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Abstract

Abstract: Financial institutions and banking sectors, enhance customer satisfaction, improve customer retention rates,
and optimize revenue of the business through customer segmentation. Customer segmentation is a key factor to consider
in the business; today’s business world is struggling to handle their customers in an effective way. As the business can
create a competitive edge by focusing more on customer than the product. While identifying the loyal customers, they
can offer more product offerings, tailored service, and improve the business revenue. Consequently, for the effective cus-
tomer segmentation, the artificial intelligence, machine learning and deep learning techniques played a major role in the
present day. Through deep learning techniques the model learned the customer behavior in many aspects and catego-
rized, however, this architecture proved reliable models for customer segmentation. To handle the complexity and diver-
sity of the customer information, traditional machine learning approaches often struggle. Hence, the research explores
the deep learning models - Artificial Neural Networks (ANN), Gated Recurrent Units (GRU), and Transformer Networks
(TN), for multiclass customer classification. ANN is a powerful technique to learn effectively the data with complex non-
linear pattern, while GRU are effective in handling the sequential data, and TN are excellent for self-attention mecha-
nisms. Based on the metrics such as accuracy, precision, recall, and fl-score, all models performs well. Among these,
transformer model excelled others in capturing complex data patterns, and providing superior segmentation. The study
explores the efficacy of advanced deep learning architectures for better customer prediction and segmentation; in that
way predict the profitable customer and an upturn in the economy.
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1. Introduction

In the economical banking business industry, utilizing the customer data for better growth and decision-
making is very essential. Customer-centric approaches have become crucial for banks to maintain a competi-
tive edge in the business world. In this context, to drive for success, particularly in financial institutions and the
banking sector, customer segmentation played a pivotal role. Customer segmentation [1, 2], as a means to en-
hance customer satisfaction, improve retention rates, and optimize revenue generation [1], partitions the cus-
tomers into distinct groups based on their preferences, demographics, and financial behaviors. Therefore, data
acquisition from the relevant sources, preprocessing the raw data, and applying some techniques to these data
can lead to valuable insights, thereby increasing the decision-making. To deal with these challenges, artificial
intelligence (AI) [1] techniques like machine learning (ML) [1] and deep learning (DL) [1] architecture have
emerged as an improved solution.
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A vast amount of heterogeneous data in the bank, such as transaction history, loan details, customer infor-
mation, and account details, leads to more complexity to explore; as a result systematically assessing the data,
enables the banks to target profitable customers and tailor the products and services efficiently [1], so enhanc-
ing the revenue. In the 21st century, the big data revolution [3, 4, 5, 6] has significantly affected the banking
firm due to the vast amount of data, which is valuable for economic growth and has been mounting up for dec-
ades. Big data analytics helps banks to analyse the customers’ behaviour and preferences, create precise cus-
tomer segments and profile, perform sentimental analysis, and enhance security protocols and fraudulent de-
tection in banking [5]. Effective use of this information [6] explores some patterns that show understandings of
the financial transactions; in this manner, it provides more transaction movements, enhanced customer prefer-
ences [3], and identifies fraud [6] and unauthorized access [2, 6]. Taking on the sophisticated architectures [3],
easily interpret the patterns of data from the various sources [7] solve the problem. The diverse nature of the
data is recycled to make a data-driven decision-making system and, therefore, make their business more suc-
cessful [7].

Al and ML techniques adopted in many financial industries, especially in the banking sector for the risk man-
agement and other various operations [8]. Because of the diverse nature of the data and large size, deep learn-
ing architecture helps to predict and classify the customer data more precisely. It is one of the emerging tech-
nologies; recently, the banking sector adopted this technique to manipulate the various operations efficiently
[9]. Based on the review, there is no detailed study done using the advanced deep learning techniques. As we
dive into the fast-evolving technology in the 21st century of Al, the complexity of the data grown more and the
deep learning approach employed to handle the complex patterns. This transformative field enable the system
to independently discover the complex patterns and build a decision support system from the unstructured
huge amount of data. DL applied in many areas such as medical diagnosis system, natural language processing,
and business data analytics etc., pave a future system, and observe, learn, and transform the data autonomous-
ly.

In this article, deep learning architectures such as Artificial Neural Network (ANN) implementation for custom-
er segmentation and advanced learning architectures like Gated Recurrent Unit (GRU) and Transformer Net-
work (TN) gaged for better customer segmentation. These models excel in capturing the data patterns very ef-
fectively and have shown a remarkable ability to classify the customers into five distinct classes, thus deliver-
ing reliable customer classification. By adopting the evaluation metrics such as accuracy, precision, recall, and
f1-measure, the conclusion of the research by showing the superiority of the transformer network for provid-
ing precise segmentation. The exploration focus on the article is as follows:

1 A comprehensive study of various classification models counted in.

2 Explain in detail the deep learning architecture ANN, GRU, and Transformer Network, which have imple-
mented for better customer segmentation.

3 Explore the performance of each model by examining various evaluation metrics.

4 Gain knowledge to the researchers about deep learning architectures used for customer segmentation.

5 This article provides future research walks in this domain.

The remainder of the article systematized as follows: the literature reviews presented in section II. The section
I1I, explains the proposed framework adopted for multiclass classification. Proposed methods described in Sec-
tion IV. Section V outlines the results, followed by the evaluation metrics used for the comparison. Challenges
and future scope discussed in Section VI. Last of all, the conclusion of the article discussed in section VII.

2. Related Surveys

Several articles have been referenced based on the models as stated above. Md et al. [1] performed study on the
customer segmentation in the banking industry and its significance for the economic growth of business using
the machine learning architecture. Gankidi et al. [2] various classification models surveyed such as supervised
and unsupervised machine learning algorithms for multiclass customer segmentation. A huge value of hetero-
geneous data from various sources is transforming the business into potential revenue; hence, the evolution of
big data analytics and utilizing it in an effective manner can assess and manage the risk and figure out the pat-
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terns explained in detail by Dicuonzo et al. [3]. More et al. [4] focused on the advantages of big data analytics in
the banking sector, such as fraud detection, customer segmentation, managing risk, and enhancing revenue
based on historical data to predict the future. Also focus on some sophisticated algorithms implemented for the
various operations in the bank Utkarsh Srivastava et al. [5], Gupta et al. [6]. Milojevi¢ et al. [8] explains the sig-
nificance of artificial intelligence, machine learning, and deep learning strategies in the financial sectors, espe-
cially in banking. The author emphasizes the broad range of Al in the banking sector, and ML, a subset of Al, has
been employed to manage the risk in banking. Over the past two decades, DL, a refined architecture of ML, real-
ized its strength in the banking industry by addressing various challenges, Milosevic et al. [8]. Moreover, big da-
ta analytics, an analysis of vast amounts of data, became popular in the economic world under the influence of
sophisticated intelligence techniques such as Al, ML, and especially DL. Hassani et al. [9] cited the emerging
technology Deep Learning (DL), data-driven technology has significant advancement in the banking sector in
recent years. Shoaib et al. [10], discussed various deep learning approaches for multiclass classification.

3. Materials And Methods
3.1. Dataset

The accuracy of classification depends on the dimensions and features of the dataset. However, finding the real
time data from the bank was very tedious task. The main challenge in collecting the data from the bank is they
are not willing to explore the customer details due to confidentiality. In this work, the dataset with more than
one lakh of records, with 43 features and one target attribute, collected from Indian Bank are used. Due to pri-
vacy concerns, the name of the bank will not be disclosed. The real dataset is probably messy and need data
pre-processing such as analysing the data, denoising, imputation, data reduction, integer encoding categorical
variables, oversampling, normalization, splitting dataset into training and test sets and feature scaling. The al-
gorithm is then trained using the training set, then evaluated using cross-validation techniques and other non-
parametric measures.

The bank customers are classified into five categories - Class0: Outstanding Customers, Class1: Excellent Cus-
tomers, Class2: Good Customers, Class3: Satisfactory Customers, and Class4: Bad Customers. The ClassO and
Class1 are taken as the profitable Customer, i.e., the Outstanding Customers and Excellent Customers, based on
their credit history and thereby these classes of customers are cost-effective customer for the bank.

3.2. Classification Models

Classification is a supervised machine learning approach [11, 12, 13] is to build labelled classes based on the
predictor features. Many applications like image processing, customer churn prediction [14, 15], credit card
fraud detection [16, 17], medical diagnosis [18, 19, 20], spam detection [21] etc. are done using classification
approach. Customer classification is a significant application used in many businesses and marketing world. In
recent years, banking industry is focusing more on customers than the product, to hike the revenue of business.
For better understanding of the customers’ behavior and nature, an unconventional analytical tool [22] applied
to segments the customers into distinct classes. In the proposed study, based on the demographic behavior and
credit information the multiclass customer classification method have adopted. Mainly, classification are two -
binary and multiclass classification [23]. In binary classification, classes are of two and in multiclass classifica-
tion; many classes labelled based on the feature of customers.

In the proposed work, highlights classifying the bank customer data depends on the demographic and credit
information into five distinct labelled classes using the deep learning architectures - ANN, GRU and TN. Based
on the dataset size and features, TN model outperforms. ANN and GRU models results better classification but
TN gives superior accuracy and other metrics value. Most of the surveys reviewed, noticed that the classifica-
tion is implemented using ANN model in various fields. GRU and TN model is a novel approach, which demon-
strates precise and efficient computation in complex data.
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3.2.1. Artificial Neural Network

Machine learning model that can analyze the complex pattern and learn the complex relationship between in-
put and output variables is Neural Network Model. Generally, they are regularly for classification and regres-
sion purpose. The accuracy measure of the model considered some features such as parameters taken, quality
of training data, and the complexity of the data. In general, compared to the traditional machine learning mod-
els, neural network handle the complex problems. An architecture of neural network is defined as the number
of artificial neurons (units) arranged in sequence of layers [24, 25]. One simple and common type of neural
network, namely Multilayer Perceptron (MLP) [26, 27], which are commonly used for multiclass customer
segmentation with simple dataset. Artificial Neural Network (ANN) [28, 29], have been executed to segment re-
tail customer database for marketing purpose, by providing more homogenous segments. According to survey,
ANN dense model can handle complex and large database very efficiently.

Hidden Layers

Input Layer Output Layer

Fig 1: Neural Networks Architecture [29]

Keras dense layer neural network architecture is used here for classification purposes. Neural networks fun-
damentally rely on the dense layer [29], a deeply connected layer. The implementation of layer is principally
feedforward backpropagation architecture. It consists of one input layer, multiple dense layers, i.e., hidden lay-
ers, and one output layer. Dense layer perform a linear transformation on its input, then apply the non-linear
activation function in the dense layer, such as ReLU, Sigmoid, and Tanh, which is utilized to learn intricate pat-
terns in data. The output of the model is generated after executing the activation function, which may be input
for the subsequent layers and so on. Finally, the last layer produces the target predictions, i.e., the final output.
Feedforward backpropagation neural architecture is a combination of forward propagation and backward
propagation procedures to learn a model. Principally, it includes two steps: forward propagation and backward
propagation. The architecture fed the input and estimated the output in forward propagation. In backward
propagation, the weights and biases adjusted in accordance with the error between the predicted output and
actual output is calculated. Hence, reduce the error for all the neurons and produce better network prediction.
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Fig 2: Learning process of Neural Networks [30]

3.2.2. Gated Recurrent Unit

Gated Recurrent Unit (GRU), a form of Recurrent Neural Network (RNN) architecture developed in 2014 [31,
32, 33], to handle sequential data. The structure of the sequential data may be vary such as time series, natural
language, user behaviour, or encoded categorical data. GRU performs one data at a time, using the existing in-
put and past output to updates the hidden state. The memory cell of GRU combines the input with the past hid-
den state. In the subsequent steps, active to update the hidden state. Compared to Long Short-Term Memory
(LSTM), it is a variant and simplified version of LSTM. GRU merges long and short-term memory with the fea-
ture of single hidden state. Long Short-Term Memory (LSTM) with three gates, while GRU has memory cell
comprises two gates: Update gate and Reset gate. How much of the past memory is discarded is controlled by
reset gate, however the update gate defines how much of the past memory to retain.

> Reset gate Update gate
| s - tanh
L w 0 |
A L

.
...............................................................

Fig 3. Structure of Gated Recurrent Unit Cell [32]
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3.2.3. Transformer Network

Transformers [34, 35, 36] are not dependent on recurrence or convolutions, in contrast to earlier models like
recurrent neural networks (RNNs) or convolutional neural networks (CNNs). Rather, they employ self-
attention processes to record the connections among various items in a sequence, irrespective of their separa-
tion from one another. Transformers are very effective in managing long-range dependencies in data because
of this. Transformers are more efficient than conventional RNNs, which process data sequentially, because of
the parallel nature of attention computation. The transformer, nn advanced method in deep learning has
shown to be incredibly successful in a variety of applications, ranging from natural language processing duties
like translation and summarization to other domains like image processing and reinforcement learning.

Predictions

“Layers Layers”
Positicnal Positional
Encoding ncodng

Embeddings/
Projections

Source Sequence Shifted
Target Sequence

Fig 4. Standard Transformer Architecture [36]

3.3 Proposed Methodology

Fig. 5 illustrates the general framework of a proposed methodology. The study includes various steps for cus-
tomer classification, i.e., data acquisition, data cleaning and preprocessing (data transformation), training and
implementing multiclass classifiers, evaluation of performance indicators, and output visualization based on
the metrics. Based on the visualization and metrics, model accurately chosen. The development of advanced
technologies contributes to the economic growth of businesses across various sectors, including healthcare,
banking, marketing, and security maintenance. Recently, business intelligence (BI), a decision support system,
played a great role in the economic world [37]. Business intelligence places emphasis on the exploration of
large volumes of data about the firm and its operations, then extracting the knowledge from the input data af-
ter processing [37].
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Fig 5. The framework of the Proposed Methodology

3.3.1. Data Sourcing

Finding the real time data from the bank was very tedious task. The main challenge in collecting the data from
the bank is they are not willing to explore the customer details due to confidentiality. In this work, the dataset
with more than one lakh of records, with 43 labelled input features, collected from Indian Bank are used. Due
to privacy concerns, the name of the bank will remain confidential.

3.3.2. Data Transformation

After the data sourcing process, normalize the data using preprocessing procedures such as removing corrupt
and missing values. The big amount of information from various sources, which may be unstructured or struc-
tured, in the database. For knowledge extraction from the database, the data transformation step is necessary.
Unusual data may cause inconsistency in the output. To extend the quality of incoming data, significant steps in
data preprocessing include cleaning of data, integration, reduction, transformation, discretization, and normal-
ization. Ensuring the quality of the input data is essential cause for the better performance model. Tangible da-
ta may be noisy and contain missing values. To handle the missing values, a data imputation process needed.
Imputation avoids dataset falsification and reduces model bias, thereby improving accuracy. The data cleaning
method used to avoid the missing values and inconsistencies in the input data because most of the prediction
algorithms do not predict the accurate result with the missing values. Usually missing values are imputed using
mean, median, or mode methods. Merging data from different sources into a repository is a data integration
process. Reducing the size and features of the data set by eliminating the replicated and irrelevant features is a
data reduction procedure. After reducing the data attributes, normalize or standardize the data, that is, trans-
form the data into an applicable form. This method is data transformation. Data transformation techniques are
key for improving the performance of the classification models. If the data transformation procedure is com-
pleted, an appropriate classification model used here to classify, train, and evaluate data.

3.3.3. Proposed Multiclass Classifiers

The proposed study, focused on deep learning architectures—ANN, GRU, and TN models—trained for customer
classification. The review of the papers shows that the ANN model is trained for classification in many fields.
However, for the information, the GRU and TN models are novel approaches. Using these models, the dataset,
which has 43 labelled input features, preprocessed and transformed to train and classify the customers into
five distinct classes (Class 0 to Class 4).

3.3.3.1. Artificial Neural Network

Keras dense layer neural network architecture used here for classification purpose. Dense layer, a deeply con-
nected layer, which is a fundamental component of neural networks. The implementation of dense layer is
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principally feedforward backpropagation architecture. ANN consist of one input layer and multiple hidden lay-
er, and one output layer. In the proposed work, two dense layers are used, each with input layer consist of 43
labelled input features of the bank customer data, represented as input neuron, is associated to every output
neuron, allowing for the capture of complex representation within the data are implemented and classify the
data into five distinct classes. The structure of dense layer, it contains neuron, which receives input from the
previous neurons. Each dense layer has its own parameters, weights and biases to learn the network during
training. The activation function, ReLU used in the two hidden layers, Sigmoid and Softmax in the output layer
for multiclass classification [29].
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INAT]

Fig 6. The layout of the Proposed ANN Model

3.3.3.2. Gated Recurrent Unit

Gated Recurrent Unit (GRU), is a simple architecture, and faster to train. The special feature of GRU is its hidden
layer consist of two gates: update and reset gate, for the flow of information within the network [32]. In the
proposed work, initialize the weights of the class, Weights (W2, Uz, bz, Wr, Ur, br, Wh, Un, bn), and then compute
the update and reset gate.

[32,33] Update Gate, zt= 0 (WzXe+ Uzht-1+ bz) cvrveiiiiiiiii (D
[32,33] Reset Gate, 1t = 0 (Wixe+ Urht-1+ br) covvviiiciiici (2)

To find the Hidden state, ht in GRU, it follows a two-step process. The first step is to calculate the candidate
hidden state. Then, measure final Hidden state.

[32, 33] Candidate Hidden State, h'c= tanh (Wnxt + Un (rt © he-1) + bn)ceeeee v (3)
Final,
[32,33] Hidden State, he= (1 - z) © he-1+ 2t O 't e (4)

Here, the value of the reset gate (rt), is used to determine the previous hidden state (ht-1) that is the parameter
of candidate hidden state (h'y). If rc = 1, the entire information from the previous hidden state h-1 is being
measured, otherwise, i.e., rt= 0, the information from the previous hidden state is completely ignored. Here, the
process of computing memory cell gate, using hadamard product of the reset gate and previously hidden state.

In the GRU architecture, using two dense layers with ReLU activation function are computed, to enhance the
model’s ability to learn. The first dense layer contain 512 units, which allow the model to learn and the second
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layer further processes with reduced number of units to 256, to refine the learned features and produce better

classification.
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Fig 7. The layout of the Proposed GRU Model

3.3.3.3. Transformer

While considering the significance of input data sequence, the attention mechanism in transformer enables the
model to prioritise certain segments of the input sequence when forming predictions. By using the multi-head
self-attention mechanism in the transformer model, compute several attention distributions simultaneously.

An embedding layer converts each input token into a dense vector representation before adding positional en-
codings to preserve order information. A feed-forward neural network receives the output from the attention
layers and applies non-linear transformations to improve the model's learning ability. During this process, lay-
er normalization stabilizes training, enabling deeper architectures to converge more successfully, and residual
connections are used to enhance gradient flow.

The Transformer can learn hierarchical representations of the input data because of the architecture's multiple
stacked layers. The feed-forward network and attention mechanism make up each layer, which improves the
model's ability to recognize complex patterns. The final step of processing yields the desired output, such as
class probabilities in classification tasks, when a final linear transformation is combined with a softmax activa-
tion function.
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3.3.4. Performance Evaluation and Visualization

Upon the completion of classification, the performance of the model is evaluated using indicators such as accu-
racy, precision, recall, f1-score, and roc-auc. Finally, the results compared to figure out the best models by
demonstrating the performance using visualization tools. Result visualization provides the perspective on the
data and discover trends in the data. The results plotted using the different visualization tools. Charts, graphs
and plots employed here to analyze and depict the output specifically. Visualization representations makes it
easier to identify the patterns and make a comparison efficiently.

Table 1. Accuracy of ANN model with six Optimizers

Models Accuracy

ANN_Adam 0.98

ANN_RMSprop 0.94

ANN_Nadam 0.94

ANN_Adadelta 0.71

ANN_Adagrad 0.92

ANN_Ftrl 0.96
Table 2. Accuracy of GRU model with six Optimizers
Models Accuracy
GRU_Adam 0.97
GRU_RMSprop 0.98
GRU_Nadam 0.97
GRU_Adadelta 0.86
GRU_Adagrad 0.96
GRU_Ftrl 0.26
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Table 3. Accuracy of TN model with six Optimizers
Models Accuracy
TN_Adam 0.99
TN_RMSprop 0.98
TN_Nadam 0.99
TN_Adadelta 0.38
TN_Adagrad 0.94
TN_Ftrl 0.38
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Fig 9. Comparison of multiclass classifiers with six optimizers based on accuracy(a) ANN model,
(b) GRU model, and (c) TN model
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Fig 10. ANN accuracy performance curve with six optimizers (a) Adam, (b) RMSprop, (c) Nadam, (d)
Adadelta, (e) Adagrad, (f) Ftrl
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Fig 18. TN performance with Precision-Recall Curve on six optimizers (a)Adam, (b) RMSprop, (c)
Nadam, (d) Adadelta, (e) Adagrad, (f) Ftrl

4 Result Analysis

The accuracy of the proposed classification models Artificial Neural Network (ANN), Gated Recurrent Unit
(GRU), and Transformer Network (TN) are adequately evaluated using the metrics, roc-auc and precision-
recall. Three models shows different metrics for the six optimizers for the evaluation of the models. Table 1-3.
presents the accuracy measures of ANN, GRU, and TN across the six optimizers Adam, RMSprops, Nadam,
Adadelta, Adagrad, and Ftrl. The bar chart in Fig 9. depicted the comparison of multiclass classifiers ANN, GRU,
and TN with six optimizers based on accuracy. The above-mentioned comparison concludes that, the three op-
timizers Adam, RMSprops, and Nadam excels in all models than others. Notably, Adadelta and Ftrl failed with
the accuracy below 0.70 in two models.

Even though the study also plots the roc-auc curve [38] for the multiclass classification models, showing the
model’s ability to differentiate among five classes. Fig. 10-12, depicts the accuracy performance curve with six
optimizers of ANN, GRU and TN models. Fig. 13-15, shows the roc-auc performance curve for each models with
six optimizers, providing better insights in the models performance. Fig. 16-18, plots the performance with
Precision-Recall Curve [39] on six optimizers. Overall, the study highlights that, considering all the metrics the
transformer network model with Adam and Nadam performed well with accuracy metrics 0.99. In addition, the
study concludes that the advanced deep learning models shows better performance in multiclass classification
with adequate metrics.

5 Conclusions

Recent progress in deep learning architectures have led to a significant boost in customer segmentation com-
petence in the banking industry. By introducing the Artificial Neural Networks (ANN), Gated Recurrent Units
(GRU), and Transformer Network (TN) models for the classification, businesses can acquire strong insights into
the customer information, and identify bank ambassadors for better decision making. Thus, developing a busi-
ness intelligent system can significantly boost the revenue. The proposed work discussed that while all three
DL models perform well beyond all performance indicators, TN outperformed with its all capability to capture
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the intricate data patterns, hence, offering better classification ability. Future research can enhanced the study

on hybrid deep learning approach and advanced optimized techniques utilized for classification.
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