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ABSTRACT: Huge amounts of data had been stored in various repositories and the amount of data to be 
stored is growing rapidly. To extract hidden information from the data, there is a need for data mining 
techniques. Classification is the process of analyzing the input data by categorizing the records into one of 
the predefined class labels. Banking system is a fast growing area which collects large number of records 
associated with customer transactions. This work deals with the analysis of Bank Marketing dataset 
belonging to a Portuguese bank containing 1000 instances of different clients by building a Deep Neural 
Network classifier to predict whether a client subscribe for a term deposit. Experiments are conducted on 
the Bank marketing dataset by applying the Deep Neural network classifier along with four existing 
classifiers. Our results show that the proposed Deep neural net classifier outperforms the existing classifiers 
in terms of accuracy. 
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1. INTRODUCTION 

Data Mining is the process of extracting information, often termed as Knowledge from the data 
stored in large volumes of repositories. Tasks of data mining are used to discover interesting patterns 
hidden in datasets. Various tasks of data mining include Concept Description[1], Frequent Pattern 
Mining[1], Association Rule Mining[1], Classification[2], Cluster Analysis[2], Outlier Mining[2]. This paper 
focuses on classification, a supervised machine learning technique[2]. 

Classification[3] is the process of building a model/classifier based on the training dataset with 
known class labels. The built model/classifier is used to classify the tuples of a new test dataset whose class 
labels are unknown. In classification, Building a classifier from the training dataset is termed as Training 
phase and predicting the class labels of test dataset is termed as the Testing phase. The class labels of input 
dataset used for classification are categorical[3] in nature. Different techniques of data classification include 
Decision Trees[3], Naïve Bayesian classifier[3], Backpropagation Neural Networks[3], Support Vector 
Machines[3], k-Nearest Neighbors[3]. Application areas such as Healthcare system, Banking system, Product 
Marketing etc., make use of classification. 

Decision Tree Induction[3] builds a classifier similar to a tree structure with a root node, branches, 
internal and leaf nodes. Each internal node in a decision tree represents an attribute and the branches 
expanding from the node are the possible outcomes (values) of the attribute. Class labels of the dataset are 
represented by the leaf-nodes. The root node of a decision tree is selected by one of the attribute selection 
measures[3], namely Information Gain[4], Gain Ratio[4], Gini Index[4]. Attribute of the training dataset 
giving the best score of the measure will be chosen as the root node of the tree with other attributes being 
the internal nodes. Once the decision tree classifier is built, it is used for predicting the class labels of the test 
dataset by traversing from root to leaf nodes for each tuple in the data.  

Bayesian Classifier[5] is a statistical classifier which predicts class membership probability of each 
tuple in the dataset. Naïve Bayesian classifier[1,5] is built based on the class conditional independence[1] 
assumption defined by Bayes’ Theorem[1], which suggests that for some hypothesis H, a tuple T in the 
dataset with a posterior probability of H conditioned on T will be calculated based on (1). 

   𝑃(𝐻|𝑇) =
𝑃 𝑇 𝐻 𝑃(𝐻)

𝑃(𝑇)
                         (1) 

 

The posterior probabilities for all the possible classes are evaluated for each tuple T in the test 
dataset and the class label returning highest probability will be predicted as the class of T by the classifier. 
 Support Vector Machine[1,17] (SVM) is a classification technique which deals with both linearly 
separable[1] and inseparable[1] data. For linearly separable data, the training dataset is transformed to a 
higher dimensional space to search for a hyperplane in the newer dimension which separates the tup les 
from one class to the other. In a SVM, support vectors obtained from the training data are used to find a 
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hyperplane with its margins defined by the vectors. The hyperplane with maximum margin is chosen as the 
best classifier to predict the class labels of test dataset. For linearly inseparable data, a non-linear mapping 
of the input dataset to a higher dimensional space is made and a search for a hyperplane to separate the 
data linearly is made in the dimension. Once the SVM classifier is built, a dot product of each tuple in the test 
dataset and the support vectors is computed to obtain the class label of unknown tuples.  
 Artificial Neural Network[7,10] (ANN) is an information processing model inspired by the human 
brain. Neural Network is a set of interconnected processing nodes, termed as neurons. The structure of a 
neural network is similar to a graph with a number of neurons in one input layer, zero or more hidden 
layers and one output layer. Neurons in every layer are connected through weights. Neural networks 
without hidden layers are Single-layered and with one or more hidden layers are Multi-layered. 
Backpropagation learning algorithm[15,16] is used to build a Multi-layered Neural network based classifier. 
In Backpropagation, every tuple in the training dataset are propagated in forward direction i.e., from input 
to output layer through hidden layer(s). Errors are calculated at the output layer and the errors are 
propagated in backward direction i.e., from output to input layer through hidden layer(s). Finally, weights 
between the layers are updated. Once the NN classifier is built, class label for each tuple in the test data is 
obtained by propagating from input to output layer. 
 k-Nearest Neighbor[8] (k-NN) is a lazy learner[1] classification technique, where the process of 
building a classifier/model is deferred until test data is given. The training dataset provided beforehand are 
just stored for later processing. k-NN classifier compares each tuple in the test data with the training tuples 
and finds the k closest tuples in the training data to the test tuple, which serve as the k nearest neighbors of 
the test tuple. One of the measures of closeness is Euclidean distance[1]. For two tuples X1(x11, x12, …x1n),    X2 
(x21, x22, …x2n) the Euclidean distance will be calculated based on (2). The class label of the test tuple will be 
the common class among its k nearest neighbors.  

Eucl_dist(X1, X2) = √ (𝑥1𝑖 − 𝑥2𝑖)
2𝑛

𝑖=1                                         (1) 
 

2. BANKING SYSTEM 
In this work, experiments are conducted on the bank marketing data of a Portuguese bank collected 

from [6]. Banking staff conduct direct marketing campaigns by contacting their clients through phone calls 
so as to subscribe them for a term deposit. Hence, the main goal of our classifier is to predict if the client 
subscribes for a term deposit[6].  

The input dataset consists of 1000 instances of clients’ data with 21 attributes. The final attribute is 
a class label with two possible values (no/yes), where ‘no’ specifies that the client will not subscribe for a 
term deposit and ‘yes’ states that the client subscribes for a term deposit. Table 1 presents a list of attribute 
names, their type, possible values and description. 

Table 1 Bank Marketing dataset 
S. No. Attribute Type Description 

1. Age Numeric Age of client 

2. Job Categorical Type of job 

3. Marital Categorical Marital status 

4. Education Categorical Client education 

5. Default Categorical Has any credit in default 

6. Housing Categorical Has any housing loan 

7. Loan Categorical Has any personal loan 

8. Contact Categorical Contact communication type 

9. Month Categorical Last contact month of year 

10. Day_of_week Categorical Last contact day of the week 

11. Duration Numeric Last contact duration 

12. Campaign Numeric Number of contacts for the client 

13. Pdays Numeric Number of days passed after contact 

14. Previous Numeric Number of contacts before the campaign 

15. Poutcome Categorical Outcome of previous campaign 

16. Emp.var.rate Numeric Employment variation rate 
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17. Cons.price.idx Numeric Consumer price index 

18. Cons.conf.idx Numeric Consumer confidence index 

19. Euribor3m Numeric Euribor 3 month rate 

20. Nr.employed Numeric Number of employees 

21. Y (class label) Binary Client subscribed for term deposit 

 
3. RELATED WORK 

Identifying customers based on direct marketing strategies to subscribe for the products, and offers 
of various banking and financial institutions had been discussed in [7], where the first objective was to 
predict customer response by applying four classifiers and the second objective was to identify essential 
features among the dataset attributes by performing cluster analysis. The work mentioned that Random 
Forest Classifier had outperformed others with an accuracy of 87%.  

Dealing with a huge customer dataset to improve the outcome of marketing campaign was analyzed 
in a two-layer fashion by Mitik et al. in [8]. Clustering of customers based on their similarities is performed 
initially followed by the construction of classifier. 

Grzonka et al.[9] analyzed four classification techniques based on decision trees by experimenting 
on the bank marketing dataset. A comparison was made on the results obtained by the classifiers along with 
the evaluation of the effectiveness of classification rules generated from the trees. Ruangthong et al.[10] 
proposed SMOTE algorithm to analyze asymmetric information in the bank marketing data which allowed 
modifications the instances to improve accuracy. Rotation Forest (PCA)-J48 classification algorithm was 
proposed to build the classifier which resulted in an improved accuracy of 90.81% compared to the existing 
classifiers. Various studies mentioned in [11]-[14] had provided an analysis and application of the bank 
marketing dataset on different techniques to build respective classifiers. Finally, comparisons were made on 
the results obtained by the classifiers.   

 
4. PROPOSED WORK 
A. Methodology 

In this work, the process of classification is initiated by collecting bank marketing dataset from UCI 
repository[6]. Data Preprocessing[4] is performed on the input data to eliminate errors and inconsistencies, 
followed by the feature extraction[4] process. The processed input dataset is then split into training and test 
data. The training data is fed as input to our classification algorithm to build a classifier/model. Once the 
classifier is built, it is used to predict the class labels of the test data. The whole process of work flow is 
shown in figure 1. 

 
Figure 1 Proposed Work Flow 

 
B. Input Preprocessing and Feature Extraction   

Data collected from a repository may contain errors, which are to be identified before performing 
feature selection. This led to the data preprocessing phase, where different preprocessing techniques are 
applied on the input dataset. In this work, analysis on the Portuguese bank marketing dataset containing 
1000 instances of clients’ data has been done by applying three data preprocessing techniques viz., replace 
missing values[1], data encoding[4] and data normalization[1,4].  

Initially, a check is performed on the input data for the presence of missing values. Whenever a 
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missing value is found, it is replaced with the mean of all the values for the attribute. Since the input dataset 
has 21 attributes, 10 of them are numeric, 10 are categorical and the class label is binary in nature. Data 
encoding is performed on the categorical attributes so as to convert the attribute values to numeric. To 
bring all the attribute values to a specified scale of 0.0 to 1.0, normalization is performed on the input 
dataset.  

The next step is to choose the most promising subset of attributes (features) among all the 
attributes of input dataset, termed as feature selection[1]. Here we have chosen 10 attributes for building 
our classifier, namely Month, Duration, Pdays, Previous, Poutcome, Emp.var.rate, Cons.price.idx, 
Cons.conf.idx, Euribor3m, Nr.employed. Figure 2 provides feature visualization of the input dataset in the 
form of histograms. Feature selection is followed by data splitting where the processed input dataset is split 
into training and test data. Here we have chosen the 80:20 ratio i.e., 800 records belong to the training data 
used for building our classifier and the remaining 200 records will be the test data to assess the 
performance of the classifier. 

 
Figure 2 Feature Visualization of Bank Marketing Dataset 

 
C. Deep Neural Network Classification Algorithm 

An Artificial Neural network with more number of hidden layers between input and output layers is 
a Deep Neural network[16]. In this work, we have created a Deep neural network (DNN) with five hidden 
layers interconnected between input and output layers, where each hidden layer has 25 nodes. The 
proposed DNN architecture uses Backpropagation Technique[15,16] in its underlying classification 
algorithm. The below algorithm is used for building our DNN classifier:  

 
begin DNN_backprop(D, inp, Hid, out) 

Initialize network of size inp*(Hid*25)*out 
Initialize the DNN with weights=random(), learning rate=0.002, momentum=0.15 
do 
Assign each instance of the training dataset to the input layer 
Propagate the input forward from input to output layers 
Calculate input values at hidden and output layers 

  Ilayer = ∑ Ii Wi 
Calculate output values for the hidden and output layers 

  Olayer = Activation_Function(Ilayer) 
Calculate Error at the output layer 

  Error = Expected_value-Obtained_value 
Propagate Error backward from output to input layers 
Update weights at all the layers 
Repeat the above process for 500 epochs 
end DNN_backprop 
 

5. RESULTS AND ANALYSIS 
A. Experimental Results 

Experiments are conducted on the bank marketing dataset collected from the repository[6]. The 
input dataset contains 1000 instances of clients’ data represented by using 21 attributes. The algorithm 
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DNN_Backprop is implemented in Python programming language[18]. The network is initialized with 10 
nodes in the input layer, where each node represents a feature, interconnected with five hidden layers 
containing 25 nodes in each layer and one node in the output layer, representing the two possible class 
values (yes/no). Rectified Linear Unit (ReLU)[16] function is used as the activation function in the 
algorithm. The DNN classifier is built by running the algorithm on the training data for 500 epochs. 

The DNN classifier is used for predicting the class labels of the test data instances and the results 
are represented in a 2x2 confusion matrix[15], which gives information about the actual class label and the 
predicted class label of all the test instances. The structure of a 2 class confusion matrix is given in table 2. 

 
Table 2 Sample 2-class Confusion Matrix 

 Predicted class 
label 

Negative Positive 

Actual class 
label 

Negative A B 

Positive C D 

Based on the values of confusion matrix, the below parameters can be evaluated for analyzing the 
performance of classifier: 

 Accuracy – Ratio of the number of instances with correct prediction of the class label to the total 
number of instances in the test data[15]. Accuracy is considered as the best measure to analyze the 
performance of a classifier.       

  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
(𝐴+𝐷)

(𝐴+𝐵+𝐶+𝐷)
            (2) 

 True Positive Rate or Recall – Ratio of the positive instances that are correctly classified to their 
class[15]. 

                                𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝐷

(𝐶+𝐷)
              (3) 

 Precision – Ratio of the positive instances that are correctly classified[15].  

                                𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝐵

(𝐵+𝐷)
            (4) 

 F-measure – Considers both Precision and Recall and calculate its Harmonic mean[18].  

                                𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  
2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗𝑅𝑒𝑐𝑎𝑙𝑙

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +𝑅𝑒𝑐𝑎𝑙𝑙 )
           (5) 

Experiments performed on the processed bank marketing data by the proposed Deep Neural 
Network classifier has resulted in an accuracy of 92.5%. Other metrics such as precision, recall, f1-score 
along with confusion matrix are presented in table 3. 

 
Table 3 DNN Classifier Results 

Confusion Matrix Class Precision Recall F1-score 

176 4 no 0.94 0.98 0.96 

11 9 yes 0.69 0.45 0.55 
 

B. Performance Analysis 
The Deep Neural Network classifier results are compared with four existing classifiers viz., Decision 

Tree, Bayesian, Support Vector Machines and k-Nearest Neighbors based on accuracy. The processed bank 
marketing input dataset has been applied on all the four classifiers for their performance analysis.  

The Decision tree classifier has built a tree structure with pdays attribute as its root node. Node 
splitting for the tree is done based on information gain. The final decision tree plot is shown in figure 4, 
which has resulted an accuracy of 90.5%. Naïve Bayesian classifier based on numeric estimator 
precision[19] is used for performing classification on the bank marketing dataset has resulted in an 
accuracy of 86%. Support Vector Machine classifier based on Sequential Minimal Optimization[19] 
algorithm is used for classification with a polynomial kernel has resulted in an accuracy of 91%. Also, k-
Nearest Neighbor classifier with 9 neighbors and Euclidean distance measure used for the classification 
process has resulted in an accuracy of 91%. 

Table 4 lists the accuracy values of the five classifiers used in the process of classification. From the 
table, it is evident that the proposed Deep Neural Network classifier has outperformed the rest. The 
accuracy results of the classifiers mentioned in the table are plotted in a histogram and shown in figure 3. 



[ VOLUME 6  I  ISSUE 2  I APRIL– JUNE 2019]                                                     E ISSN 2348 –1269, PRINT ISSN 2349-5138 

  516x        IJRAR- International Journal of Research and Analytical Reviews                                          Research Paper 

Table 4 List of Classifiers with Accuracy values 
Classifier Accuracy 

Decision Tree 90.5% 

Naïve Bayes 86% 

Support Vector Machines 91% 

k-Nearest Neighbors 91% 

Deep Neural Networks 92.5% 
 

 
Figure 3 Plot of Accuracy Comparison of five Classifiers 

 
6. CONCLUSIONS AND FUTURE WORK  

This work presents a Deep Neural Network Classifier to predict the term deposit subscription of 
different clients by collecting Bank Marketing dataset belonging to a Portuguese bank. After the input data 
collection, preprocessing techniques such as removal of missing values, data encoding and normalization 
are applied on the raw data followed by Feature selection. The final processed input data has been split into 
training and test data. The training data is provided as input to build a Deep Neural Network classifier which 
internally uses Backpropagation algorithm. Accuracy of the DNN classifier is evaluated by providing the test 
data along with the necessary metrics. Finally, a comparison is made to analyze the performance of our DNN 
classifier with existing four classifiers and it is found that our proposed DNN classifier outperforms the 
other classifiers in terms of accuracy. 

The future work focuses on improving the accuracy of Deep Neural Network classifier by (1) 
adopting different feature selection techniques (2) incorporating different activation functions at different 
hidden layers (3) including evolutionary techniques such as Genetic algorithms for neural network 
parameter optimization (4) applying on other real world domains such as Healthcare systems. 
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