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A B S T R A C T  

Bank marketing campaigns mostly rely on human expert’s opinions on choosing potential customers. This method is 

time consuming and lacks accuracy. Marketing offers being send out to customers are mostly targeting the customers 

with irrelevant products that are not suitable according to their financials and transactional history. This mismatch 

means, the bank is wasting their precious marketing resources and missing opportunities to please loyal customers and 

hence lost the profit. In this paper, a Pakistani banking dataset has been analyzed using two Machine Learning 

algorithms i.e. Decision Tree (Cart 4.5) and Random Forest to perform data analytics and recommend the best 

customer-product pair. The main intent of this research paper is to identify different banking products (Two Different 

Term Deposits Categories) suitable for various contrasting customers. The experimental results obtained will help in 

predicting and contacting the relevant customers with the best Term Deposit Category suitable according to their 

financials and also identifying the key features contributing towards the subscription of different Term Deposit categories. 

The performance evaluation of these algorithms are computed and determined by three of the statistical measures: 

classification accuracy, specificity and sensitivity. 
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Banks have very structured and detailed information 

and transaction records of every single customer that 

could be termed as big data[1][2]. This banking big data 

can be used for many purposes by extracting useful 

information from it. The under-utilization of keeping 

complete portfolio of the customers provide no other big 

benefit other than anti money laundering tracking or 

capturing fraudulent activities. However, this big data 

using machine learning models can be used for marketing  

 

different banking products for each type of customer and 

maximize the direct marketing campaigns of the bank and 

bring out more revenue, and profit for the bank [3][4]. 

Marketing not only helps in bringing more customers to 

the bank or selling out more products to customer, but it 

also improves the ranking and position of bank in this 

competitive environment which is quite important [5]. 

As the technology advances, the era of machine 

learning and big data analytics urges us to replace the old 
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method of marketing strategies being used in banks [6] be 

replaced by new and innovative methods that provide 

maximum accuracy and offers fast processing, resulting in 

improved and timely results [7]. Similarly, banks can use 

supervised machine learning algorithms that can help the 

marketing teams to identify which banking product would 

be suitable for which customer  and they would contact 

the customers accordingly [8]. Since they will not be 

blindly targeting the customers with the products not of 

customers’ interest. 

 For example, a person who is maintaining just an 

average balance of 25 thousand PKR will not be 

interested in having a luxurious car loan instead; he would 

be more inclined towards saving products. A person’s 

credit and debit monthly history, total number of accounts, 

average monthly balance maintained, category (type) of 

the account already existing, source of income and many 

other similar parameters could be used to predict the best 

customer-product pair. This customer-product pair will 

definitely help the marketing teams to streamline their 

customer targeting process and will also increase the 

customer satisfaction as the customers will not be 

bothered by wrong advices and wrong products. 

This research is crafted into following sections: The 

successive section presents the related work and 

literature review. Section 3 shows the research 

methodology. Section 4 provides the experimental results 

and discussions. Whereas, Section 5 shows the 

conclusion and future directions. 

 

 

The term ‘direct marketing’ introduced by Lester 

Wunderman means to eliminate the distributors and put 

the producer and customer into direct contact [9]. 

Numerous diverse studies have been conducted by many 

researchers and data miners in the aspect of bank direct 

marketing. Analysis of data mining techniques to help 

direct marketing of bank by use of multilayer perception 

neural network (MLPNN), Nominal regression or logistic 

regression (LR), tree augmented Naïve Bayes (TAN) 

known as Bayesian networks and Ross Quinlan new 

decision tree model (C5.0) in order to know which 

customers will subscribe to Term Deposit and which will 

not [10]. A Portuguese bank data for direct marketing has 

been used to perform three iterations of CRISP-DM 

methodology for tuning the Data mining model results. 

The best model found to be was SVM. Sensitivity analysis 

was used to measure the input variable importance in the 

SVM that can be used by Bank managers to enhance 

their marketing campaigns[11]. Two main objectives are 

assessed in of a classical bank direct marketing campaign 

dataset. The first main objective was to foresee the 

customer response to bank’s direct marketing campaign 

[12] through using four classifiers: Decision Tree (C4.5), 

Random Forest (RF), Multilayer Perceptron Neural 

Network (MLPNN) and Logistic Regression [13]. Out of 

which Random Forest proved to be the best Classifier 

with an accuracy of 87%. Identification of key features of 

customer to subscribe to a term deposit or not, using 

clustering analysis was the second objective. In AWS 

Machine Learning is used to predict whether a customer 

will acquire a product being offered by the bank or not 

[14][15]. Predictive analysis has been used using Logistic 

Regression and AUC as a metric for evaluation of model 

in the banking sector [16]. A Portuguese banking dataset 

has been analyzed in [11] to predict the success of 

telemarketing calls for selling bank long-term deposits to 

customers. Data mining analysis has used four different 

types of techniques named Neural Networks, Support 

Vector Machine, Decision Trees and Logistic Regression 

[17]. Two metrics that were used for data mining model 

analysis is AUC and ALIFT (area of the LIFT cumulative 

curve) [18]. The NN gives the best results. Deep Neural 

Networks, the most famous and attractive machine 

learning technique has been used in [19] to predict 

whether the given customer is suitable for contacting 

through telemarketing or not. The accuracy achieved by 

DCNN was 76.70%. The dataset from a U.S.-based 

catalog direct marketing company was analyzed in [20] 

and results suggest that Bayesian Network are better in 

terms of accuracy of prediction and in modeling consumer 

response. An e-commerce that helps in customer 

satisfaction and also promotes the sales is proposed in 

[21] that uses an improved Apriori-based personal 

recommendation algorithm. 

 

 

 Corpus Collection and Specification 

Pakistan’s private bank customer corpus has been 

used to assess and evaluate the performances of 
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Decision Tree (C 4.5) and Random Forest classifiers. The 

name of bank cannot be disclosed due to privacy and 

security concerns. The dataset contains (4000) samples 

with (6) attributes and no missing values. The facet of 

data set is composed of two types of attributes: numeric 

and nominal (categorical) attributes. Numerical: which are 

Age, Average Balance, Monthly Debit turnover, Monthly 

Credit turnover and nominal attributes are Category 

(nature of account), Sector (type of customer either 

individual, sole proprietor etc.). The class that have to be 

predicted also consists of nominal attribute named 

Product. Detailed attribute description is given in Table 1. 

Table 1. Bank’s Customer Corpus Description    

# Attributes Kind Attribute Illustration 

1. Age Numeric Age of different customers 

2. Category Nominal 

 1001 (XYZ RUPEE CURRENT ACCOUNT) 

 1026 (XYZ ASAAN CURRENT ACCOUNT) 

 6001 (XYZ RUPEE SAVINGS ACCOUNT) 

 6002 (XYZ BACHAT ACCOUNT) 

 6004 (XYZ KAROBARI MUNAFA ACCOUNT) 

 6008 (XYZ BUSINESS PLUS ACCOUNT) 

 6012 (XYZ Non Res. Pak ACCOUNT) 

 6017 (XYZ KIDS CLUB ACCOUNT) 

 6018 (XYZ TEENS CLUB ACCOUNT) 

 6025 (XYZ ASAAN SAVINGS ACCOUNT) 

3. Sector Nominal 

 1001 (Individual) 

 105 (Corporate) 

 1002 (Staff) 

 1003 (Photo Account) 

 1006 (Minor) 

 1009 (Non – Resident) 

 1100 (Sole Proprietor) 

 1110 (Partnership) 

 1120 (Private Ltd. Company) 

 1126 (Government Organization) 

 1140 (Trust/Club/NGO) 

4. 
Monthly Credit 

Turnover 
Numeric 

It is the summation of all the credit transactions within a month of a particular 

account 

5. 
Monthly Debit 

Turnover 
Numeric 

It is the summation of all the debit transactions within a month of a particular 

account 

6. 
Average Monthly 

Balance 
Numeric 

Average monthly balance sums the closing balance of account at the end of each 

day and divides it by the number of calendar days in the month. 

7. Product 

Nominal(

categoric

al) 

Output Variable- which type of TDR has been chosen by the customer. 

 TDR1 = COII ON MATURITY PAYMENT (Deposit Amount equal or 
greater than 50 Thousand PKR) 

 TDR2 = COII ON MONTHLY PAYMENT (Deposit Amount equal or 
greater than 2 Lac PKR) 

 

The column titled Attributes is illustrating the 

different classes for each attribute. The age attribute 

defines the age of customer who has issued a particular 

Term Deposit. The second attribute, named Monthly 

Credit Turnover outlines the sum of monthly credit 

transactions done on an account. Similarly, third 

attribute name Monthly Debit Turnover sums up the 

total debit transactions that have been done on an 

account in the time period of one month. Average 

balance is the sum of all the End of Day (EOD) 
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balances and dividing it by the number of days in that 

particular month.  The Product attribute defines the 

category of two types of different Term Deposit 

Categories. 

 

 
 

Classification algorithms work by anticipating the 

best group to which a new observation appertains to by 

learning from labeled observations that were already 

known [22]. Classification algorithms are being used 

extensively in machine learning tasks: which provide a 

very good modeling and a best fit for categorizing and 

assembling the data that have never been seen before 

and unite them into their various respective groups [23]. 

The whole process is summarized in the following 

flowchart. 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Process Flow Diagram 
 

In this paper, J48 an implementation of Cart 4.5 

Decision Tree and Random Forest in WEKA are used 

as learning classifiers.  

J48: Professor Ross Quinlan in 1993 unfold a 

decision tree algorithm known as Cart 4.5; it epitomizes 

the result of research that follows back to the ID3 

algorithm (which was also proposed by Ross Quinlan in 

1986). A greedy approach is implemented using C4.5 

algorithms that builds decision tree in top-down 

recursive divide and conquer vogue. In Top down 

approach, training set is recursively reduced into 

smaller subsets as the tree is being built up with a set 

of labeled training set and their concomitant class 

labels [24] [25]. 

RANDOM FOREST: Random Forest Tree (RFT) is 

an ensemble learner developed by Leo Breiman and 

formulated by the data mining tool Weka. An unpruned 

decision tree set is build up by the learner which 

perform the predictions using the majority voting. 

Ensemble learners employ randomness in order to 

produce a robust learner [26] [27]. 

RF proficiently works on vast informational 

collections (training data sets) and gives even 

exactness than different algorithms. RF may create an 

exceedingly precise classifier for more information sets 

[28]. RF is much effortlessness and gives a quick 

learning approach [29]. 

To predict the best suitable customer-product pair 

WEKA software is used. Weka is a comprehensive 

package of machine learning algorithms that was 

developed at the University of Waikato in New Zealand. 

Weka uses Java language for the implementation of 

learning algorithms [30]. Different classification 

algorithms were applied on corpus from which Decision 

Tree and Random Forest were found to be the best 

classifiers. 70% of the dataset is used for training 

purpose and the rest is used for testing purpose. Figure 

1 is the visualization of all attributes in WEKA. And 

Figure 2 shows the decision tree produced by Cart 4.5 

in Weka. 

 
Figure 1. Attribute Visualization 
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Figure 2.Decision Tree in Weka 

 

 

 

 

The performance measures for the classification 

and prediction are used to evaluate and assess the final 

result, which are as follows: 

 Confusion Matrix  

The confusion matrix is utilized to measure two-

class problem performance for the given data set in 

Table 1. Instances are correctly classified by the right 

diagonal elements TP( true positive) and TN( true 

negative) whereas FP( false positive) and FN( false 

negative) are the instances that are classified 

incorrectly [29]. Table 2 and Table 3 is the illustration of 

Confusion Matrix. 

Total number of instances = Accurate classified 

instance + In Accurate classified instance  

Accurate classified instance = TP + TN  

Inaccurate classified instance = FP + FN [29] 

 

 

 
 

DISCUSSION 
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 Accuracy, Specificity and Sensitivity  

The accuracy of classification is implied as the ratio 

of the correct number of cases classified and is 

equivalent to the aggregate of TP and TN divided by 

the aggregate number of cases N [9]. Specificity alludes 

to the rate of negative correctly classified and is equal 

to the TN ratio to the TN and FP sum. Sensitivity 

alludes to the rate of positives correctly classified and is 

equal to TP divided by TP and FN aggregates. 

Sensitivity can be known as a true positive measure [9]. 

Percentages of statistical measures of Decision 

Tree and Random Forest for test set is shown in Table 

4. 

 

The above results show that Random Forest 

provides the best classification in terms of accuracy, 

specificity and sensitivity. RF gives the most accurate 

prediction of Term Deposit Category (TDR1 and TDR2) 

suitable for each customer present in the dataset. 

In order to determine the importance of features 

and to know which of the attributed has contributed the 

most for classification, two methods are used through 

Weka named CorrelationAttributeEval(CA) and 

InfoGainAttributeEval(IG). 

CorrelationAttributeEval: The evaluation method 

of CA is done by assessing the attributes/features with 

respect to the target class attribute [31]. In statistics, 

correlation is commonly referred to as Pearson’s 

correlation method. Pearson correlation indicates the 

extent to which two attributes are related linearly to 

each other through a number that ranges from -1 to 

1[32]. CorrelationAttributeEval is one of the technique 

offered by Weka that uses Pearson’s correlation 

techniques and correlates each of the attribute classes 

with the target class. CorrelationAttributeEval is used 

along with the Ranker Search method [33] on banking 

corpus and the first five attributes ranking are Age as 

foremost attribute that contribute to the classification 

followed by Monthly Debit Turnover, Sector, Monthly 

Credit Turnover and Monthly Average balance. 

InfoGainAttributeEval (IG): The importance of 

each attribute in this method (Information Gain Attribute 

Evaluation) is calculated through information gain 

measure with respect to target class. The formula used 

to calculate InfoGain is as follows [34]: 

InfoGain (Class,Attribute) = H(Class) - H(Class | 

Attribute) [15] 

This method provides the ranking with Monthly 

Debit Turnover, Monthly Credit Turnover, Age, Monthly 

Average Balance and sector with being the first, 

second, third, fourth and fifth ranks respectively. 

 
Table 5 shows that both of these methods gives 

the last ranking to customer account’s nature i.e. 

Category attribute evaluating that Category attribute 

has no significant effect on the TDR Category 

prediction for the customer. The results also show that 

Monthly Debit Turnover and Age are the key features 

and has the most important impact in the TDR Category 

prediction for customers as these two attribute are 

common in the top three positions of both the methods 

used. 

Table 4. Percentages of Statistical Measures 

 Accuracy Specificity Sensitivity  

DECISION 

TREE 
90.5% 90.74% 90.26% 

RANDOM 

FOREST 
93.33% 94.04% 92.6% 
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             Figure 3. Shows the ranking of attributes with respect to Correlation Attribute Eval method. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

              
Figure 4. Shows the ranking of attributes with respect to InfoGainAttributeEval. 
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In this research study, a Pakistani bank’s corpus 

was used to predict the best Customer-Product Pair 

that helps in streamlining the marketing strategies of a 

bank. This Customer-Product pairing not only helps in 

minimizing the wastage of bank’s resources but also 

saves time of the marketing people by helping them 

contacting the customers with the most appropriate 

products according to respective customer’s past month 

transactional and historical pattern. With the help of 

machine learning algorithms, Data Analysis of different 

features (Monthly Credit & Debit turnover, average 

balance etc.) have been performed to identify the best 

Term-Deposit Category suitable for a customer. 

Classification algorithms that were used are, Decision 

Tree (Cart 4.5) and Random Forest. The classification 

modelling was done with the help of WEKA tool. 

Random Forest provides a much better accuracy as 

compared to Decision Tree. The experimental results 

clearly show the accuracy of Decision Tree to be 90.5% 

whereas, of the Random Tree was 93.3%. The main 

key features identified contributing towards the Term 

Deposit subscription are Age and Monthly Debit 

Turnover. For future research, many other different 

banking products could be analyzed with more 

features along with other Machine Learning 

techniques to achieve more accuracy and improve, plan 

and design the marketing strategies through the help of 

machine learning.  
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