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Abstract— In the current world, direct marketing has become 

an effective tool to promote the products and services directly 

to the customers who are interested in them. Consequently, it 

has generated a widespread popularity among enterprises to 

research about it comprehensively. There are numerous 

factors which affect the demand for a product or a service. 

Several factors include the changes in customer's preferences, 

technological advancements, and price and income levels. 

Our objective is to provide how classification algorithms 

could be used to predict the outcome of a direct bank 

marketing strategy which would help the enterprises 

understand the mindset of the customers. We mainly focus on 

the K-NN classifier and Naive Bayes classifier and divert into 

other classification algorithms such as logistic regression, 

decision tree, and random forest. Several parameters are 

given as an input for the classification algorithms to get a 

detailed overview and accurate values of the predictions. 
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I. INTRODUCTION 

There are two main approaches for enterprises to promote 

products and services: 

1) Via mass campaigns, targeting general indiscriminate 

public 

2) Directed marketing, targeting a specific set of contacts. 

[13] 

Nowadays, positive responses to mass campaigns in a 

globally competitive world, have been less than 1%. 

Alternatively, directed marketing focus on targets that who 

are keener to buy that specific product/service, making this 

kind of campaigns more attractive due to its efficiency. [15] 

Nevertheless, directed marketing has some drawbacks as 

well. For instance, it may trigger a negative attitude towards 

banks due to the encroachment of privacy of the 

customers.[14] [2] 

 Within a direct marketing campaign, the human 

agents execute phone calls to a list of clients to sell the deposit 

which is outbound or, if meanwhile, the client calls the 

contact-center for any other reason, which is inbound, he is 

asked to subscribe the deposit. The customer could either 

accept or reject the deposit offer. Hence, the result could be 

successful or unsuccessful. [1] 

 Our paper emphasizes on how K-NN algorithm and 

the Naive Bayes algorithm are used for classification purpose. 

It also concerns the application of Logistic regression, 

Decision tree, and Random forest. 

II. METHODOLOGY 

A. Dataset 

The data is related with direct marketing campaigns of a 

Portuguese banking institution. The marketing campaigns 

were based on phone calls. Often, more than one contact to 

the same client was required, in order to access if the product 

(bank term deposit) would be ('yes') or not ('no') subscribed. 

There are four datasets: 

1) bank-additional-full.csv with all examples (41188) and 

20 inputs, ordered by date (from May 2008 to November 

2010), very close to the data analysed in [1] 

2) Bank-additional.csv with 10% of the examples (4119), 

randomly selected from (1), and 20 inputs. 

3) Bank-full.csv with all examples and 17 inputs, ordered 

by date (older version of this dataset with fewer inputs). 

4) Bank.csv with 10% of the examples and 17 inputs, 

randomly selected from 3 (older version of this dataset 

with fewer inputs). 

 The smallest datasets are provided to test more 

computationally demanding machine learning algorithms 

such as SVM etc. The classification goal is to predict if the 

client will subscribe (yes/no) a term deposit (variable y). [3] 

In our paper, we have taken  bank-additional-full.csv (1) as 

our dataset. 

 
Fig. 1: Bank Marketing Dataset 

B. Data Preprocessing 

The Bank marketing dataset is imported and the duration 

attribute is trimmed from the dataset since it has a direct 

relationship with the dependent variable. The null values are 

to be eliminated from the dataset. Below image displays the 

dataset after performing the above computations. 

 
Fig. 2: Bank Marketing Dataset after Removing Duration 

Attribute & Null Values 

 In the next step, one hot encoding is performed on 

the categorical attributes using dummy variables since the 
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data needs to be in numerical form for applying classification 

algorithms. 

 
Fig. 3: Bank Marketing Dataset after One Hot Encoding 

C. Classification Techniques 

Classification is the most commonly applied data mining 

technique, which develops a model and classifies the data 

based on the built model. The goal of Classification is to 

predict and assign data points to target categories or classes 

accurately. To perform classification, several mathematical 

techniques such as decision trees, linear programming, neural 

networks, and statistics are required. [5] 

 A classification task begins with a data set in which 

the class assignments are known. In training model process, 

a classification algorithm finds relationships between the 

values of the predictors and the values of the target. Different 

classification algorithms apply different techniques for 

finding relationships. These relationships are summarized in 

a model which is built using the training data points. They can 

be applied to a different data set in which the class 

assignments are unknown. The accuracy of the classification 

models is tested by comparing the predicted values to known 

target values in a set of test data. Universally, in classification 

projects, the dataset is typically divided into two parts: one 

for building or training the model; the other for testing the 

model. [6] 

D. K-Nearest Neighbors Classification 

The k-nearest neighbors algorithm (K-NN) is a non-

parametric method used for classification and regression.[4] 

The distance metric to be implemented and the number of 

neighbors formed is to be provided to the algorithm as 

parameters. Popular distance metrics generally used are 

Euclidean, Manhattan, Minkowski. In our paper, we have 

used the Euclidean distance metric and the number of 

neighbors as 5. The accuracy on the test data was found out 

to be 87.7%. 

 Moreover, the number of neighbors in the K-NN 

function have been varied to achieve the highest accuracy 

possible and this has been formulated in a graph. The graph 

suggests that as the number of neighbor’s increases from 2 to 

6, the accuracy of the test data increases and from 6 to 10, it 

almost remains constant. Thus, we could say that the ideal 

number of neighbors to be constructed using K-NN algorithm 

for the given dataset is 6. 

 
Fig. 4: Accuracy vs Number of Neighbours visualization 

using K-NN Algorithm 

E. Naive Bayes Classification 

Naive Bayes Classification is based on the Bayesian theorem. 

Given a hypothesis A and evidence B, Bayes' theorem states 

that the relationship between the probability of the hypothesis 

before getting the evidence and the probability of the 

hypothesis after getting the evidence is 

 
 Naive Bayes is the simplest form of a Bayesian 

network, which follows conditional independence. In it, all 

the attributes are independent given the value of the class 

variable.   The conditional independence assumption is rarely 

true in most real-world applications. By extending the Naive 

Bayes structure to represent explicitly the dependencies 

among attributes, the limitations could be overcome. [11] 

 The naive Bayes classifier assumes that features are 

independent given class which greatly simplifies learning. In 

practice, Naive Bayes often competes well with more 

sophisticated classifiers, irrespective of its poor assumption 

about independence.[7] By assuming a Gaussian distribution, 

Naive Bayes can be extended to real-valued attributes. 

Gaussian NB implements the Gaussian Naive Bayes 

algorithm for classification. The likelihood of the features is 

assumed to be Gaussian. 

 
 After applying the Naive Bayes classifier function, 

the accuracy of the prediction model was found out to be 

84.5%. 

F. Logistic Regression 

Generally, logistic regression is applied to a binary dependent 

variable. It is used to find a relationship between a categorical 

outcome variable and one or more categorical or continuous 

predictor variables. [8] Moreover regularization is applied to 

increase the magnitude of parameter values in order to reduce 

overfitting. We have built 3 different logistic models with 3 

different regularization strength values i.e C=1,100 and 0.01 

and the accuracies are 89.5%, 89.3% and 89.5% respectively. 

G. Decision Tree Classification 

A decision tree uses a model of decisions and their possible 

consequences, including chance event outcomes, resource 

costs, and utility. The output of the decision tree is a tree-like 
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graph. Classification on conditional control statements could 

be possible using a decision tree algorithm. A decision tree 

typically starts with a single node, which branches into 

several possible outcomes which leads to additional nodes, 

which branch off into additional nodes. This gives it a tree-

like shape. [9] 

 In our paper, we have taken the maximum depth 

parameter of the decision tree function as 4 since having too 

many levels would lead to higher memory consumption and 

makes it complex. Gini criterion is used to measure the 

quality of the split. The accuracy obtained is 89.0%. The 

decision tree generated from the above calculations is 

displayed below. 

 
Fig. 5: Decision Tree with Maximum depth = 4 

H. Random Forest 

By growing trees in a group, with each tree given some 

random parameters, a substantial gain in accuracy could be 

achieved. Once several trees are developed, final predictions 

of all the trees are aggregated in the group, which leads to an 

increase in the accuracy. As the elements of the group are 

tree-like structures, and since each of these trees are given 

random parameters as input, these procedures are called 

"random forests".[12] Random forests or random decision 

forests are an ensemble learning method for classification, 

regression, and other tasks. They operate by constructing a 

group of decision trees at training the model phase and they 

output the mode of the classes of the individual trees in the 

random forests for classification purpose or mean prediction 

of individual trees in the random forests for regression 

purpose. [10] 

 In our paper, we have taken the number of trees as 

10 and used the entropy criterion as the quality of a split. The 

accuracy obtained using the random forest algorithm is 

89.7%. 

I. Requirements 

 Anaconda Spyder IDE 

 Bank marketing dataset 

III. PROPOSED SYSTEM 

The designed system allows the user to perform classification 

algorithms to predict the outcome of the bank marketing. It 

also helps to identify the customers who are more favourable 

towards subscribing for the bank deposit. 

More functionalities could be performed on the data. Such as: 

 The parameters of each classifier could be varied to 

increase the accuracy of the classifier. 

 Visualizations could be implemented to understand the 

complex results of classifiers in a simpler way. 

 Complex classification algorithms could be implemented 

to increase the accuracy. 

IV. CONCLUSION 

We have successfully implemented classification algorithms 

to predict the outcome of the bank marketing which would 

help the enterprises decide which customers would be more 

likely to subscribe to the product which in this case is a long-

term deposit. The accuracies obtained by classification 

algorithms are as follows: 

 K-NN Classifier- 87.7% 

 Naive Bayes Classifier - 84.5% 

 Logistic Regression (C=1) - 89.5% 

 Logistic Regression  (C=100) - 89.3% 

 Logistic Regression (C=0.01) - 89.5% 

 Decision Tree - 89.0% 

 Random Forests -  89.7% 

 Random forests classifier has achieved the highest 

accuracy and Naive Bayes classifier has achieved the least 

accuracy amongst the applied classifiers. 
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