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Abstract 

 

In this paper, we show the application of three algorithms of machine learning 

(Decision Trees, Naive Bayes and Artificial Neural Networks) to predict whether a 

client subscribes or not to a deposit term in banking entities. A comparative study 

between the algorithms is carried out in order to establish a frame of reference in 

the use of these to solve problems related to marketing campaigns. To test the 

algorithms, a dataset was used that collects information from clients of different 

years. 
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1. Introduction 
 

The stored information in the telecommunication industry can be classified in call 

records, network information and costumer data [1]. Among another objective, the 

companies from telecommunication industry look for improving their business 

results. However, this improvement doesn´t mean exclusively a costumer or rates 

increase, but that it´s important to understand each business as a great system where  
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many factors interact. Therefore, changes that imply a better treatment to customers 

or a more efficient use of resources can be satisfactory beside the way to get it is 

not evident. The application of learning machine algorithms can be divided in three 

major fields in telecommunication industry: marketing, fraud detection and quality 

control. [2] This paper describes the process to make the classification in a bank 

environment that predicts if a customer is signed to a deposit term; using learning 

machine algorithms, such as: Arficial Neural Networks (ANN) [3] Decision Tress 

(Specifically, we the C4.5 tree is used) [4] y Naive Bayes (NB) [5]; in the same 

way, it describes the whole process to find new knowledge from the gathering and 

integration to the knowledge patterns attainment [6]. In this way, a comparative 

study between algorithms to predict the desired value is made, providing the 

solution to a problem in the direct bank marketing environment. 

 

2. Problem 
 

There are two major fields for the companies to promote the products or services: 

through the massive campaign or marketing aimed to a specific contacts set. 

Nowadays, in a global competitive world, positive responses to the massive 

campaigns are generated, but are mostly rare, less than 1%, according to the study. 

It is worth stressing that, due to the intern competition and to the current financial 

crisis, there are huge pressures from banks to increase the financial asset. To solve 

this problem, an adopted strategy is to offer long term applications about deposit 

with low interest rates, especially through the use of aimed marketing campaigns.  

To reach it, it is supposed to leverage the potential of learning machine algorithms, 

and make a previous study about the database which helps to focus the task to the 

potential customers, delating the little consumptions or expenses that doesn´t mean 

any production or profit; the call-center field has currently grown up a lot, in this, 

are constantly doing calls with the aim of changing the customer’s mind about 

getting any product, and it’s not a secret that more than 90% of them deny the offer, 

but it is clear that the efficacy also relies on the seller who faces the customer, 

however, the most of the time, the database is not outlined to the kind of customers 

that the company requires, and just few times it makes a discrimination of potential 

customers, studying the available database. Although it is an exhausting process, 

the use of learning machine algorithms can be helpful to make a good 

discrimination, moreover it can work safer. [7] [8]  

The aim is to find a model capable to explain the success of a contact, in other 

words, if the customer signs the deposit. This model can increase the campaign’s 

efficiency through the identification of the major features that impact the success, 

which helps to reach a better management of available resources (for instance, the 

human effort, phone calls, time) and the assortment of a high quality set and 

affordable for the potential purchase customers. [7] [8]  

 

3. Methodology 
 

This section describes the type of scientific research used in the article along with  
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the research method and the development methodology. The type of scientific 

research applied in this paper is descriptive-exploratory with an experimental 

approach. According to the formal research process, a hypothetical - deductive 

method was used in which a hypothesis was formulated, which through empirical 

validation was validated through deductive reasoning. It was established, based on 

the experimentation, a mechanism for weighting the algorithm evaluation indicators 

in such a way that it was possible to evaluate said mechanism when changing the 

dataset. The following tasks are defined to obtain the results, after applying the 

appropriate algorithms in feature selection: - The basis for the development of this 

paper is based on the analysis and choice of machine learning algorithms. - 

Collection, integration, and data preprocessing. - Definition and application of tests 

of the algorithms. - Review of test results.  

 

4. Machine Learning Algorithm 
 

The main goal of machine learning is to study, engineer, and improve mathematical 

models, which can be trained with context-related data, to infer the future and to 

make decisions without complete knowledge of all influencing elements. [9] In this 

paper, we using machine learning algorithms to perform the classification in a 

banking environment that predicts whether or not a client subscribes to a deposit 

term. 

 

4.1.1. Decision trees 

The decision trees are a representation in which each set of possible conclusions is 

implicitly established by a list of known class samples [10] [4]. A Decision tree is 

a tree structure that classifies a sample of entrance in one of its possible classes; 

they are used to extract knowledge in large volumes of data, generating rules, which 

are used to support decisions. Decision tree has a simple form that efficiently 

classifies new data. [11] [12] 

These trees are considered as an important tool for data mining; compared to other 

algorithms, decision trees are faster and more accurate [13]. These learning methods 

are the most popular inductive inference algorithms and they have thriving 

application in various machine learning tasks. [14] [15]. There are three 

fundamental steps to feature selection with decision trees: first of all generate the 

tree; then, from this generate the rules and later select the features by observing the 

ones most used in the rules. The theory of information provides a mathematical 

model (ec. 1) to measure the total disorder in a database; however, this does not 

guarantee that a smaller tree is built, that is, with low height and branch. 

 

𝑑𝑖𝑠𝐴𝑣𝑒𝑟 = ∑
𝑛𝑏

𝑛𝑡

𝑏
1 ∗ ∑ −

𝑛𝑏𝑐

𝑛𝑏

𝑐
1 𝑙𝑜𝑔𝑐 (

𝑛𝑏𝑐

𝑛𝑏
)                                                                 (1) 

 

Where:  

nb Is the number of samples of attribute b 

nt Is the total number of samples 
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nbc Is the number of samples of attribute b belonging to class c. 

The C4.5 algorithm allows you to build a decision tree using the "divide and 

conquer" algorithm and evaluates the information in each case using the criteria of 

Entropy, Profit or Profit Ratio, as the case may be. [4]  

 

4.1.2. Naive Bayes 

Bayesian methods provide a way to incorporate external information into the data 

analysis process, that is, completely change the vision of the data analysis process 

with respect to the classical approach. [16] The concept of conditional probability 

is introduced in Elementary Statistics. We used P(B|A) to denoted the conditional 

probability of event B occurring, given that event A has already occurred. [17] The 

following formula was provided for finding P(B|A): 

 

𝑃(𝐻|𝑂) =
𝑃(𝑂|𝐻)𝑃(𝐻)

𝑃(𝑂)
                                                                                           (2) 

 

Naive Bayes has proven effective in many practical applications, including text 

classification, medical diagnosis, and systems performance management. [18] [19] 

A Naive Bayes classifier assumes that the value of a particular feature of a class is 

unrelated to the value of any other feature, so that: 

 

𝑃(𝐶𝑘|𝐴𝑖) = 𝑃(𝐶𝑘)∏ 𝑃(𝐴𝑖|𝐶𝑘)
𝑛
𝑖=1                                                                                   (3) 

 
Where: 
Ai is the i-th feature 

n is number of features 

Ck is the k-th class 

For qualitative (descriptive) features, the rule of Laplace can be used; that is: 
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Where: 
𝑛(𝑥𝑖 , 𝑃𝑎(𝑥𝑖)) Is favorable sample 

𝑛(𝑃𝑎(𝑥𝑖)) Is total sample 


𝑥𝑖

 Is possible samples 

For numerical features, we used normal probability distribution function. 
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4.1.3. Artificial Neural Networks (ANN) 

ANN are models based on the neural structure of the brain. The brain basically 

learns from experience. A neural network consists of simple processing units, the 

neurons, and directed, weighted connections between those neurons. Here, the  
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strength of a connection (or the connecting weight) between two neurons i and j is 

referred to as wij. Data are transferred between neurons via connections with the 

connecting weight being either excitatory or inhibitory. A classic among the neural 

networks. If we talk about a neural network, then in the majority of cases we speak 

about a perceptron or a variation of it. Perceptrons are multilayer networks without 

recurrence and with fixed input and output layers. [20] In ANN, the most popular 

method of learning is called backpropagation algorithm. Next, we describe the 

Backpropagation algorithm: [21] 

 

Step 1. Initialize weights of the network 

Step 2. Select an input pattern 

Step 3. Compute output of the network 

Hidden layer   
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Step 4. Compute the error for neurons 

Output neurons      yyyd pkpkpkpk
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Step 5. Update weights 

Weights output layer  
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Weights hidden layer  
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Step 6. The process is repeated until the error is acceptable small for each of the 

patterns learned 
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There is a marketing application, which has been integrated with a neural network 

system. The Airline Marketing Tactician (a trademark abbreviated as AMT) is a 

computer system made of various intelligent technologies including expert systems. 

A feedforward neural network is integrated with the AMT and was trained using  
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backpropagation to assist the marketing control of airline seat allocations. The 

adaptive neural approach was amenable to rule expression. [22]  

 

5. Results 
 

We use a database related to tasks in the financial field with client information [23]; 

it has 17 features; we want to do the estimate of whether a client has subscribed or 

not to a bank deposit term [7] [8]. The database consists of 45211 samples that were 

taken from clients of a bank, between May 2008 and November 2010. Table 1 

shows the description of the dataset. 

 

Table 1. Database description [23] 

Features Data type 

Age, Balance, Duration, 

Campaign, Pdays, Previous, and 

Poutcome 

Numeric 

Job, Marital, Education, Default, 

Housing, Loan, Contact, Day, and 

Month,  

Categorical 

Class has the client subscribed a term 

deposit? ('yes', 'no') 

 

We used the BestFirst selection method, is a supervised features filter that can be 

used to select features and allows various search and evaluation methods to be 

combined. Selecting the most relevant features for the analysis of the estimation 

process in the client subscription, allows obtaining better results. On the other hand, 

non-relevant features generate noise in the estimation process. Applying this 

method, the following features are selected: MARITAL, HOUSING, LOAN, 

DURATION and POUTCOME. These features are used to estimate if the client 

subscribe a term deposit. Next, the results obtained after applying the three 

algorithms in reference are described: Artificial Neural Networks, Naive Bayes and 

Decision Trees. [24] [25] [26] We used WEKA to test the algorithms. 

 

Decision trees 

In WEKA the decision trees are represented with the J48 algorithm (this is the in 

JAVA programming language version of decision tree C4.5); for this algorithm the 

following options described in table 2 were configured. 

 

Table 2. Decision Tree parameters description 

Parameter Description 

unpruned Pruning is performed 

confidenceFactor The confidence factor used for pruning  

numFolds Determines the amount of data used for reduced-error 

pruning.   

reducedErrorPruning Reduced-error pruning is used instead of C.4.5 pruning 
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Table 2. (Continued): Decision Tree parameters description 

useLaplace Counts at leaves are smoothed based on Laplace 

subtreeRaising Consider the subtree raising operation when pruning 

minNumObj The minimum number of instances per leaf 

useMDLcorrection Used when finding splits on numeric attributes 

 

In Table 3, we show the confusion matrix, which reflects the degree of effectiveness 

of the J48 algorithm to classify has the client subscribed a term deposit (binary: 

'yes', 'no'). In training the J48 algorithm is learned correctly that 38780 (97,13%) 

clients do not subscribe; similarly, algorithm learn that 1907 (36,05%) customers if 

they subscribe. A possible reason for the J48 algorithm to generate a low 

effectiveness in the estimation of clients that "yes" is written is that the number of 

records belonging to the clients that "yes" subscribe is much lower than those that 

"do not" subscribe. 

 

Table 3. Effectiveness of the J48 algorithm 

 

 No Yes Correct samples 

No 38780   1142 97,13% 

Yes 3382   1907 36,05% 

 

Table 8 shows additional information to the results generated by J48 algorithm. The 

effectiveness of training results is 89.9% and an error of 10.1%; which allows to 

deduce that the decision trees are a good option to classify the profiles of clients 

that subscribe and those that do not subscribe. 

 

Naive Bayes  

Numeric estimator precision values are chosen based on analysis of the training 

data. The NaiveBayesUpdateable classifier will use a default precision of 0,1 for 

numeric features when buildClassifier is called with zero training instances. [27] 

Table 4 shows the configured parameters of the Naive Bayes. 

 

Table 4. Naive Bayes parameters description 

 

Parameter Description 

useKernelEstimator Use a normal distribution 

batchSize The preferred number of instances to process if 

batch prediction is being performed  

displayModelInOldFormat  Use old format for model output  

useSupervisedDiscretization Convert numeric attributes to nominal ones 

 

The confusion matrix, show the degree of effectiveness of the Naive Bayes to 

classify has the client subscribed a term deposit (binary: 'yes', 'no'). In training the 

Naive Bayes is learned correctly that 38646 (96,80%) clients do not subscribe; 

similarly, algorithm learn that 1913 (36,16%) customers if they subscribe (table 5). 
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Table 5. Effectiveness of the Naive Bayes Algorithm 

 

 No Yes Correct samples 

No 38646   1276 96,80% 

Yes 3376   1913 36,16% 

 

Table 8 shows additional information to the results generated by Naive Bayes. The 

effectiveness of training results is 89.7% and an error of 10.2%. 

 

Artificial Neural Networks 

ANN use backpropagation algorithm to classify instances. ANN can be built by 

hand, created by an algorithm or both; in this case, we use and only hidden layer 

for the network. The network can also be monitored and modified during training 

time. The nodes in this network are all sigmoid (except for when the class is numeric 

in which case the the output nodes become unthresholded linear units).  Table 6 

shows the main parameters configured for the ANN, used for the estimation of 

customer subscriptions. 

 

Table 6. ANN parameters description 

Parameter Description 

momentum Momentum applied to the weights during updating 

hiddenLayers This defines the hidden layers of the neural network 

validationThreshold Used to terminate validation testing 

decay This will cause the learning rate to decrease.  

LearningRate The amount the weights are updated. 

 

The confusion matrix of the table 7, show the degree of effectiveness of the ANN 

to classify has the client subscribed a term deposit (binary: 'yes', 'no'). The algorithm 

of training (backpropagation) learned correctly that 38592 (96,66%) clients do not 

subscribe; similarly, algorithm learn that 2055 (36,16%) customers if they 

subscribe. 

 

Table 7. Effectiveness of the ANN 

 No Yes Correct samples 

No 38592   1330 96,66% 

Yes 3234   2055 38,85% 

 

For the initial weights of the ANN, heuristic information was used based on the 

number of network inputs, number of outputs and the number of weights 

(connections). Likewise, a heuristic was used that reduces the learning rate and 

momentum during the training time; this guarantees that in the iterations last the 

training error oscillates in a minimum proportion. This heuristic information 

allowed to reduce the training time of the ANN and to improve the effectiveness in 

the classification of subscriptions. Table 8 shows additional training information 

from the ANN. 
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Table 8. Results summary 

Parameter ANN Naive Bayes Decision Trees 
Correctly classified samples 89,90% 89,71% 89,99% 

Incorrectly classified samples 10,09% 10,28% 10,00% 

Kappa statistic 0,421 0,3983 0,4067 

Mean absolute error 0,151 0,1397 0,1543 

Root mean squared error 0,2721 0,2872 0,2792 

Relative absolute error 73,08% 67,61% 74,68% 

Root relative squared error 84,65% 89,34% 86,86% 

Total number of samples           45211 45211 45211 

 

6. Conclusions 
 

We tested three algorithms that show three models; these generate subscription 

results, which can increase the effectiveness of the campaign by identifying the 

most relevant characteristics (MARITAL, HOUSING, LOAN, DURATION and 

POUTCOME) that influence the Successful campaigns. With these results, banks 

can improve the management of available resources and the selection of a high-

quality set of clients. 

As observed in the results, the three algorithms have a similar and relatively high 

classification effectiveness; this may have an explanation, and is that the data set 

has no outliers or missing values. In addition, prior to the application of the 

algorithms, a features selection is made. 

Decision trees have a slight advantage over the other two algorithms in 

effectiveness, one reason may be that the features selected for the analysis are 

descriptive, and a strength is precisely a good performance of decision trees with 

this type of data. 

Despite its unrealistic independence assumption, the Naive Bayes classifier is 

surprisingly effective in practice since its classification decision may often be 

correct even if its probability estimates are inaccurate.  

ANN show a better effectiveness in the clients than if they subscribe, this comparing 

with decision trees and Naive Bayes; this is normal for ANN since they are designed 

to generate good results; even with the existence of noise in the data. 
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