given Instance.  

 

Step 3. For a given data instance, Evaluate arithmetic terminal nodes of  

            internal layer using attributes of given Instance.  

 

Step 4. Calculate the external formulation by replacing internal layer values 

 

Step 5. If external formulation == TRUE & d ∈ A, C=C+1 

 

Step 6. If external formulation == FALSE & d ∉ A, C=C+1 

Step 7. Repeat step 2 to 6, D times, where D is the number of data instances (d). 

Step 8. Calculate Fitness, F=C/D 

Step 9. End 

 

In the proposed evolutionary model algorithm, the fitness of each and every data 

instance is analyzed to find a remarkable solution. Our aim is to find the fitness of given 

classifiers and to find a classifier with best fitness value. AUC is calculated on the basis of 

True Positive (TP), True Negative (TN), False Positive (FP) and False Negative (FN). 

 

 

 

Algorithm 3. Initialization of Classifier with AUC as Fitness Function 

Step 1. Start 

Step 2. For a given value of d, Calculate logical terminal nodes of  

            internal layer using attributes of given Instance.  

Step 3. For a given data instance, Evaluate arithmetic terminal nodes of  

            internal layer using attributes of given Instance.  

Step 4. Calculate  the external formulation by substituting inner layer values 

Step 5. Count the number of TP,TN, FP, and FN instances. 

Step 6. Repeat step 2 to 5, D times, where D is the number of data instances. 

Step 7. Calculate Fitness, F= {0.5 x [TP/(TP+FN)]+[TN/(TN+FP)]} 

Step 8. Stop 

These algorithms are reiterated for a different number of generations in look of superior 

classifiers and ended on the off chance that a superior arrangement has been found or given 

number of generations have passed. The comprehensive process flow of proposed 

classification method is shown in Figure. 5. 
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Figure 5. Process Flow of DLGP Classifier 

3. Experimental Results 

Classification result is obtained using 5 iterations of ten-fold cross validation 

technique. The datasets utilized in the experimental examination have been procured from the 

UCIML data repository [16]. Japanese Credit Dataset (JCD) consists of 690 instances with 6 

continuous attributes and 9 categorical attributes. Australian Credit Dataset (ACD) consists of 

690 instances with 6 numerical attributes and 8 categorical attributes. German Credit Dataset 

(GCD) consists of 1000 instances with 7 numerical attributes and 13 categorical attributes. 

Heart Disease Dataset (HDD) consist of 270 instances with 6 real value attributes and 7 

binary attributes. In the proposed research work, our examination is confined to binary 

classification issues alone. Distinctive performance parameters utilized, to analyze the 

proposed approach are given in the following equations.   

TP TN
Accuracy

TP TN FP FN

+
=

+ + +
               (6) 

TP
Sensitivity

TP FN
=

+
                               (7) 

TN
Specificity

TN FP
=

+
                               (8) 

0.5TP TN
AUC

TP FN TN FP
= +

+ +
                      (9) 
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Table 1 presents the classification outcomes for the four data sets utilizing accuracy as fitness 

measure. The accuracy GCD and HDD are not comparable because of the imbalance in 

dataset class distribution. Here, it is understood that accuracy alone cannot represent better 

discrimination power of a classifier.  

Table 1. Average Test Results (Fitness Function=Accuracy). 

Dataset TP TN FP FN AUC Accuracy Specificity Sensitivity 

JCD 28 29 4 5 0.86 0.86 0.86 0.85 

ACD 31 31 3 3 0.90 0.91 0.91 0.90 

GCD 7 72 0 21 0.62 0.79 1.00 0.25 

HDD 11 11 2 3 0.80 0.82 0.84 0.76 

 

In Table 2, it can be observed that increment in AUC value can result in improved accuracy. 

But increasing accuracy is not helpful to improve AUC value for unbalanced datasets. 

Subsequently, the instances where data is about adjusted, there is no recognizable contrast in 

AUC and ACC of classifiers.As specified prior, displayed results are the mean of best outputs 

obtained for individual data set in 250 executions (200 generations). 

Table 2. Average Test Results (Fitness Function=AUC). 

Dataset TP TN FP FN AUC Accuracy Specificity Sensitivity 

JCD 28 29 4 5 0.87 0.87 0.89 0.86 

ACD 32 28 2 5 0.90 0.90 0.93 0.86 

GCD 15 75 4 6 0.83 0.89 0.94 0.71 

HDD 11 11 2 2 0.80 0.81 0.80 0.80 

 

 

Figure 6 Comparison of Performance for Different Fitness Functions 

Figure. 6 presents the characteristics of performance parameters while varying the 

fitness function. It cannot be said that a particular fitness function can provide better 

performance. But the performance can be increased by choosing appropriate dataset and 
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suitable fitness function. The performance is almost similar for both FF and the performance 

varies with datasets.  

 

 Table 3. Average Accuracy for Various Generations of Dataset 

 

Dataset 

Generations 

20 40 60 80 100 120 140 160 180 200 

JCD 0.8269 0.8339 0.8440 0.8470 0.8518 0.8567 0.8615 0.8625 0.8678  0.8771 

ACD 0.8034 0.8243  0.8370  0.8408  0.8440  0.8503  0.8541  0.8632  0.8717  0.8920 

GCD 0.5667 0.5802  0.6098  0.6302  0.6529  0.6645  0.6732  0.6934  0.7459  0.8389 

HDD 0.6827 0.6984  0.7135  0.7229  0.7229  0.7362  0.7389  0.7522  0.7602  0.7788 

 

Table 3 shows the average accuracy during the training phase for selected datasets. 

The results obtained posterior 20 generations are displayed in the above table. Training result 

is obtained by selecting the appropriate classifier for given generations and testing its 

performance on each dataset. Figure.7 illustrates the characteristics of mean finest population 

members throughout the evolution process in the proposed algorithm. It can be noted that, 

there is an elevation in mean accuracy for all datasets. There is no increment in accuracy after 

200 iterations. 

 

 

Figure 7. Evolution of Trees during Training Process. 

 

We have likewise compared the effectiveness of proposed advanced classifier with 

existing GP based methodologies. It is well clear that, the proposed method produces perfect 

outcomes and accuracy. In Table 4, a few strategies that include preprocessing [6] and 
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compelled sentence structure GP, to classify multi attribute information are displayed. It can 

further be noticed that the proposed DLGP method has delivered good outcomes when 

contrasted with existing GP based systems while getting a charge out of the advantage of 

disposing the need of any control on information. 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4. Comparison of Proposed Classifier with Existing Methodologies 

Dataset Methodology Accuracy (%) 

JCD 

Multi-Objective Grammar-Based GP  84.8 

Fuzzy Co-Evolution Based GP  84.7 

Proposed Method [DLGP] 87.3 

ACD 

Hybrid GP  85.1 

Nominal Attributes GP  86.0 

Multi-Objective GP  88.1 

Credit Scoring GP Models  88.3 

Evolutionary Multi-Objective GP  88.0 

Automatic Credit Approval GP  83.4 

Proposed Method [DLGP] 90.0 

GCD 

Credit Scoring GP Models  77.4 

Two-stage GP Models  78.0 

Evolutionary Multi-Objective GP  76.0 

Proposed Method [DLGP] 89.8 

HDD 

Multi-Objective Grammar-Based GP  77.9 

Fuzzy Co-Evolution Based GP  80.2 

Proposed Method [DLGP] 81.2 
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4.  Conclusion 

In this research work, we have implemented a novel and efficient GP based 

order method that works upon information with blended kind of qualities. This 

approach can likewise be utilized to recognize anomalies from informational indexes 

to such an extent that models with better ability of prediction can be produced. The 

proposed DLGP make use of the common outcomes of GP to build the structure of a 

model depended on a group formation for the identification of abnormalities. The 

proposed classification approach seldom demands the requirement of any change or 

data preprocessing. We simulated the framework on a few benchmark datasets and 

contrasted the execution and different GP based characterization techniques. The 

outcomes have uncovered that the introduced procedure offers good execution 

attributable to its adaptable double layered portrayal. Our future work incorporates the 

use of this method for multiple class order issues.  
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