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Abstract: The need for recommendation system has increased with the rapid improvement in the use of digital 

solutions for every problem. The amount of digital data produced is overwhelming and difficult to manage, especially in 

the banking sector due to the fact that data handed is more protected and critical. The objective is to develop a 

recommendation system to assist the management to decide upon whether or not a customer will create a account in the 

bank using machine earning algorithms. Here we have tried to apply data analytics combined with machine learning 

algorithms to reduce the number of inputs by maintaining the accuracy of the prediction.  
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1. INTRODUCTION  
The use of recommendation system has increased a lot in 

the last decade due to the improvements in the neural 

network and machine learning algorithm. Although the 

machine learning algorithms produce a decent accuracy 

of prediction the problem with the data available dose not 

end here. The real issue is when we try to decrease the 

number to inputs given to the system to train it. 

Whenever we start to train a system to make predictions 

the quality of data and the quantity plays an important 

role as it determines the accuracy of the prediction. Here 

we took a banking dataset which has 20 attributes to 

determine whether or not a individual who have been 

marketed will seek for the services of the bank. Here we 

try to predict the outcome by reducing the number of 

attributes and  same time with a improved accuracy. 

 

2. MACHINE LEARNING 

Data scientists use many various varieties of machine 

learning algorithms to find patterns in huge knowledge 

that result in unjust insights. At a high level, these totally 

different algorithms is classified into two teams 

supported the approach they “learn” concerning 

knowledge to create predictions: supervised and 

unattended learning. 

Supervised Machine Learning: the bulk of sensible 

machine learning uses supervised learning. supervised 

learning is wherever you've got input variables (x) and an 

output variable (Y) and you employ an algorithmic 

program to be told the mapping perform from the input to 

the output Y = f(X) . The goal is to approximate the 

mapping perform therefore well that once you have new 

information|input file|computer file} (x) that you simply 

will predict the output variables (Y) for that data. 

Techniques of supervised Machine Learning algorithms 

embody linear and supply regression, multi-class 

classification, call Trees and support vector machines. 

supervised learning needs that the info wont to train the 

algorithmic program is already labelled with correct 

answers. for instance, a classification algorithmic 

program can learn to spot animals once being trained on 

a dataset of pictures that area unit properly labelled with 

the species of the animal and a few distinguishing 

characteristics. 

Supervised learning issues are often more sorted into 

Regression and Classification issues. each issues have as 

goal the development of a summary model which will 

predict the worth of the dependent attribute from the 

attribute variables. The distinction between the 2 tasks is 

that the indisputable fact that the dependent attribute is 

numerical for regression and categorical for 

classification. 

Classification: 

A classification  algorithms main aim is to predict the 

output variables from the given data that whether the 

target variable belong to a specific class like “yes” or 

“no”. A classification model makes an attempt to draw 

some conclusion from ascertained values. Given one or 

additional inputs a classification model can try and 

predict the worth of 1 or additional outcomes. For 

example, once filtering emails “spam” or “not spam”, 

once staring at dealings knowledge, “fraudulent”, or 

“authorized”. The classification algorithm tries to find 

the class the attribute belongs to or tries to predict the 

class label value to which it is mapped by the training set. 

There are variety of classification models. Classification 

models embrace supply regression, call tree, random 

forest, gradient-boosted tree, multilayer perceptron, one-

vs-rest, and Naive Bayes. 

It is common for categoryification models to predict an 

eternal worth because the chance of a given example 

happiness to every output class. the chances will be taken 

because the probability or confidence of a given example 

happiness to every category. A foretold chance will be 

reborn into a category worth by choosing the category 

label that has the best chance. There are many ways to 

estimate the talent of a classification prognostic model, 

however maybe the foremost common is to calculate the 

classification accuracy. The classification accuracy is that 

the share of properly classified examples out of all 

predictions created.  

Decision Tree Classification: 

The understanding level of decision Trees rule is really 

easy compared with different classification algorithms. 

the choice tree rule tries to unravel the matter, by 
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mistreatment tree illustration. every internal node of the 

tree corresponds to associate degree attribute, and every 

leaf node corresponds to a category label. In call trees, 

for predicting a category label for a record we tend to 

begin from the foundation of the tree. we tend to 

compare the values of the foundation attribute with 

record’s attribute. On the idea of comparison, we tend to 

follow the branch comparable to that worth and jump to 

successive node. We continue scrutiny our record’s 

attribute worths with different internal nodes of the tree 

till we tend to reach a leaf node with expected category 

value. As we all know however the shapely call tree is 

accustomed predict the target category or the worth. 

currently let’s understanding however we are able to 

produce the choice tree model. 

It’s a add of product illustration. The add of 

product(SOP) is additionally called appositive  traditional 

type. For a category, each branch from the foundation of 

the tree to a leaf node having constant category may be a 

conjunction(product) of values, completely different 

branches ending in this category type a disjunction(sum). 

the first challenge within the call tree implementation is 

to spot that attributes can we got to take into account 

because the root node and every level. Handling this is 

often understand the attributes choice. we've got 

completely different attributes choice live to spot the 

attribute which may be thought-about because the root 

note at every level. 

Random Forest Classification: 

Random Forest may be a supervised learning algorithm. 

such as you will already see from it’s name, it creates a 

forest and makes it somehow random. The "forest" it 

builds, is associate ensemble of call Trees, most of the 

time trained with the “bagging” technique. The overall  

plan of the sacking technique is that a mixture of learning 

models will increase the result. With a number of 

exception a random-forest classifier has all the 

hyperparameters of a decision-tree classifier and 

additionally all the hyperparameters of a sacking 

classifier, to manage the ensemble itself. rather than 

building a bagging-classifier and spending it into a 

decision-tree-classifier, you'll be able to simply use the 

random-forest categoryifier class, that is additional 

convenient and optimized for call trees. Note that there's 

additionally a random-forest regressor for regression 

tasks. 

The random-forest rule brings additional randomness into 

the model, once it's growing the trees. rather than looking 

for the most effective feature whereas cacophonous a 

node, it searches for the most effective feature among a 

random set of options. This method creates a large 

diversity, that usually ends up in a more robust model. 

Therefore after you square measure growing a tree in 

random forest, solely a random set of the options is taken 

into account for cacophonous a node. you'll be able to 

even build trees additional random, by victimization 

random thresholds on high of it, for every feature instead 

of looking for the most effective doable thresholds (like a 

standard call tree does). 

Execution: 

The first step is to select the data attributes to be used for 

decision tree algorithm. Attributes like contact 

information and address are removed. The preliminary 

observation is that it has a average class error of 26% and 

the overall error was 8.5 %. 

 

 

 

 

 
Figure 1: primary classification 

By looking how the split was made in the decision we 

came to a conclusion that only eight attributes contribute 

prediction of data which is added to the trainer that both 

in Gini and entropy prediction methods of decision tree. 

By reducing the number of inputs to the decision tree the 

overall error rate of the prediction was increased because 

there is only fewer data to play with. The error rate git 

increased to 9.3% with a average class error of 23%. 
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Figure 2: Classification after attribute reduction 

The split with the resulting shows that only 2 attributes 

played an important role in the prediction those are 

duration of the call and number of days past after the call 

made and employment status. To cross compare the 

intuition we got we applied Pearson correlation to check 

the correlation between the attributes which showed there 

is reasonable correlation with the above attributes. 

 
Figure 3: correlation results 

To add the relatability of the data further data pruning 

was done to the duration attribute and the outliers were 

removed using boxplot algorithm. Initial 4000 tuples of 

data was reduced to 3000 tuples. 

By adding this pre-processed and pruned data to the 

classifier algorithm the error of the prediction came to 

8.7 % and by cross comparing the prediction with 

random forest algorithm the overall error was 9.6.  

 

 
Figure 4: final results 

3. CONCLUSION: 

Thus by data pruning using decision tree split structure, 

Pearson correlation and boxplot the data size which 

used to train the classifier was reduced drastically to 

three attributes. The system could produce results to 

accuracy level of  93% and 91 % respectively through 

decision tree and random forest respectively.  
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