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ABSTRACT 

  The development in technology has brought 

revolution in many areas of endeavors across the 

globe. In recent years, telemarketing has been a 

popular method of marketing in bank industry. 

Telemarking is a method of direct marketing in 

which a salesclerk beseech potential clienteles to 

buy products or services by means of phone calls. 

For effective managerial decision, prediction of 

success of bank telemarketing becomes necessary. 

Hence, there is need for prediction approach that 

will predict success of bank telemarketing with high 

predictive accuracy. As a result, various 

researchers have proposed different approaches for 

prediction of success of telemarketing. Machine 

learning approach is one of the famous approaches 

used by the previous researchers in this area. 

Different prediction algorithms have been 

employed, though not many of these algorithms 

have been applied in this area. To identify the best 

machine learning algorithms among the already 

used and unused becomes impossible. 

Consequently, this study presents comparative 

analysis of performance of different machine 
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learning algorithms for prediction of success of 

bank telemarketing. To achieve this, a dataset of 

45,221 instances with 17 attributes was used to 

train these algorithms in WEKA environment. The 

performance of each algorithm was measured in 

terms of Accuracy, Precision, Recall and F- 

Measure. Our performance evaluation analysis 

revealed that Random Forest performed best in 

terms of accuracy while Voted perceptron has 

lowest accuracy. In terms of precision rate, SMO 

perform best while Voted perceptron has lowest 

performance in terms of precision rate. It is our 

hope that this study will go a long way in assisting 

future researchers and bank industry in the 

selection of predictive algorithms. Keywords Naive 

Bayes, Random Forest, Decision Table, Multilayer 

Perceptron, J48, SMV, LMT, WEKA. 

 

Introduction  

Due to the advance in technology, various devices and means are used in the 

different fields of industries such as banking, insurance and customer services 

to carry out business activities which include withdrawal and deposits, 

telemarketing among others.   Telemarketing is a direct marketing used to 

provide exact solutions for the organizations, including marketing products and 

services and finding potential clients. As a cost-effective process between the 

company and its customers, telemarketing is speedily growing all over the 

world within a different field of industries, including telecommunications, 

banking, insurance and other financial institutions [1]. In another narration of 

[2], the telemarketing or telesales is a means of direct marketing in which a 

salesclerk beseech potential clienteles to buy products or services, through 

different means such as phone, subsequent face to face, and schedule during 

web conferencing. Telemarketing can also include recorded sales pitches 

programmed to be played over the phone via automatic dialing.  Similarly, [3] 

define telemarketing as a collaborating technique of direct marketing that a 

telemarketer asks prospective customers via the phone to make a sale of 

merchandise or service. The direct marketing is the marketing discovered to 

locate prospects for additional services based on the customer data collected in 

the database known as the database marketing. A database of likely customers 
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can benefit greatly from the direct marketing such as communication, 

advertisement and analysis. The most effective telemarketing is to emphases on 

the value of prospect data, attempting to predict the expected customers that 

have a higher probability to use the service by using data mining technique. 

 According to [4] telemarketing business is rapidly growing in some part of the 

world such as Indonesia and India with increasing number of mobile users and 

very little communication cost which are basically through phone calls enabling 

several companies to have more contact list and making the product owners 

become more absorbed in the business.  The portability of telephone has brought 

a revolution in the field of communication. Telemarketing has developed as a 

powerful tool for direct marketing due to the rapid growth of mobile telephony 

which received all the benefits of direct marketing but at a much lower cost [5]. 

Marketing promotions mainly constitute a technique of outsourcing by 

organizations with the aim of improving the financial position of their 

businesses and also having a competitive advantage over their peers. Reaching 

out to the customer through remote communication to facilitates operational 

administration of promotions [6]. 

Several kinds of research has been conducted in the field of telemarketing to 

understand customer behavior, several banks have embraced the predictive 

method based on the data mining to predict the customer data for classifying the 

customers before offering special services [3], identifying the group of 

customers based on high probability of subscribing to a long-term deposit and 

customers profiling through prediction [9]. Other compared just four data 

mining models which are DT, SVM, LR, and NN via a realistic rolling window 

evaluation and two prediction metrics.  

In view of these, this study is aimed at studying and analyzing the effect of 

various machine learning algorithms in the prediction of success in banking 

telemarketing. The study employed 15 machine learning algorithms such as 

Random Forest, PART, Naïve Bayes, Support Vector Machine, Multiple 

Regression, Simple regression and Bayes Simple. To effectively evaluate these 

algorithms, accuracy, f-measure, recall and precision are used as the matrix 

used. A dataset of 45,221 instances with 17 attributes was used on two methods 

of validation which are 10 cross-valuation and 75% split to compare the effect 

of each validation method on the instance based on different algorithms. 

 

RELATED WORKS 

Sundry studies have been investigated by many researchers and data miners in 

the phenomenon of Bank Direct Marketing via Telemarketing Promotions. 
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Decision Support Systems as well other data-driven methodologies were widely 

explored [6]. 

According to [5] the mobile telephony has brought a revolution of its kind in 

the field of communication. Telemarketing has emerged as a powerful tool for 

direct marketing due to the rapid growth of mobile telephony. The authors 

conducted a survey which described the state of mobile telephony in India, 

through personal contacts using structured questionnaire. The findings of the 

survey have given mixed response leading to the conclusion that marketers have 

to work harder to make this tool more effective.  

The large amounts of data that banks have been collecting for years can have a 

significant influence on the success of Data Mining (DM) efforts. By using DM 

to analyze patterns and trends so as bank managers can precisely foresee 

customer reactions to modifications of interest rates, the likelihood of 

acceptance of new product offers and which customers will have a higher risk 

of not paying a loan, thus making customer relationships more lucrative [7].  

Many works have been carried out to compare the performances of some 

prediction algorithms in the success of bank telemarketing. The researchers 

predicted customer response to bank direct marketing by using four classifiers 

which are Multilayer Perceptron Neural Network (MLPNN), Decision Tree 

(C4.5), Logistic Regression and Random Forest (RF) [6]. The findings of their 

work showed that NN has the better result of 0.80 and ALIFT of 0.67 during 

the rolling window evaluation. Similarly, the research work of [5] observed the 

insight and attitude of the customers towards telemarketing, the benefits derived 

by the enterprise in the awareness of customers and an overall assessment of 

this marketing tool. Telemarketing has been selected for understanding the role 

of various social-psychological issues attached to this medium especially in 

Indian context. The paper describes the state of mobile telephony in India 

followed by a survey conducted through personal contacts using structured 

questionnaire. In the study of [4], the authors used ethnography, mystery 

shopping, in-depth interview and questionnaire as a way of data collecting data 

with 122 respondents. This study found that there are three types of customer-

response toward telemarketing: Permissive, Apathetic and Aggressive. 

According to [8]. Compared four DM models: logistic regression, decision trees 

(DTs), Neural Network (NN) and Support Vector Machine. Using two metrics, 

area of the receiver operating characteristic curve (AUC) and area of the LIFT 

cumulative curve (ALIFT), the four models were tested on an evaluation set, 

using the most recent data (after July 2012) and a rolling window scheme. The 

NN presented the best results (AUC = 0.8 and ALIFT = 0.7), Their method was 
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compared with other methods such as data prediction Self Organizing Map and 

K Means based on criteria Area under Curve. The results indicate that the Area 

under Curve (AUC used as a benchmark for performance evaluation) in the 

proposed method is better than other methods.  

The study of [9] emphases on helping banks to increase the accuracy of their 

customer profiling through grouping as well as identifying a group of customers 

who have a high probability to subscribe to a long-term deposit. In the 

experiments, three classification algorithms were used, which are Naïve Bayes, 

Random Forest, and Decision Tree. 

The study of [7], developed an Intelligent Bank Market Management System 

(IBMMS) for bank managers who want to manage capable marketing 

campaigns. IBMMS is the first system developed by combining the power of 

data mining with the capabilities of expert systems in this area. Moreover, 

IBMMS includes important features that enable it to be intelligent: a knowledge 

base, an inference engine and an advisor. Using this system, a manager can 

successfully direct marketing campaigns and follow the decision schemas of 

customers both as an entity and a group, a manager can make decisions that lead 

to the desired response by customers. Several methods were used by [10] to 

study analyze and predict numerous algorithm which centered on Naïve Bayes 

and Decision Tree. The result showed that for a small dataset naïve Bayes 

performed better while Decision Tree much better in a large dataset. Rapid 

Miner is the tool used for running the experiment using precision, recall and 

accuracy. 

 

MACHINE LEARNING ALGORITHMS 

The following the machine learning algorithm were used for the proper 

comparison and evaluation. 

The Naïve Bayes is a probabilistic algorithm that is simple and assumes the 

effect of a variable independently from other variables [11]. 

Support Vector Machines is seen as the most popular and common algorithms 

with that is used in learning activities in the area of data mining [12].  In this 

method, a set of training examples is given with which each example is marked 

belonging into one of two categories. Then, by using the Support Vector 

Machines algorithm, a model that can predict whether a new example falls into 

one category or other is built decision tree structure the leaf node had a decision 

of expected output. 

J48 Classifier this classifier is designed to improve the implementation of the 

C.4.5 algorithm which is implemented by [13] in 1993. The expected output 
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based on this classifier is in the form of decision binary trees but with more 

stability between computation time and accuracy [20] [14]. Regarding the 

decision tree structure, the leaf node had a decision of expected output. 

Multi-layer Perceptron (MLP) Classifier: is one of the most common functions 

classifiers that prove its effectiveness to deal with several application areas e.g. 

time series, classification and regression problems [15]. The testing phase can 

be implemented within a short period of time. On the other hand, the training 

phase is typically implemented over a long period of time. MLP algorithm can 

be implemented with various transfer functions e.g. Sigmoid, Linear and 

Hyperbolic. The number of outputs or expected classes and number of hidden 

layers is important to design considerations of the MLP algorithm 

implementations. In the beginning, every node within the neural network had 

its random weight and bias values, the large weight values present the most 

effective attributes within a dataset, and on the contrary, the small weight values 

present the lowest effective attributes within a dataset. 

K* algorithm can be defined by [16] as a method of cluster analysis which 

mainly aims at the partition of „n‟ observation into k‟ clusters in which each 

observation belongs to the cluster with the nearest mean. We can describe K* 

algorithm as an instance based learner which uses entropy as a distance 

measure. The benefits are that it provides a consistent approach to the handling 

of real-valued attributes, symbolic attributes and missing values. According to 

[17] K* is a simple, instance-based classifier, like K Nearest Neighbor (K-NN). 

New data instances, x, are assigned to the class that occurs most frequently 

amongst the k-nearest data points, yj where j = 1, 2…k.  

A Bayes Net learns Bayesian networks made in nominal attributes and no 

missing values (any such values are replaced globally). Bayes Nets or Bayesian 

networks are graphical representation for probabilistic relationships among a 

set of random variables. Given a finite set X= {X1…Xn} of discrete random 

variables where each variable Xi may take values from a finite set represented 

by Val (Xi). [18] 

IBK (K - Nearest Neighbor): IBK is a k-nearest-neighbor classifier that uses the 

same distance metric. The number of nearest neighbors can be specified 

explicitly in the object editor or determined automatically using leave-one-out 

cross-validation focus to an upper limit given by the specified value. IBK is a 

k-nearest neighbor classifier. A kind of different search algorithms can be used 

to speed up the task of finding the nearest neighbors. A linear search is a default 

but further options include KD-trees, ball trees, and so-called "cover trees". The 

distance function used is a parameter of the search method. The remaining thing 
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is the same as for IBL—that is, the Euclidean distance; other options include 

Chebyshev, Manhattan, and Minkowski distances. [19] Predictions from more 

than one neighbor can be weighted according to their distance from the test 

instance and two different formulas are implemented for converting the distance 

into a weight. [20]. 

Simple Logistic Regression (SLR)  is similar to linear regression, but the 

nominal variable is dependent and not a measurement. The goal of SLR is if 

getting the probability certain value of the nominal variable is related with the 

measurement variable and to forecast the probability of getting a precise value 

of the nominal variable, given the measurement variable [21]. 

Decision tables are one type of analysis method that is commonly used by 

developers for design and specification documents and by others in software 

engineering and other disciplines such as test engineers, test analysts and test 

managers. Decision tables are used mainly because of their visibility, clearness, 

coverage capabilities, low maintenance and automation fitness. Also, decision 

tables are a useful source of information for model-based testing and work well 

on rule-based mechanisms or modeling techniques [22] [23]. 

Voted Perceptron is a perceptron algorithm which takes the advantage of data 

which are separable linearly with a huge verge. The algorithm is simple, 

efficient and easy to implement. It can also be used in very high dimensional 

spaces using kernel functions [24]. 

According to [25] a Lazy Bayesian Rule (LBR) is an algorithm that constructs 

lazily a simple Bayesian rule. This is very a high-level accuracy for any kind of 

prediction for each test instances at a time.    

 

DATASET DESCRIPTION AND ANALYSIS 

In other have a better performance of the algorithms, a total number of dataset 

45,221 instances was collected from Portuguese retail bank, from May 2008 to 

June 2017, in a total of 52,944 phone contacts with the aid of UCI Machine 

Learning Repository. The dataset has 17 attributes of different variable and was 

converted into attribute related file format (ARFF) (a format compatible for 

machine learning) supported by the Waikato Environment for Knowledge 

Analysis (WEKA) tool for the experimentation. Figure 1 shows the 

experimental process for this study and Table 1 shows the attributes used for 

the dataset generation in this study. 

http://www.biostathandbook.com/linearregression.html
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Figure 1 Process flow for the experimentation of this study 

 

Table 1: Attribute Name and Type 

S/N  Attribute Name  Attribute Type 

1  Age  Numeric 

2  Job  Categorical 

3  Marital status)  Categorical 

4  Education  Categorical 

5  Default  Categorical  

6  Balance  Numeric 

7  Housing  Categorical  

8  Loan  Categorical  

9  Contact  Categorical 

10  Day  Numeric 

11  Month  Categorical 

12  Duration  Numeric 

13  Campaign  Numeric 
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14  Pdays  Numeric 

15  Previous  Numeric 

16  Poutcome  Categorical 

17  Categorical 

 

To adequately classify the telemarketing dataset, Bayes Net, Naive Bayes, 

Naive Bayes updateable, Logistic Regression, Multilayer Perceptron, SGD, 

Simple Logistics, SMO, Voted Perceptron, Lazy K-star, Random Forest J48, 

Logistic Model Tree, Decision Table and PART were the algorithms used. For 

proper evaluation, 10 folds cross-validation in this research. The choice of 10 

folds was due to results obtained from broad tests on various datasets, with 

varying learning procedures, that have demonstrated that 10 is about the correct 

number of folds to get the best gauge error for cross-validation, the data is 

partitioned arbitrarily into 10 parts in which the class is represented in 

approximately the same proportions as in the full dataset. Each partition is held 

out in turn and the learning scheme trained on the remaining nine-tenths; then 

its error rate is processed on the holdout set. Hence, the learning procedure is 

carried out 10 times on various training sets. The averages of the 10 error 

estimates are taken to give an overall error estimate. For Comparative reasons, 

the dataset was also run using percentage split which allows a certain percentage 

of the dataset for testing, 75% split was employed for this study work [6] 

 

PERFORMANCE EVALUATION FOR THIS STUDY 

The following are the performance measures and their mathematical 

expressions used in the evaluation of the algorithms which is similar in the 

research of [26] [26]and [28] 

i. True Positive: - This represents instances that are correctly predicted as 

success. 

          (1) 

ii. False Positive: This represents success that are incorrectly predicted as 

failure. 

      (2) 

iii. Precision shows the class agreement of the data labels with the success 

labels given by the predicted. 

      (3)  

iv. Recall shows the effectiveness of a predictor to identify the positive 

labels 
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        𝑅 = 𝑡𝑝

𝑡𝑝+𝑓𝑛
      (4) 

v. F-measure shows the relation between data’s positive labels and those 

given by a predictor. 

      (5) 

vi. Predictive accuracy: -this metric is expressed in %, and it shows the 

number of success predicted in bank telemarketing by each of the 

predictor. 

    (6) 

 

RESULTS AND DISCUSSION 

To effectively evaluate the performance of this machine learning algorithms, 

45,221 instances were used with 17 attributes. 10 folds cross-validation was 

used with 75% split for training and 25 for testing. The comparison of 

performance in terms of Accuracy, Precision, Recall, F Measure, Root Mean 

Squared Error, Receiver Operator Characteristics Area and Root Relative 

Squared Error was performance.  

Figure 2 shows the comparison between 10 fold cross-validation and 75% 

percentage split of the performance prediction accuracy of the algorithms. As is 

shown in the in Figure 2, Rotation Forest has the highest accuracy of 0.950, 

when 10 cross-validations were applied.  Naïve Bayes, Naïve Bayes algorithm 

has the lowest performance of 0.880 when both validation methods are applied. 

This implies with a large number of the trained dataset, Rotation Forest 

performed better when compared with a small number of dataset 

 

 
Figure 1: Prediction accuracy 
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Figure 1. Prediction accuracy of the algorithm with 10 fold cross-validation 

and 75% split 

Figure 3, 4 and 5 indicated the three performance measure which includes 

precision, recall and f-measure. The Figure 2, 3 and 4 indicated highest 

precision rate of 0.946 in SMO algorithm when using 10fold cross-validation. 

In both validation methods, voted perceptron has the lowest performance of 

0.821 in all the three performance measures. 

 
Figure 2: Performance of Precision rate on the algorithms. 

 

 
Figure 3: Recall performance on all algorithms 
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Figure 4: F-measure Performance on all algorithms  

 

Figure 5 TP Rate performances on all algorithms 
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Table.2 Results of Accuracy, Precision, Recall, F-Measure, TP Rate, FP 

Rate  

S/N

o 

Algorithms TP Rate FP Rate Accuracy Precision Recall F-measure 

  

 

10- 

folds 

75% 

split 

10-

folds 

75% 

split 

10-

folds 

75% 

split 

10-

folds 

75% 

split 

10-

folds 

75% 

split 

10-

folds 

75% 

split 

1 Bayer Net 0.884            0.884 0.492 0.505 0.88 0.88 0.88

6 

0.876 0.890 0.88

4 

0.888 0.880 

2 Naïve Bayes 

 

0.880 0.881

  

0.426 0.427 0.881 0.881 0.88

4 

0.884 0.880 0.88

1 

0.882 0.882 

3 Naïve Bayes 

Updateable 

0.880 0.881

  

0.426 0.427 0.88 0.88 0.88

4 

0.884 0.880 0.88

1 

0.882 0.882 

4 Logistic 0.902 0.902 0.580 0.578 0.90 0.90 0.88

7 

0.887 0.975 0.97

6 

0.946 0.946 

5 Multilayer 

perceptron 

0.900     0.900     0.527 0.528     0.89 0.899 0.88

7 

0.887 0.895 0.90

0 

0.891 0.891 

6 SGD 0.894     0.893 0.674     0.672 0.89 0.89 0.87

7 

0.874 0.896 0.89

4 

0.876 0.872 

7 Simple 

Logistic 

0.901 0.900 0.586     0.575 0.90 0.90 0.88

6 

0.886 0.901 0.90

1 

0.887 0.886 

8 SMO 0.891 0.890 0.723   0.722 0.89 0.89 0.89

3 

0.900 0.965 0.98

6 

0.944 0.941 

9 Voted 

Perceptron 

0.859     0.857 0.766     0.755 0.86 0.85 0.82

6 

0.821 0.865 0.85

9 

0.840 0.835 

10 Lazy KStar 0.890         0.892 0.599     0.590 0.89 0.89 0.87

5 

0.872 0.892 0.89

0 

0.879 0.877 

11 Random 

Forest 

 0.905 0.902 0.503  0.515     0.950 0.90 0.89

4 

0.890 0.905 0.90

2 

0.897 0.893 

12 J48 0.903 0.903 0.475 0.463 0.90 0.90 0.89

5 

0.894 0.903 0.90

3 

0.898 0.897 

13 LMT 0.904 0.903 0.493     0.503 0.90 0.90 0.89

2 

0.894 0.903 0.90

4 

0.895 0.897 

14 Decision 

Table 

0.899     0.900 0.572 0.551 0.90 0.89 0.88

6 

0.884 0.900 0.89

9 

0.889 0.886 

15 PART 0.891     0.890 0.458 0.458 0. 89 0.89 0.88

6 

0.886 0.945 0.89

1 

0.938 0.888 

 

CONCLUSION 

The experiment of this study was conducted in WEKA using a direct marketing 

deposit dataset. This study applied and compare the prediction performances of 

several machine learning algorithms in terms of prediction ability. This provides 

an improvement over the study undertaken by in previous research works where 
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they compared the performances of MLPNN, Decision Tree and Logistic 

Regression with the classifier coming first. These insights and revelations 

would go a long way to improve the effectiveness of bank direct marketing as 

well as telemarketing to banks and other financial institutions. 

From the results obtained 14 different prediction algorithms (including 

commonly used algorithms) using two test options established that, some 

uncommon algorithms perform relatively well on the telemarketing dataset. 

Random Forest emerged as the best with an accuracy of 0.950 even better than 

some commonly used prediction algorithms including J48 which records 0.90 

accuracy, Naïve Bayes with 0.880and Multilayer Perceptron with 0.860. The 

results are promising for further applications in telemarketing problems. 
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