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Abstract. Bank customer behaviour has a pronounced temporal nature: the propensity to churn develops
gradually and manifests itself in the dynamics of transactions, balances, and account activity. Static machine-
learning models that operate on aggregated features ignore the sequence of events and lose significant
predictive information. This paper proposes a customer loyalty prediction model based on a Gated Recurrent
Unit (GRU) recurrent neural network capable of capturing temporal dependencies in customer behaviour. The
model was trained on sequences of monthly behavioural profiles of 10,000 retail-bank customers over 12 months
and compared with a static neural network (MLP), a vanilla RNN, an LSTM network, and logistic regression.
The GRU model achieved ROC-AUC = 0.91 and an F1-score of 0.76, outperforming static approaches and
matching LSTM performance with fewer parameters. The results confirm the effectiveness of accounting for the
temporal dynamics of customer behaviour and the feasibility of applying GRU in customer-retention systems.

Keywords: recurrent neural networks, GRU, gating mechanism, customer loyalty, churn prediction, time
series, banking, deep learning.

AHHoTauusa. [NoBegeHve KNMEHTOB BAHKOB MMEET SPKO BbIPaXKEHHbI BPEMEHHOWN XapaKkTep: CKITOHHOCTb
K OTTOKY pa3BUBAETCS MOCTEMNEHHO N NPOSBNSETCA B AMHAMWKE TPaH3aKLUMI, 6GanaHCcoB 1 akTUBHOCTU CHETOB.
CraTnyeckMe MoAenu MalMHHOro obyyeHusi, paboTalolme ¢ arperMpoBaHHbIMY NpU3HAKaMu, UFHOPUPYHOT
nocrnefoBaTenbHOCTb COOLITUIA U TEPSIKOT 3HAYUTENBHYO MPOrHOCTMYECKY MHOopMaumio. B gaHHom ctatbe
npegnaraeTcsi Modernb NPOrHO3MPOBaHUA NMOANBHOCTU KIMEHTOB, OCHOBaHHAas Ha PEKYPPEHTHOW HENPOHHOW
CeTN C ynpaBnsieMbIM PeKyppeHTHbIM 6nokoM (GRU), cnocobHONM BbISIBNSATb BPEMEHHbIE 3aBMCMMOCTU B
noBedeHUn knveHToB. Mopgenb Obina obyyeHa Ha MOCNELOBAaTENbHOCTAX EXEMECHAYHbIX MOBEOEHYECKMX
npodunen 10 000 KNMEHTOB PO3HNYHOIO BaHka 3a 12 MecsiLeB M CpaBHEHA CO CTAaTUYECKON HEMPOHHOW CETbIO
(MLP), oBbI4HOM pekyppeHTHOM HenpoHHowm ceTbio (RNN), ceTbto LSTM n nornctnyeckon perpeccuent. Mogernb
GRU pocturna 3HadeHnss ROC-AUC = 0,91 n F1-mepbl = 0,76, npeB3onas ctaTUYeckMe NoaxoAbl U Nokasas
conocTtaBumble ¢ LSTM pesynbraTtbl NpY MEHbLUEM KONMMYECTBE MapameTpoB. PesynbraTbl mogTBEpXKaatoT
3(PPEKTUBHOCTb yHETA BPEMEHHOWN AMHAMMKN NOBEAEHMUS KITMEHTOB U Lieniecoobpas3HocTb npumMeHeHns GRU
B CUCTEMAX yOepKaHUs KIMEHTOB.

KnioueBble crnoBa: peKkyppeHTHble HeWpoHHble ceTn, GRU, MexaHu3am ynpaBrieHusi, NosibHOCTb
KINMEHTOB, MPOrHO3MPOBaHME OTTOKA KITMEHTOB, BPEMEHHbIE psabl, DaHKOBCKOE Aeno, rnybokoe oby4veHue.

INTRODUCTION

In recent years, Uzbekistan’s banking sector has demonstrated an increasing commitment to the adoption
of artificial intelligence technologies within the framework of ongoing digital transformation. In accordance with
the Strategy for the Development of Artificial Intelligence Technologies until 2030, approved in 2024, particular
emphasis is placed on the use of Al for fraud prevention, customer creditworthiness assessment, and market
trend forecasting [1]. The global artificial intelligence market in the banking sector was estimated at USD 35.40
billion in 2025. According to projections, the market is expected to expand from USD 46.85 billion in 2026 to
USD 440.60 billion by 2034, with a compound annual growth rate of 32.33% during the forecast period [2].

According to the Central Bank of the Republic of Uzbekistan, the penetration rate of digital solutions in the
country’s banking sector increased from 45% in 2018 to 78% in 2023, indicating a rapid pace of digitalization [3].

The use of artificial intelligence is becoming one of the key factors contributing to greater efficiency in
Uzbekistan’s banking sector. The implementation of Al improves customer service quality, reduces operational
risks, increases the accuracy of decision-making processes, and strengthens banks’ competitiveness in the
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market. In the coming years, the application of artificial intelligence technologies in the country’s banking
system is expected to expand further in line with the national strategy for digital development.

Amid the accelerating digital transformation of Uzbekistan’s banking sector, one of the most promising
applications of artificial intelligence is the intelligent analysis of customer behaviour. In this context, the
application of machine learning techniques and artificial neural networks has gained considerable scientific
and practical significance for predicting customer churn, assessing customer loyalty, personalizing banking
products and services, and developing individualized financial offerings. These Al-driven approaches enable
commercial banks to improve customer relationship management, enhance decision-making processes, and
strengthen long-term customer retention.

In the commercial banking sector of Uzbekistan, artificial inteligence remains at the stage of active
implementation. The principal directions of Al adoption have already been established at the national policy level,
while individual commercial banks are progressively introducing pilot initiatives and practical Al-based solutions. As
digital transformation continues to advance, the integration of intelligent analytical systems is expected to become a
fundamental component of customer-centric banking strategies and sustainable competitive development.

A natural approach to modelling the temporal structure of sequential data is the use of Recurrent Neural
Networks (RNNs), which process sequential information while maintaining an internal hidden state that
captures historical dependencies. However, conventional RNNs suffer from the vanishing gradient problem,
which significantly limits their ability to learn and preserve long-term dependencies within sequences.

To address this limitation, gated recurrent architectures, including Long Short-Term Memory (LSTM) and
Gated Recurrent Unit (GRU) networks, have been developed. The GRU architecture, introduced by Cho et
al. in 2014, employs update and reset gates to regulate the flow of information through the network. This
gating mechanism enables the model to effectively capture long-term temporal dependencies while requiring
fewer trainable parameters and achieving faster convergence than LSTM networks. Owing to its computational
efficiency and competitive predictive performance, the GRU architecture has become a widely adopted deep
learning model for sequential data analysis in applications such as customer behaviour modelling, churn
prediction, and customer loyalty forecasting.

LITERATURE REVIEW

Since 2020, a substantial body of research has been published on the application of machine learning
techniques to customer loyalty prediction in the banking sector. Recent studies indicate a growing shift toward
the use of Recurrent Neural Networks (RNNs), which are specifically designed to capture the temporal dynamics
of customer behaviour. By maintaining an internal hidden state that preserves information from previous time
steps, RNNs can effectively model sequential data, including transaction histories, customer interactions with
banking services, and other time-dependent behavioural patterns.

Despite these advantages, conventional RNN architectures are constrained by the well-known
vanishing and exploding gradient problems when processing long sequential data. These limitations
hinder the network’s ability to capture long-term dependencies, thereby reducing predictive performance
in complex customer behaviour modelling tasks and motivating the development of more advanced gated
recurrent architectures.

To overcome these limitations, Cho et al. (2014) proposed the Gated Recurrent Unit (GRU) architecture,
which achieves predictive performance comparable to that of Long Short-Term Memory (LSTM) networks while
using fewer trainable parameters and demonstrating faster training and convergence [4]. Building upon this
advancement, Liu et al. (2024) introduced a hybrid deep learning model designed to enhance the accuracy of
customer churn prediction by integrating complementary neural network architectures and optimizing feature
extraction from sequential customer behaviour data [5]. Furthermore, the systematic review conducted by
Imani and Arabnia (2025), based on an analysis of 240 peer-reviewed studies published between 2020 and
2024, demonstrates that LSTM, GRU, and hybrid recurrent architectures have emerged as some of the most
promising approaches for developing intelligent prediction systems. Their superior capability to model complex
sequential patterns and long-term temporal dependencies has contributed significantly to recent advances in
customer behaviour analytics, churn prediction, and customer loyalty forecasting [6].

An analysis of recent international research demonstrates that the application of recurrent neural network
architectures, including RNN, LSTM, and GRU, has substantially enhanced the capabilities of customer loyalty
prediction in the banking sector. By effectively capturing temporal dependencies and complex sequential
patterns in customer behaviour, these deep learning models provide superior predictive performance compared
with conventional machine learning approaches. Consequently, recurrent neural architectures have become
a fundamental component of modern intelligent decision-support systems for customer loyalty assessment,
churn prediction, and personalized banking services.
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RESEARCH METHODOLOGY

To forecast customer loyalty in commercial banks, this study employs a dataset comprising monthly
behavioural profiles of 10,000 anonymised retail banking customers observed over a 12-month period. Each
customer is represented as a sequence of 12 time steps, where each time step contains a vector of behavioural

features, as presented in Table 1.

Table 1

Features Observed at Each Time Step!

Feature

Description

Account Balance

The remaining account balance at the end of each month.

Transaction Count

Total number of transactions performed by the customer during the month.

Transaction Volume

Total transaction amount during the month.

Customer Activity Indicator

Binary indicator specifying whether the customer was active during the month

(1 = active, 0 = inactive).

Number of Banking Products

Total number of banking products used by the customer.

Support Contacts

Number of customer contacts with the support service during the month.

Payment Delinquency Indicator

Binary indicator of overdue payment status (1 = overdue payment, 0 = no

overdue payment).

The target variable is defined as the occurrence of customer churn within the subsequent three months
following the end of the observation period. Time-invariant characteristics, including age, country of residence,
gender, and credit score, are incorporated into the model as static contextual variables.

The proportion of customers who churned was approximately 20%, indicating the presence of class
imbalance in the dataset. This imbalance should be taken into account during model training and evaluation to
ensure reliable predictive performance.

ANALYSIS AND RESULTS

A GRU cell updates its hidden state through two gating mechanisms: the update gate and the reset gate.
These gates regulate the flow of information within the network by determining how much information from the
previous hidden state should be retained and how much should be replaced with newly acquired information.
This mechanism enables the GRU architecture to effectively capture both short-term and long-term temporal
dependencies while mitigating the vanishing gradient problem commonly encountered in conventional recurrent
neural networks (Figure 1).

-

Input Layer GRU Layer 1 GRU Layer 2 Regularization Dense Layer Output Layer
(x features) (128 units) (64 units) (Dropout) (Dense) (Qutput)
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Figure 1. GRU Model Architecture for Predicting Customer Loyalty in Commercial Banks?
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The proposed model architecture consists of an input layer that receives sequences of behavioural features,
followed by two recurrent GRU layers with 64 and 32 hidden units, respectively. To reduce the risk of overfitting
and improve the generalization capacity of the model, dropout layers with a rate of 0.3 are incorporated into
the architecture.

The output of the recurrent component is subsequently concatenated with the customer’s static attributes,
enabling the model to jointly exploit both temporal behavioural patterns and time-invariant contextual information.
The resulting representation is passed to a fully connected layer with a ReLU activation function, followed by
a single output neuron with sigmoid activation, which produces the estimated probability of customer churn.

Model training was performed using backpropagation through time (BPTT). Weighted binary cross-entropy
was employed as the loss function to account for class imbalance, while the Adam optimizer was used with
a learning rate of 0.001. The model was trained with a mini-batch size of 64 for up to 100 epochs, with early
stopping applied based on validation set performance [7].

For comparative evaluation, the proposed GRU model was benchmarked against four widely used baseline
models: Logistic Regression, Multilayer Perceptron (MLP), a conventional Recurrent Neural Network (RNN),
and Long Short-Term Memory (LSTM). The hyperparameters of all models were optimized using the validation
dataset to ensure a fair and unbiased comparison.

Model performance was assessed using Precision, Recall, F1-score, and the Area Under the Receiver
Operating Characteristic Curve (ROC—-AUC), which provide a comprehensive evaluation of classification
performance, particularly in the presence of class imbalance. A comparative analysis of the predictive
performance of the evaluated models on the independent test dataset is presented in Table 2.

Table 2
Comparison of Predictive Model Performance?
Mopenb Model Accuracy Precision Recall F1-mepa ROC-AUC
Logistic Regression Static 0,81 0,58 0,53 0,55 0,82
MLP Static 0,85 0,68 0,65 0,66 0,87
RNN Dynamic 0,86 0,69 0,70 0,69 0,88
LST™M Dynamic 0,88 0,73 0,77 0,75 0,91
GRU Dynamic 0,88 0,74 0,78 0,76 0,91

The results of the comparative analysis presented in Table 2 indicate that deep learning models capable
of capturing the sequential structure of customer behaviour outperform static methods across all evaluated
metrics. Among the models considered, the GRU-based architecture demonstrated the best overall predictive
performance, achieving the highest F1-score of 0.76 and recall of 0.78, with a ROC-AUC value of 0.91. These
results confirm the effectiveness of gated recurrent architectures in modelling temporal patterns in customer
behaviour and improving the accuracy of customer loyalty and churn prediction.

The GRU model achieved predictive performance comparable to that of LSTM while requiring approximately
25% fewer trainable parameters and demonstrating faster training. This makes it more suitable for computationally
constrained environments. The training and validation loss curves converged after approximately 30—40 epochs
without noticeable overfitting due to the application of dropout and early stopping. Compared with the static
MLP model, the GRU improved ROC-AUC by 0.04 and the F1-score by 0.10. Furthermore, the model assigned
higher churn probabilities to customers exhibiting sustained declines in activity and account balance during
the final three to four months of observation, indicating that temporal behavioural trajectories provide more
informative predictive signals than aggregated customer characteristics.

The obtained results confirm that incorporating the temporal dynamics of customer behaviour substantially
improves the accuracy of customer loyalty prediction. The superior performance of recurrent models over static
approaches is attributable to their ability to capture temporal patterns preceding churn, including declining
customer activity, decreasing account balances, and increasing customer support interactions, which are
typically lost when behavioural data are aggregated.

The comparable performance of GRU and LSTM, combined with the lower computational complexity of
GRU, is consistent with established empirical observations. In tasks of moderate complexity and with limited
data availability, the simpler gated architecture of GRU often achieves performance comparable to LSTM while
training faster and being less prone to overfitting. These characteristics make GRU a practically attractive
choice for industrial customer-retention systems.

3 developed by the author
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The practical significance of the proposed approach lies in the integration of the GRU model into a bank’s
CRM system. Through regular recalculation, the model can generate a ranked list of customers with an
increasing risk of churn and support the timely initiation of proactive retention measures, such as personalized
offers, targeted communication, and tariff adjustments. Such interventions are particularly valuable at an early
stage, when the probability of retaining the customer remains relatively high.

Promising directions for further research include extending the GRU model with an attention mechanism to
enhance interpretability, applying explainable Al methods such as SHAP and integrated gradients to temporal
banking data, employing bidirectional GRU architectures, and developing hybrid models that combine recurrent
processing of customer behaviour with static tabular features and external macroeconomic factors.

The GRU model identifies customers at high risk of churn by jointly analysing temporal behavioural and
financial indicators, including declining account balances, reduced transaction frequency, decreased mobile
banking activity, discontinued use of deposit and lending products, and an overall reduction in customer
engagement with banking services. By capturing the temporal evolution of these indicators, the model enables
the early detection of customers exhibiting behavioural patterns associated with an elevated probability of
churn (Figure 2).

e ‘ Churn Risk Level ‘ Customer Segmentation
Score
Low Risk
’- The client maintains O The client maintains stable
= ivi - activity and demonstrates
0.00 - 0.30 ' \ stable activity a.nd C ‘ y
demonstrates signs signs of loyalty.
of loyalty.
Medium Risk
Partial decrease in Partial decrease in activity
0.30 - 0.60 ‘ activity and interest and intemtst in banking
in banking products products is observed.
is observed.
High Risk
’-Q A noticeable reduction O A noticeable reduction in
0.60 — 0.80 ' / in transactions and transactions and interaction
interaction with the Q\\ with the bank is recorded.
bank is recorded.
Critical Risk
0.81 — 1.00 S™§,  Theclientis highly likely O The client is highly likely
Soll= e ' __‘ to discontinue banking C‘ to d‘_scomlf‘u? banking
services within ° services within 1-3 months.
1-3 months.

Figure 2. Segmentation of Commercial Bank Customers
by Churn Risk Levels Based on the GRU Predictive Model*

As shown in Figure 2, the most critical segment is the 0.81-1.00 category, which corresponds to a critical
level of churn risk. Customers in this group have the highest probability of discontinuing banking services
within the next one to three months. Therefore, this segment requires priority retention measures, including
individualized service conditions, personalized financial offers, and active customer engagement.

The proposed risk scale provides a practical interpretation of the GRU model’s predictions and enables
banks to move beyond simple churn probability estimation toward risk-oriented customer segmentation. This
approach facilitates more efficient allocation of retention resources, supports the timely implementation of
targeted customer retention strategies, and ultimately contributes to improving customer loyalty in commercial
banks.

CONCLUSION AND RECOMMENDATIONS

This article proposes and empirically validates a customer loyalty prediction model for banking clients
based on a GRU recurrent neural network that accounts for the temporal dynamics of customer behaviour. The
model achieved a ROC—-AUC value of 0.91 and an F1-score of 0.76, outperforming static approaches, including
Logistic Regression and MLP, while demonstrating performance comparable to LSTM with lower computational
complexity.
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The results indicate that customers’ behavioural trajectories, rather than aggregated indicators alone,
contain the key predictive information. These findings substantiate the feasibility of integrating GRU-based
models into banking decision-support systems for the early identification of customers prone to churn and for
improving the effectiveness of customer-retention programmes.
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