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Abstract—Recently, exploitations of the financial big data to 

solve the real world problems have been to the fore. Deep neural 

networks are one of the famous machine learning classifiers as 

their automatic feature extractions are useful, and even more, 

their performance is impressive in practical problems. Deep 

convolutional neural network, one of the promising deep neural 

networks, can handle the local relationship between their nodes 

which can make this model powerful in the area of image and 

speech recognition. In this paper, we propose the deep 

convolutional neural network architecture that predicts whether a 

given customer is proper for bank telemarketing or not. The 

number of layers, learning rate, initial value of nodes, and other 

parameters that should be set to construct deep convolutional 

neural network are analyzed and proposed. To validate the 

proposed model, we use the bank marketing data of 45,211 phone 

calls collected during 30 months, and attain 76.70% of accuracy 

which outperforms other conventional classifiers.  

Keywords—Deep learning; Convolutional neural network; Bank 

telemarketing; Fintech; Big data 
 

I. INTRODUCTION  

Recently, the fintech (financial technique), which mainly 
applies the machine learning techniques to the financial big data, 
is gaining much attention. There are 130 papers with 19 kinds of 
classifiers for predicting a financial crisis [1]. Deep 
convolutional neural networks (DCNN) are one of the deep 
learning techniques, which is the promising machine learning 
classifier mainly because of their performance, have 
outperformed all of other techniques especially for the image 
[9,10] and audio classification [2]. In this paper, we propose an 
architecture of DCNN for financial instrument recommendation 
which is an one of important issues of fintech. 

CNN is the neural network that can exploit the local 
relationship between nodes for hierarchical feature extractions. 
Because of these properties, CNN is considered as a proper 
model where given data contains continual characteristics, such 
as image or human activity recognition (HAR) [3]. Items of 
financial recommendation-related data do not solely exist but 
make the relation to give a hierarchical meaning together: age 
and imcome indicate a retirement, overdue duration, debt 
amount and income indicate an ability for repayment.  

Figure 1 shows the result of a correlation analysis of the 
financial data. Data had been collected from 45,211 instances 
(each person was mapped to one or more instances) by 
Portuguese banking institution. 16-attributes about a customer 
and whether a customer purchases the financial instrument or not 
is given; the detail specifications are given in section IV. The 
darker cell represents the higher correlation. First, most of all 
correlation efficients are considerably low; white and light-grey 
blocks are between -0.05~0.05. This means that there are not 
enough relationship between each financial-related attributes 
that can exploit for recommendation. Second, the relationships 
are local; the near attributes are, the higher their correlation 
efficient is. DCNN is proper for exploiting this nature of the 
financial data, as DCNNs use convolution to extract the features 
from near nodes.  

The paper is organized as follows. In section II, we explore 
the related works using DCNNs and various machine learning 
techniques in financial field. In section III, we explain DCNNs 
and their hyperparameters that must be set to construct the 
DCNN. Section IV shows the experiment of varying main 
hyperparameters and shows the accuracy of the proposed system 
compared with other typical classifiers. Finally, section V 
concludes the paper and discusses a future study. 

 

 

 

Figure 1.  Heatmap of correlation analysis of the financial data 
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II. RELATED WORKS 

A. Deep convolutional neural network 

CNN is a neural network that uses the convolution operation 
with each neighbor node to deal with the inherent relationships 
in adjacent nodes. DCNN is a CNN with multiple pairs of 
convolutional and pooling layers, which can extract hierarchical 
features automa-tically. One of the most famous papers using 
DCNN is the Krizhevsky’s work, who proposed the DCNN for 
image classification [2]. An object on image is represented as a 
continuous sequence of pixel values, not just as a sole value.  As 
DCNN can use this property, the DCNN outperformed most of 
the current classifiers. CNN has applied in speech recognition 
[5], human activity recognition with accelerometer and 
gyroscope sensors in smartphone [6], classification of large 
amount of videos [7], where all data have temporal continuity or 
local relationship. Finance-related attributes are also highly 
related in aspect of bank telemarketing, so that we construct the 
DCNN. 

B. Machine learning in financial field 

According to the Lin’s work that had surveyed 130 papers 

using 19 machine learning techniques for predicting financial 

crisis [1], the most popular method is neural networks and 

multilayer perceptrons, followed by a support vector machines. 

Neural networks have self-learning and feature extracting 

abilities, a strong anti-jamming capability, hence had widely 

used for predicting stock prices, profits, exchange rates and risk 

analysis [4]. We use a convolutional neural network for 

recommending the financial instrument, to take advantage of 

local and hierarchical properties embedded in the financial data. 

 

III. DEEP CONVOLUTIONAL NEURAL NETWORKS FOR PREDICTION  

A. Convolutional neural network 

 CNNs have two main layers: convolutional layers and 
pooling layers. In a convolutional layer, CNN performs 
convolution opertaions instead of multiplications in a fully-
connected layer. The output of a convolutional layer is as 
follows:  

ci
l,j = σ(bj + ∑ wm

j
xi+m−1
0,jM

m=1 )                            (1) 
 

where xi
0 = [x1, …, xn] is the financial input data vector and n is 

the number of values per window. l is the layer index, σ is the 
activation function, bj is the bias term for the jth feature map, M 
is the kernel size, and wm

j is the weight for the jth feature map 
and mth filter index. A pooling layer reduce the size of a output 
of a convolutional layer, giving an input to the next 
convolutional layer. The max-pooling operation that outputs the 
maximum value among nearby inputs is as follows: 

pi
l,j = max

rϵR
ci×T+r
l,j

                                      (2) 

 

where R is the pooling size, and T is the pooling stride. A number 
of convolutional and pooling layers can be stacked to construct 
the DCNN, acting as a hierarchical feature extractor. Each layer 
extracts features automatically, building more complex and 
higher features from bottom to top.  

 Features from convolutional and pooling layers are aligned 
to feature vectors with the form of pl = [p1, …, pI], where I is the 
number of units in the last pooling layer. A softmax classifier is 
at the top of the proposed DCNN, which takes pl as an input and 
outputs the final result, whether a customer is proper for the 
financial instrument. A softmax classifier is as follows: 

P(c|p) = max
𝑐∈𝐶

exp(𝑝𝐿−1𝑤𝐿+𝑏𝐿)

∑ exp(𝑝𝐿−1𝑤𝑘)
𝑁𝑐
𝑘=1

                             (3) 

 

where c is the result class (proper or improper), L is the last layer 
index and Nc is the total number of result classes, 2. 

B. The proposed method 

Figure 2 shows the system architecture of the proposed 
method. Input data that consist of 8 numeric and 8 nominal data 
are preprocessed and passed to the DCNN server. Numeric data 

is preprocessed by the feature scaling, 𝑋′ =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
, mapped 

to [0,1]. Nominal data are separated by each attribute into the 
binary attributes, which are also mapped to [0,1]. Test data are 
entered after training the DCNN with the same form. DCNN 
server has the data input module and several pairs of 
convolutional and pooling layers, followed by the final simple 
softmax classifier. The final output of the DCNN with input test 
data is financial instrument recommendation, whether a given 
customer is proper for the bank telemarketing. 

C. Hyperparameters 

There are a lot of hyperparameters as shown in equations (1) 
to (3), which result in the different DCNN architectures. Table I 
shows the list of main hyperparameters and its value for 
constructing DCNN. The number of layers, N, varied from 1 to 
3, with consideration of computing power. In case of pooling 
size,  pstride and pshpae, we set 1 by 2 as the data is 1-d financial 
data, not 2-d image data. Last parameters are set based on the 
pylearn2 settings. We did greedy-wise tuning on most important 
hyperparameters, starting with the number of layers, followed by 
the kernel size and output channel, to show the effect of each 
hyperparameter. We varied the number of layers from 1 to 3, the 
kernel size from 3 to 32, and the output channel from 10 to 120.  

IV. EXPERIMENTS  

A. Data specification 

Table II shows the data specification for training and testing 
the proposed DCNN. Data are the benchmark data collected and 
donated publicly by Moro [8]. 45,211 instances of whether 
acceptance or rejection to the phone call proposal for the given 
deposit option are collected in 2008~2010, by the Portugues 
banking institution. There are 16 finance-related attributes. 8 
numeric attributes are the age, balance, duration of the last 
contact, the number of contacts, the number of days passed after 
last contacts, the number of contacts before this campaign, and 
day and month of last contact; 8 nominal attributes are the job, 
maritial, education, default, housing, loan, communication type 
(either cellular or telephone), the outcome of the previous 
contact. There are at least 36,955 people collected as 36,955 
people had never been contacted. This number is fairly large; 
since the finance-related data usually contain much private 
information, there is very few published data, as far as we know.
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Figure 2. System architecture 

 

TABLE I.  LIST OF HYPERPARAMETERS AND THE VALUES FOR DCNN 

Name Description Value 

N Number of convolutional-pooling layers 1 to 3 

irange A scope of initial weights of neurons 0.05 

pstride A step size of one pooling [1,2] 

pshape A size of one pooling [1,2] 
 

lrate 
A variation coefficient of every epoch, 

namely learning rate 

 

0.01 

maxep A maximum epoch number 5000 

imomen An initial momentum value 0.5 

 

TABLE II.  DATA SPECIFICATION 

 

B. Performance by hyperparameters 

We changed 3 main hyperparameters, the number of layers, 

the kernel size and the number of output channels. The number 

of convolutional and pooling layers are the most important 

hyperparameters. Features extracted from the higher 

convolutional and pooling layer can represent the higher 

features and related with more lower features. But adding a 

layer needs the exponential time complexity and can cause an 

overfitting problem. We varied the number of layers from 1 to 

3, where about 40-minutes is needed for one iteration of 

trainning. The number of output channels defines the number of 

output values for all convolutional and pooling layers, and the 

kernel size defines the input batch size per one epoch. Both are 

the key hyperparameters for constructing the shape of DCNN. 

We varied the number of output channels from 10 to 120, and 

the kernel size from 3 to 32. Figure 3,  4  and  5  show  the  error 

rate according to the number of output channels and the kernel 

size, respectively. 

As shown in figure 3 and 4, the performance is the highest 

for one layer; blindly increasing the number of layers does not 

guarantee the highest performance. As a feature from the higher 

layer indicates the higher feature, there is a proper number of 

layers for the given problem; in case of this paper, one. The 

performance is best when the number of output channels is 80 

(accuracy = 76.46%) and the kernel size is 16 (76.70%).   

 

 

Description 

Executed for direct marketing campaign of 

the Portuguese banking institution, based on 

phone calls 
 

Period 
 

From May 2008 to November 2010 

 

Amount 
45,211 instances with one person is mapped 

to one or more instances 

 

Contents 

8 numeric and 8 nominal attributes related 

with bank telemarketing and final contraction 

result (y/n) 
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Figure 3. Error rate with the variation of the number of output channels 
 

 
 Figure 4. Error rate with the variation of the kernel size 

 

C. Accuracy test 

In the experiment of Moro who donated dataset uses 52944 

instances that is little more than donated dataset and it uses 

logistic regression (LR), decision tree (DT), neural network 

(NN) and support vector machine (SVM). Best results were 

given by the NN model which has 75% accuracy.  Figure 5 

shows the accuracy of the proposed DCNN and other 

conventional classifiers. The accuracy of the DCNN is 76.70%, 

which outperforms all the other classifiers, followed by LR 

(75.19%) and SVM (72.83%). As the data can be expressed by 

decision surface, logistic regression and support vector machine 

that are classifiers to find decision surface separating the data 

of one class. The decision tree shows the lowest accuracy 

among all (67.02%), as it established all criterion separately by 

attributes and caused overfitting. 

 

V.  CONCLUSIONS AND FUTURE WORKS  

In this paper, we have proposed a machine learning system 

for predicting the success of bank telemarketing. For exploiting  

relationships among attributes and hierarchical features, we 

construct the deep convolutional neural network. A lot of 

hyperparameters are set and main hyperparameters, the number 

of layers, the number of output channels and the kernel size, 

varied and each accuracy is observed to set hyperparameters.  

 

 

Figure 5. Comparison of an accuracy with various classifiers 
 

The proposed deep convolutional neural network show the 

highest accuracy among 7 classifiers (76.70%). Future works 

will include an expansion of the type of financial instruments, 

and comparing with other recommendation algorithms such as 

domain knowledge approach. 
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