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Abstract This study presents a hybrid recommendation framework that combines machine learning-based probabilistic
prediction with rule-based decision logic for forecasting customers’ next transactions in digital banking. It aims to help
in customer retention and personalization, as well as cross-sell strategies in settings where the behavior of the user
is heterogeneous and transaction data are largely imbalanced. The machine learning component estimates behavioral
consistency probabilities, whereas the rule-based component translates these probabilities into personalized product
recommendations according to customer segmentation and business constraints. The principal methodological contribution
is the proposed inverse transform probability mechanism, which reinterprets predicted probabilities as behavioral consistency
scores across active, dormant, and new customer segments. This conversion makes it possible to have a uniform probabilistic
understanding of the states of the users while maintaining the economic significance of the recommendation decisions. The
model performance was evaluated using the area under the precision-recall curve (PR-AUC) because it is a good performance
metric for imbalanced classification problems. The empirical results demonstrate good predictive ability and temporal
robustness, achieving an average PR-AUC of 0.82 over the evaluation period. Furthermore, the probabilistic framework is in
line with the concept of expected monetary value (EMV) under a binomial state-price interpretation and links the prediction
of behavior to the financial decision-making process. The proposed framework provides an interpretable probabilistic
methodology for next-transaction prediction under realistic synthetic banking scenarios and establishes a foundation for
future validation using real banking transaction data. The results obtained on synthetic transaction data suggest that the
inclusion of behavioral consistency in probabilistic models can enhance the stability and practicality of recommending
systems for financial institutions.

Keywords Rule-based recommendation framework; Next-transaction prediction; Behavioral consistency; Imbalanced
classification; Digital banking analytics.

AMS 2010 subject classifications 62H30, 68T05, 91G80
DOI: 10.19139/s0ic-2310-5070-3707

1. Introduction

The modern banking system operates in an environment characterized by rapid digitalization, intense competition,
and high volumes of transactions [1, 2]. Therefore, financial institutions must create data-driven strategies to better
understand customer behavior and improve the cross-selling potential of banking products. In countries such as
Indonesia, which are in the process of developing digital economies, recent economic policy directions have
highlighted the importance of stimulating domestic financial activity and ensuring improved liquidity circulation
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within the financial sector. Consequently, banks are heavily investing in analytical models that can help them detect
latent behavioral patterns and suggest the right financial products to their customers.

Customer transaction behavior is inherently heterogeneous. While some customers have consistent and active
engagement levels with financial activity, others have sporadic interactions or are dormant for a long time [3]. Such
heterogeneity naturally leads to class imbalance and temporal inconsistency in transaction datasets, which makes
the tasks of predictive modeling and recommendations extremely difficult [4, 5]. Traditional predictive approaches
often center on active customers and assume that transaction probabilities can be directly deduced from past activity
[6, 7, 8]. However, this is a less reliable assumption when consumers’ financial behavior is dynamically altered by
policy changes, market conditions, or seasonal economic cycles.

Several studies have examined cross-selling and customer behavior in financial services. Kaishev et al. [9]
proposed a probabilistic optimization model for selecting customers in the cross-selling model, and Altun and
Yucekaya [10] developed models to maximize the yield of financial products. Machine learning techniques have
been studied in the past to predict customer behavior. For example, Boustani et al. [11] revealed that deep
learning designs could boost the prediction capabilities of cross-selling contexts, whereas Basten and Juelsrud [12]
discovered that customer loyalty and the continuity of enduring relations were significant influences in banking
systems in terms of price and product acceptance.

Theoretically, the mathematical modeling of the financial decision-making process has been emphasized. The
modelling of decision-making of the bank’s behavior in channelling loans has been studied in a discrete-time
structure [13, 14] and systemic risk framework [15]. An alternative decision-making model related to value-at-risk
was used to predict the risk measure in energy risk data [16]. The importance of this combination of behavioral
interpretation and probabilistic modelling in financial analytics is worth giving attention to these approaches.

Despite recent advances in machine learning for financial recommendation, relatively little attention has been
given to probabilistic models that explicitly capture behavioral consistency while maintaining interpretability
under heterogeneous customer behavior and severe class imbalance. To address this gap, this study proposes a
hybrid machine learning and rule-based recommendation framework for customer next-transaction prediction. The
main contributions are threefold: (i) the introduction of a behavioral consistency-based prediction framework that
models stable customer behavior rather than isolated transaction occurrences; (ii) an inverse transform probability
formulation that provides a unified probabilistic interpretation across different customer behavioral states; and
(iii) a longitudinal evaluation that demonstrates robust predictive performance under realistic synthetic banking
scenarios. These contributions provide an interpretable probabilistic foundation for personalized recommendation
in digital banking. The proposed framework is also consistent with probabilistic classification under imprecise
conditions and contributes to modern data-driven decision support systems in digital banking [6, 8].

The remainder of this paper is organized as follows. Section 2 presents the proposed methodology,
including data simulation, feature engineering, model training, inverse transform probability formulation, and
evaluation framework. Section 3 reports the experimental results and discusses the performance of the proposed
recommendation system. Finally, Section 4 discusses the results, and Section 5 concludes the paper and outlines
future research directions.

2. Methodology

2.1. Synthetic Data Generation

In this study, simulated transactional data were used to emulate actual customer behavior in digital banking. The
dataset spans 32 months (January 2023-August 2025) and is intended to reproduce the trends of the macroeconomy
and the heterogeneity of the behavioral data according to published financial data by Bank Indonesia [17], the
Indonesia Financial Service Authority [18], McKinsey & Company [3], Google-Temasek-Bain [19], and the
Boston Consulting Group (BCG) [20]. The temporal stability and probabilistic consistency of the rule-based
recommendation framework were evaluated based on this data.

The initial stage involves assuming the statistical and structural building blocks of the simulation dataset.
To ensure initial complete reproducibility, all random number generators were initialized with a known seed
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(random_state = 610). The fixed random seed ensures that the synthetic dataset can be reproduced exactly
under the same implementation. The source code used to generate the synthetic dataset and reproduce the
experimental pipeline is available from the corresponding author upon reasonable request. The customer base was
seeded with 500 distinct customer accounts and increased every month following a Gaussian distribution, where
1 = 40 and standard deviation ¢ = 5, to indicate a low customer acquisition trend, which would be typical of early
stage digital financial institutions.

A normal distribution with parameters 38 and 5 transactions per month was used to model the transactional
frequency per customer. These parameters are in line with the empirical evidence of the Federal Reserve Bank
of Atlanta [21] and the Federal Reserve Bank of St. Louis [22], which discovered between 31 and 45 monthly
transactions per active consumer. This spectrum in the surging digital payment adoption in Indonesia is also
affirmed by additional observations by the Indonesian Financial Service Authority [23]. This probabilistic structure
is assured to ensure that the growth of customers and the transacting activity are stabilized in time, realistic
variability in the performance, and macroeconomic rationality.

Twenty types of digital transactions were simulated, including day-to-day banking operations such as fund
transfers, QR payments, bill payments, and investment-based products such as mutual fund investments and
time deposits. Some investment-related products depend on three financial indicators: CASA (current and savings
account balance), AUM (assets under management), and OSBAL (operational savings balance). These indicators
represent the financial ability of the customer and were only selectively attached to investment-type transactions to
preserve causal integrity of the simulation.

To mimic realistic temporal changes in customer transaction behavior, the simulation also includes a seasonal
probability modeling mechanism that varies the transaction-type distribution based on recurring macroeconomic
and behavioral cycles. The probability vectors for each month were generated using a Dirichlet distribution to
obtain an even stochastic distribution among all product categories, which was then weighted by season. Seasonal
modulation of cyclic intensity variations for specific types of products. For example, donations and credit card
payments have a higher frequency during the year-end period (November to December), corresponding to charity
campaigns and holiday expenses. Insurance premium payments are high in January and February because of
the annual renewal of the policy. Similarly, mobile top-ups, foreign currency transfers, etc., surge around mid-
year holiday periods (June—July), while mutual fund investments and time deposits increase in the period of
March—April and September, when corporate bonuses and religious holiday allowances are dispensed. After the
seasonal weighting factors, all probability vectors were renormalized to ensure that the total probability mass was
equal to one.

To simulate customer base growth and product diversification, new customers and transaction volumes were
introduced every month. The number of new customer information files (CIFs) was between approximately 2,500
and 3,000 per month, and the total monthly transactions were between 10,000 and 50,000. Each customer was
assigned a stochastic financial profile sampled from a log-normal distribution. Transaction amounts were generated
conditionally: investment-linked products were proportional to AUM or OSBAL (between 1% and 20%), while
general transactions were sampled from smaller log-normal distributions with right-skewed variability (mean 10.5,
standard deviation 1.5). Each transaction was randomly timestamped in its month and later aggregated at the end
of the month (date_pr) to form a structured time series representation.

To simulate the conditions of banking data in the real world, behavioral sparsities were introduced by using
controlled missingness. Two layers of sparsity were employed in this study. First, random month omission was
applied using up to 12 random months for each CIF to drop months so that natural dormancy cycles for each
CIF were generated. Second, omission was randomly used at the transaction level to remove approximately 5% of
transactions to create incomplete records of activities. This two-sided solution left the unbalanced dataset natural
since inactive behavior was the most prevalent, as it could be viewed as a realistic banking data setting where active
customers are a minority. These imbalanced situations are essential for determining the soundness of the model in
imbalanced learning theory [4, 5, 24, 25].

After combining the data from all the months, the final dataset consisted of approximately 290,000 records and
eight key variables. Table 1 summarizes the structure of the dataset and the variable descriptions.
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Table 1. Description of variables in the transaction dataset

Variable Description

cif Unique customer identifier
product_type Type of transaction
transaction_time Actual transaction timestamp
amount Transaction value

casa_balance, aum_balance, osbal_balance Financial indicators

date_pr Monthly reference period (period-end)

The dataset was saved as dummy_data_transaction.csv to maintain reproducible experiments and further
model training. Beyond its numeric characteristics, the dataset was designed to capture three important properties
of the behavior of digital banking: temporal variability in customer behavior caused by economic cycles and
the structure of the season, wealth stratification in terms of heterogeneous financial balances, and natural class
imbalance caused by irregular customer engagement. Together, these characteristics provide a real environment,
but a controlled one, to test the probabilistic inverse transform learning and PR-AUC-based consistency in a rule-
based recommender system. With the data structure finalized, the next stage was to engineer some of the features
to capture temporal and behavioral consistency.

The objective of the synthetic data generation is not to reproduce the confidential transaction records of a
particular financial institution, but rather to preserve the principal statistical characteristics observed in digital
banking, including heterogeneous customer behavior, seasonal transaction patterns, product-specific eligibility
constraints, wealth stratification, and natural class imbalance. Because customer-level banking data are inaccessible
owing to privacy restrictions, validation was performed by comparing the aggregate behavioral characteristics
of the simulated data with publicly available banking statistics and industry reports. Although rare customer
behaviors, fraudulent activities, unexpected economic shocks, and institution-specific operational practices cannot
be fully replicated, the resulting synthetic dataset provides a realistic, reproducible, and controlled experimental
environment for evaluating the proposed recommendation framework.

2.2. Feature Engineering

The processing of raw transaction histories into statistical and behaviorally interpretable predictors is known as
feature engineering. This process follows the concepts of interpretable and transparent learning [26, 8, 27]. The
first phase of feature extraction is temporal aggregation on short and long horizons.

Each customer product was examined as a time series to understand the multi-horizon trends of transactions.
The transactional dataset was transformed into a monthly panel for each customer-product combination. For each
combination (i, j, t) corresponding to customer ¢, product j, and month ¢, historical summaries of the transaction
amounts and activity flags were calculated to develop the analytical base. Short-term (3-month) and long-term (12-
month) rolling windows were used in the study to capture the persistence and volatility of behavior. Multi-horizon
design gives the model the ability to identify not only stable engagement patterns but also short-term anomalies
caused by market dynamics or a change of policy.

Based on these aggregate measures, several behavioral features were created to describe the variability and
stability of customer activities. Core-derived features are the basis for the representation of behavior. The
engineered variables for each product target are listed in Table 2.

The selected features were designed to capture complementary aspects of customer financial behavior across
different temporal scales. The variables recent and sum3m represent immediate customer responsiveness and short-
term transaction momentum, whereas slope, avgl2m, and std12m characterize the long-term behavioral trends,
habitual engagement, and transaction stability. Together, these features enable the proposed probabilistic model to
distinguish persistent behavioral patterns from temporary fluctuations while maintaining financial interpretability.

In addition to transaction-level variables, liquidity-related financial variables, such as OSBAL, CASA, and AUM,
were included to record behavior-specific variables in retail investors. These are indicators whereby the application
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Table 2. Behavioral features constructed from transaction history

Feature Description Behavioral Purpose

recent Transaction value in the last month Captures immediate responsiveness
slope 12-month exponential smoothing trend Detects gradual shifts

std12m  Standard deviation of 12-month history Quantifies volatility

avgl2m  Average of 12-month transaction values Represents habit strength

sum3m Total transaction value over 3 recent months Measures short-term momentum

was only done on investment-type transactions to reduce spursiosity and preserve the interpretability within the
financial environment.

Cross-selling and target integrity rules were introduced to ensure that the recommendation logic was realistic.
Specifically, it is not possible to recommend product j to customer ¢ in the actual period ¢ because of
practical marketing and preservation of probabilistic validity [9, 10]. This ensures that only eligible products are
recommended, which is formally defined as follows:

Dyatia = {(4,5,t) | yije =0, j € P}.

The hybrid feature structure ensures short-term responsiveness and long-term interpretability. Short-term features,
such as recent and sum3m, reflect instant reactions to events or marketing campaigns, whereas long-term indicators,
such as slope, avgl2m, and std12m, reflect stable behavioral tendencies and financial stability. This two-scale
representation increases the strength and understandability of the estimated probabilities in different behavioral
states, which is part of the stability objective of the rule-based recommendation framework.

After the analytical feature set was established, the model training and selection processes were performed,
which are detailed in the following sections.

2.3. Model Development and Selection

The model training framework focuses on the fairness, balance, and interpretability of the algorithms. After the
feature engineering phase is completed, this phase helps build the complete machine learning pipeline that will be
used to test the probabilistic consistency under class imbalance.

To ensure adaptive learning and temporal robustness, model training was performed at the end of the month
from July 2024 to June 2025, which corresponds to a 12-month rolling evaluation window before the main
recommendation period (August 2024—July 2025). Each month, 20 models for each specific product corresponding
to different types of transactions were trained and validated independently, resulting in 240 trained models
throughout the entire horizon. The probabilistic consistency over time is ensured by this scheme of retraining
every month so that the system adapts continuously to the changing customer behavior and the macroeconomic
conditions.

Rather than predicting individual transaction occurrences, the proposed framework learns whether customers
maintain consistent behavioral states over time. Accordingly, the target variable represents behavioral consistency
between two consecutive months.

A target variable, which is the consistency of behavioral repetitions between one month and another, was
developed before the application of the inverse transform probability formulation. Let x; ; + be a binary transaction
indicator of the customer ¢ and product j in the month ¢, and thus z; ;; = 1 when the transaction is made and
x;,5,: = 0 otherwise. The behavioral consistency Y; ; ; is assigned as follows:

V.. — 1, if 2 -1 = i,
%,7,t — 0 if
o i@ jeo1 #F T

For illustration, suppose a customer uses a mobile payment service in January and again in February. In this
case,
i1 =1, Ty =1,
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so that
Y, =1,

This indicates consistent behavior. Similarly, if the customer does not use the service in either month,
Ti—-1 = 07 Ty = 07

then

This also represents behavioral consistency because the customer’s inactive state is maintained. In contrast, if the
customer changes from using the service to not using it, or vice versa,

(1,0) or (0, 1),

then
Y; =0,

indicating a behavioral transition between consecutive months.

A value of 1 implies consistent behavior (Buy — Buy or Not Buy — Not Buy), and O implies inconsistent
behavior (Buy — Not Buy or Not Buy — Buy). This formulation aids a model to acquire stable behavior in
contrast with raw transaction frequency, which supports the inverse transform probability framework to ensure that
the model is interpretable within the active, dormant, and new customer sectors.

Standardizing and stabilizing the dataset prior to model training was performed by data pre-processing. The
preprocessing pipeline guarantees normalization, feature stability, and financial outlier robustness. A summary of
the transformations performed on the data is as follows:

Drop Columns — Numeric Imputer — Outlier Clipper — Robust Scaler — L1-regularized feature selection
— Mutual Information.

The modular architecture assists in diminishing the impacts of noise and extreme values of transactions and
enhances reproducibility and interpretability [28, 29, 30].

Mutual Information (MI) was employed as a filter-based feature selection method to quantify the statistical
dependency between each candidate predictor and the behavioral consistency target. Candidate features were
ranked according to their Mutual Information scores, and the highest-ranked features were retained for model
training. Since the recommendation framework is trained independently for each transaction product and retrained
monthly, the subset of retained features may differ across products and retraining periods according to the observed
data characteristics.

Transaction-history features (e.g., recent, sum3m, slope, avg12m, and std12m) constitute the primary behavioral
descriptors because they capture customer engagement over multiple temporal horizons. Financial indicators
such as CASA, AUM, and OSBAL are incorporated only for investment-related products, where they provide
additional information regarding customers’ financial capacity and investment behavior. Consequently, the
proposed framework combines behavioral history with financial characteristics whenever such information is
economically meaningful.

Following the preprocessing, a benchmarking step was undertaken to compare the performance of the two
baseline models with regard to the balanced weighting of the classes. Five predictive algorithms were compared.

Logistic Regression [31, 32]
Random Forest Classifier [33, 34]
Gradient Boosting [35, 36]
XGBoost [37, 38]

LightGBM [39, 40]

SR WD
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Stratified 3-Fold Cross Validation was applied to each model, and the area under the precision-recall curve
(AUCPR) was the primary measure applied because of its sensitivity to skewed class distributions [4, 5, 41].
The two models with the highest mean AUCPR were shortlisted for optimization and testing. This strategy ensures
that the process of tuning the most promising algorithms is performed without compromising their computational
performance.

To overcome the class imbalance tendency of transactional datasets, three complementary resampling strategies
were considered [25, 42]:

* Random Under-Sampling (RUS): removes the extra majority samples;

* Random Over-Sampling (ROS): creates duplicates of minority samples;

* Synthetic Minority Oversampling Technique (SMOTE): Generates new minority examples by using the
nearest-neighbour interpolation technique.

Each resampling method was integrated separately into the preprocessing pipeline to assess the effect of each
technique on the recall-precision trade-offs and model stability. However, including these sampling methods
increases the ability of the model to generalize under severe imbalances, which are typical in banking data [24].

For each product target j, the selected models were evaluated based on a hold-out test set. The best model with
the highest mean AUCPR across the cross-validation folds was selected according to the following:

K
. 1
M* = arg Mrgg)jA Ve ; AUCPRyy,,

where M is the candidate model set and K is the number of cross-validation folds.

Hyperparameter optimization using RandomizedSearchCV [43] was then performed to maximize the
AUCPR on the different folds. The search space consisted of the number of features to retain following mutual
information filtering, sampling policies, and part of the key algorithmic parameters, such as C, nNestimatorss
max_depth, and learning_rate. Performance improvements were measured as follows:

AAUCPR = AUCPRunea — AUCP Rypenchmark-
The final model selection rule is defined as

M* _ Mtuncda lf AAUCPR > 0,
B Myenchmark otherwise.

This adaptive selection mechanism ensures an appropriate balance between predictive accuracy, temporal
robustness, and interpretability [25]. The final configuration is selected based on the principle of selective retention.
If the tuned configuration improves the precision-recall performance while keeping the AUCPR stable over the 12-
month evaluation window, it is adopted as the final model; otherwise, the balanced weight benchmark model
is retained. This strategy focuses on the long-term interpretability and temporal stability of the model rather
than marginal improvements in numerical quality, which is in line with responsible machine learning practices
[41, 25, 42, 44, 45].

It should be noted that the objective of the present study is to evaluate the probabilistic prediction component
that underlies the proposed recommendation framework rather than to introduce a new recommendation
ranking algorithm. The final recommendation list is constructed by combining the predicted probabilities with
the behavioral segmentation and business rule constraints described in the next subsection. Consequently,
the experimental comparison focuses on alternative supervised learning models for probability estimation,
including Logistic Regression, Random Forest, Gradient Boosting, XGBoost, and LightGBM. Comparisons
with recommendation-specific methods, such as collaborative filtering, matrix factorization, and popularity-based
recommendation algorithms, constitute an interesting direction for future work once real customer transaction
datasets become available.

From a computational perspective, the proposed framework trains one predictive model for each product category
during every monthly update cycle. Because these models are independent, the training process is naturally
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parallelizable and can be distributed across multiple processing cores or computing nodes. Furthermore, model
retraining is performed offline, whereas the online recommendation stage only requires probability prediction and
rule-based ranking, resulting in a relatively low inference cost. Monthly retraining was selected as a practical
compromise between adapting to evolving customer behavior and limiting the computational overhead. In large-
scale banking environments with substantially larger customer populations, distributed computing or incremental
learning techniques could further improve scalability while preserving the proposed recommendation framework.

2.4. Behavioral Consistency Transformation

After model selection, the probabilistic framework was reorganized to preserve the interpretability across
heterogeneous behavioral states. Let:

Pijt+1 = Predict Prob(y; j 141 = 1] 2i5.4)

The predicted probability p; ; ;41 measures the likelihood that customer ¢ performs transaction j in the next period.
However, the recommendation framework proposed in this study aims to quantify behavioral consistency rather
than merely the occurrence of transactions. Therefore, the prediction should reflect whether the future behavior is
consistent with the customer’s current behavioral state.

Let Y; ;. € {0,1} denote the customer’s current behavioral state, where Y; ;, = 1 indicates that the customer
is currently active for product j and Y; ;; = 0 otherwise. Behavioral consistency is achieved when the predicted
behavior agrees with the current behavioral state. Consequently, the probability of behavioral consistency can be
written as

P(Consistency) = Y jpi je+1 + (1 = Yije)(1 = pijes1)-

Since Y; ;+ is binary, this expression simplifies to

p ) Pijt+1s Yije=1,
il =
1—piji+1, Yije=0,

which is precisely the inverse transform probability adopted in this study. This transformation defines a behavioral
consistency score derived from the predicted probabilities. It is not intended to recalibrate the probability estimate
but rather to reinterpret it with respect to the customer’s current behavioral state. Active customers receive
recommendations with the highest consistency likelihood, whereas dormant or new customers receive suggestions
emphasizing globally underutilized products [8, 11, 12]. The transformation should therefore be interpreted as a
behavioral consistency score rather than a calibrated probability estimate.

Let J denote the set of all products and y; ;. € {0, 1} denote the usage indicator of customer ¢ for product j in
month ¢. Let V; ;; > 0 denote the transaction volume or frequency for customers ¢ and product j at time ¢. Global
product usage is denoted by u;; > 0, which represents the number of users, counts or total transaction volume.
The normalized global contribution of product j is defined as

Uyt

= =2>2— €10,1],
Dkeg Ukt

Cjst
where smaller values indicate globally underutilized products in a given country, and vice versa.
At the customer level, diversification is measured using the personal portfolio share
Vit
Zkej Vi,k,t

where smaller values indicate products that are relatively underutilized by the customers. Eligibility constraints are
captured through a business mask eligible(i, j,t) € {0, 1}, with the eligible product set defined as

€ [0,1],

Sigt =

TeE = {j € 7 + eligible(i, j. 1) = 1}.
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The recommendation list length is denoted by K (here, K = 5).
Customers are segmented at time ¢ into three mutually exclusive behavioral groups. A customer is classified as
Active if at least one product is used during the period, i.e.,

3] cJ: Yijt = 1.
A customer is classified as Dormant/New if no product usage is observed,
V] cJ: Yijt = 0.

A customer is classified as Heavy if the customer is active and either product coverage or transaction intensity
exceeds the predefined thresholds:

i €T yije=1}
|7

> Teov OF Z V;',j,t Z Tvol-
jeT
For heavy users, the recommendations prioritize customer-level diversification. Products with the smallest
personal portfolio shares are selected first.

£, = Bottom_K {Sm‘,t 1j € ie,iig} )
If fewer than K items are obtained, the remaining slots are filled with globally underutilized products as follows:
L5 = Bottom_K {cj,t ije j;f,lfig \ El} )
The final recommendation list is therefore
Rec; Y (t +1) = £, U (Lo upto K — |£4]).

Optionally, a seasonality-aware adjustment can be applied prior to computing global contribution scores. In this
case, global usage u,, is replaced by the seasonally adjusted quantity u; /s, before normalization, producing a
seasonality-adjusted score cﬁstc *) To maintain consistency awareness when ties occur in ranking s; j; or c;;, ties
are resolved by prioritizing products with higher predicted probabilities p; ;1.

Overall, customers are segmented into Active, New/Dormant, and Heavy categories. Active customers receive
Top-K recommendations ranked by p; ; ;+1 (excluding products used at ¢). Dormant or new customers get Bottom-
K globally underutilized products derived from c; ;. Heavy users are given diversification-based recommendations,
prioritizing underutilization on the individual’s part and filling the remaining slots with globally underutilized
products.

This is parallel to the idea of the binomial Expected Monetary Value (EMV) [46], where the gain/loss states are
symmetrically under the expectation of probabilities:

EMV = pG + (1 —p)L.

Here, p will be similar to p, except that it will consider the stability of behavior and not the probability that
the occurrence of the raw outcomes will take place. This formulation preserves the financial interpretability of
the probabilistic transformation while maintaining the consistency between behavioral prediction and monetary
decision-making. The next stage is to assess whether this consistency is empirically valid using longitudinal
performance measures.

From a practical perspective, the transformed probability should be interpreted as a behavioral consistency score
rather than a calibrated probability estimate. Unlike conventional calibration techniques, such as Platt Scaling or
Isotonic Regression, which modify predicted probabilities to better match observed event frequencies, the proposed
transformation preserves the original probability estimates and reinterprets them according to the customer’s
current behavioral state. Consequently, active and inactive customers can be evaluated within a unified probabilistic
framework while maintaining both interpretability and compatibility with any underlying prediction algorithm.
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2.5. Performance Evaluation

System evaluation was performed monthly between July 2024 and June 2025, leading to longitudinal PR—
AUC curves for the measurement of temporal robustness. The evaluation period spans multiple recurring
transaction cycles, allowing the monthly retraining strategy to adapt to evolving customer behavior under changing
macroeconomic and seasonal conditions. However, seasonality is captured implicitly through repeated model
updating rather than through explicit seasonal predictors.

Because the dataset has a natural distribution of imbalance, in which active transactions occur rarely, PR-AUC
was chosen as the main evaluation metric [4, 5, 41, 47]. This choice is supported by He and Ma [24], who
showed that the PR-AUC is more accurate in detecting discrimination towards minority classes than the PR-AUC
in imbalanced learning scenarios. Before introducing the empirical results, the mathematical formulation of the
precision/recall evaluation framework is presented.

To calculate the precision and recall, a classification threshold 7 used, and the values are as follows:

TP TP

Precision = m, Recall = m

The continuous precision- recall area under the curve is defined as

1
PR-AUC = / Precision(Recall) d(Recall).
0

In discrete predictions, this integral is approximated in a Riemann sum of ranked recall levels:

n—1
PR-AUC =~ Z Precisiony, (Recally11 — Recally) ,
k=1

where (Precisiony, Recally) are the sampled coordinates of precision and recall in increasing recall. In the case of
imbalanced datasets, the baseline precision is equal to the prevalence of the positive class as follows:
Ny
Ty = —.
TN 4+ N_
A classifier that performs randomly produces PR-AUC =~ 7. Therefore, any PR-AUC value that is

substantially higher than 7 is considered to capture meaningful behavioral patterns above random chance. The
interpretive ranges adapted from [28, 29] are presented in Table 3.

Table 3. Interpretation of PR-AUC values.

PR-AUC Range Interpretation Description

~ Baseline (7,) Random No learning signal

0.3-0.5 Moderate Weak pattern detection

0.5-0.7 Strong Balanced precision—recall trade-off
> 0.7 Excellent High predictive power

Temporal robustness was evaluated using longitudinal stability analysis. To measure the consistency across time
during the evaluation period, a stability index S(t) was defined as follows:

1 M
S(t) = 57 > (PR-AUC),,.

m=1

A stable or upward-trending S(¢) indicates stable model performance despite macroeconomic variations. This
behavior is in line with the cyclical financial behavior reported in [17, 18, 3, 19, 20] and confirms the interpretability
of the inverse transform probability framework over time.
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Although both the PR-AUC and PR-AUC represent classification discrimination, the PR-AUC is more sensitive
to severe class imbalance. Their approximate analytical relationship [29] is given by

PR-AUC — 7_ /2

1—m_

PR-AUC ~

When 7 is small, that is, in a situation of severe imbalance, PR-AUC gives a more severe estimation of the
model performance. Hence, it is especially suitable for the current financial context, in which inactive customers
comprise the dominant part of the dataset.

Consistently high PR-AUC values throughout the evaluation period indicate that the proposed framework
maintains reliable behavioral discrimination under severe class imbalances while preserving temporal stability. The
consistency of the PR-AUC over the 12-month analysis period confirms that the inverse transform version and the
behavioral segmentation rules are semantically consistent over time. Therefore, the system offers an optimal trade-
off between statistical accuracy, interpretability, and economic consciousness under dynamic financial conditions
[17,18, 3, 19].

3. Results and Discussion

This section presents the principal empirical findings obtained using the suggested rule-ecommendation framework.
It begins with an analysis of the synthetic transaction dataset and proceeds to the analysis of the best performance
of the model across product categories and time. Finally, the behavioral implications of the results (output of the
recommendations) are examined in this study concerning different groups of customers.

3.1. Synthetic Dataset Characteristics

The synthetic dataset covers the period from January 2023 to August 2025 and includes transaction data of 20
digital banking products in the UAE. The dataset was created to mimic real customer behavior, with heterogeneity
added to the transaction frequency, monetary value, and financial indicators. A sample of the raw structure of the
transactions is presented in Table 4.

Table 4. Sample of raw transactions.

CIF Product Type Transaction Time Amount CASA AUM OSBAL Date PR

100001  cash_withdrawal_code 2023-01-08 25,800 - - - 2023-01-31
100001  mobile_top_up 2023-01-21 42,000 - - - 2023-01-31
100001  standing_instruction 2023-01-01 115,600 - - - 2023-01-31
100001  time_deposit 2023-01-12 4,464,000 62,211,000 58,151,000 0.0 2023-01-31

Several important features can be observed in the raw dataset structure. First, there is a significant variation in
transaction behavior among different customers, reflecting varied levels of financial engagement. Second, there is
a considerable difference in transaction values and frequencies across product types, reflecting heterogeneity in
financial needs and usage patterns. Third, financial indicators such as CASA, AUM, and OSBAL are only available
for investment-related products, which also maintain causal consistency between financial wealth and investment
activities.

Monthly aggregates were calculated to gain better insight into transaction patterns at the product level. Table 5
summarizes the number of transactions and the amount of money spent on the selected products in January 2023.

Aggregated statistics confirm that certain products, such as cash withdrawal codes and account statement
downloads, occur frequently, whereas others seem to occur less often but involve higher monetary values than the
former. These differences point to the existence of both high-frequency routine transactions and lower-frequency
financial commitments in the dataset.
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Table 5. Monthly product aggregates (January 2023).

Date PR Product Type Transaction Count Amount Sum
2023-01-31 account_statement_download 2268 2,680,209,000
2023-01-31  bill_payment 869 994,003,000

2023-01-31 cash_withdrawal_code 2960 3,442,701,000

2023-01-31 cheque_book_request 1314 1,431,803,000

At the system level, there were natural fluctuations over time in the monthly totals of all products. The total
number of transactions and the total amount for the selected months in 2023 are presented in Table 6.

Table 6. Monthly total transactions (2023).

Date_PR Monthly Transaction Total Monthly Amount Total

2023-01-31 16,616 4.25B
2023-02-28 15,468 4.25B
2023-03-31 17,815 6.28B
2023-04-30 16,250 5.25B
2023-05-31 24,830 3.13B

The patterns of variation in transaction counts and volume of dollars spent indicate that there are seasonal patterns
that are affected by holidays, billing cycles, and consumer spending behaviors. Such temporal fluctuations are often
encountered in digital banking environments and provide a realistic basis for evaluating the stability of predictive
models.

3.2. Predictive Performance by Product Category

For our modelling, each product category was modelled separately based on the machine learning pipeline
described above. Table 7 summarizes the predictive performances of the selected products in June 2025.

Table 7. Model performance per product (June 2025).

Target Model Test PR-AUC  Transaction Name Period

cash_withdrawal_code_target Random Forest 0.954 cash_withdrawal _code 2025-06-30
bill_payment_target Random Forest 0.940 bill_payment 2025-06-30
mutual_fund_investment_target XGBoost 0.938 mutual_fund_investment = 2025-06-30
credit_card_payment_target LightGBM 0.937 credit_card_payment 2025-06-30

split_bill_p2p_target Logistic Regression 0.924 split_bill_p2p 2025-06-30

The prediction results showed strong classification among most product classes. Several models attained a PR-
AUC score of more than 0.93, which provides evidence of excellent discriminatory ability to distinguish consistent
behavioral patterns when there was an imbalance in classes. The predictability of administrative and routine
payment products was the highest, owing to their regular and routine use trends.

Conversely, lifestyle-based services and optional transactions produced slightly worse but still reasonable PR-
AUC values, which shows that they rely on momentary behavioral urges that create greater variability and make
them more complex to predict.
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3.3. Temporal Robustness Analysis

To assess long-term stability, the values of the PR-AUC were tracked over time (months) and products. The PR
AUC heatmap related to all product types and evaluation periods is shown in Figure 1.
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Figure 1. Heatmap of PR-AUC per transaction type by month.

The PR-AUC of most product categories fell within the range of 0.75 to 0.95, indicating that they have a high
ability to predict most of the time. In the rare instances when we observe a temporary decline in certain products
(such as credit card payments at the beginning of the year), the general trend appears to show that the model will
be a good predictor across the entire evaluation span.

Correlation analysis was also useful in determining the relationship between model performance and product
usage. Figure 2 presents the correlation of the PR-AUC and transaction share as well as the transaction amount
share.

The analysis results show that there are several salient relationships. The correlation between the PR-AUC
and share of transaction frequency is rather negatively correlated (r = —0.55), which means that the high traits
of transaction frequency can blur behavioral differentiation in a diverse user base. Compared to the negative
relationship between the PR-AUC and share of transaction amount, a rather weak association, r = —0.22 implies
that high-value products are associated with the introduction of a small amount of behavioral variability. On the
other hand, it is positively correlated with transaction frequency and monetary contribution (r or have a positive
value of 0.51), implying that popular services contribute significantly to the total financial activity.

These empirical findings support the statement that PR-AUC represents behavioral consistency, not just statistical
accuracy; thus, the issue is fit to evaluate recommendation frameworks that are exposed to disproportionate financial
datasets.
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Figure 2. Correlation between PR-AUC and transaction/amount share.

3.4. Longitudinal Performance Evaluation

The overall system stability can also be observed from the monthly average values of PR-AUC presented in Table
8 and Figure. 3.

Table 8. Monthly average PR-AUC.

Period Average AUC

2024-07-31 0.805
2024-08-31 0.814
2024-09-30 0.811
2024-10-31 0.819
2024-11-30 0.814
2024-12-31 0.801
2025-01-31 0.813
2025-02-28 0.828
2025-03-31 0.823
2025-04-30 0.834
2025-05-31 0.842
2025-06-30 0.850

The average PR-AUC was always in the range 0.80-0.85, which belongs to the excellent predictive category
for imbalanced classification problems. In addition, the noted progressive increase means that monthly retraining
enables the models to adjust to adapting patterns of transactions. The changes in consumer behavior during seasons
might be attributed to the slight changes noticed during some months.
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Trend of Average PR-AUC per Month

Average PR-AUC

PR-ALIC Range
O S — Pandom i
Moderate (0.3 - 0.5)
B Strong (0.5 - 0.7)
H Excellent (0.7 - 1.0)

0z

=0 Average AUC
0.0 : T

S o 3 & A
& e & & & o
Period (Month)

Figure 3. Trend of average PR-AUC per month.

We conclude that the longitudinal evaluation confirms that monthly retraining enables the proposed framework to
maintain a stable predictive performance despite temporal variations in customer behavior. These findings support
the robustness of the probabilistic consistency framework under realistic, dynamic banking conditions.

3.5. Recommendation Behavior Across Customer Segments

To measure the interpretability of the system and its personalization ability, the results of the recommendation were
assessed in reference to three ideal target groups: active, heavy, and dormant/new users. Active users usually have
a recurring pattern of transactions in various products; hence, the system supports products that support current
trends and initiate complementary financial services, including administrative and investment services.

Heavy users, who have a high rate of transactions and consume a wide range of products, are given non-uniform
recommendations based on the fill-to- K strategy, which prioritizes under-represented products without losing the
relevancy of the recommendation to the financial habits of the user. Customers that are either dormant or newly
registered do not have any past transaction history; consequently, the recommendation engine is more dependent on
aggregate signals and population-level trends to generate recommendations. Correspondingly, the lack of friction
omnipresent services, such as QR payments, fund transfers, and cash-withdrawal codes, are suggested to be the
point of contact and onboarding. A summary of the behavioral explanation of the recommendation plans for each
segment is presented in Table 9.

Table 9. Segment comparison summary.

S t Behavioral Characteristics R ded Product Types Model Rationale

Active Consistent monthly activity; 3-5 product types ~Administrative tasks + investments + routine payments Reinforces habits and expands product adoption
Heavy High frequency and high diversity Bill payment, insurance, top-up, ewallet, QR Combines high probability and diversification
Dormant/New  Little to no history; recently onboarded High-frequency simple financial services Supports onboarding and reactivation

These findings suggest that the specified recommendation framework successfully combined predictive
accuracy with the interpretability of behavior. The system supports statistically robust yet economically salient
recommendations that facilitate customer-specific digital banking services owing to the integration of probabilistic
consistency and segment-aware logic.
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4. Discussion

The proposed framework combines supervised machine learning with interpretable rule-based recommendation
to predict customers’ next transactions in digital banking. Unlike conventional prediction models that estimate
only the probability of future transactions, the proposed inverse transform probability reformulates prediction
outputs into behavioral consistency scores, providing a unified probabilistic interpretation of active, dormant,
and new customer segments. The experimental results demonstrate stable predictive performance across different
product categories, suggesting that behavioral consistency provides a useful basis for personalized financial
recommendation.

From a practical perspective, the proposed framework is designed to accommodate gradual changes in customer
behavior through monthly model retraining. Because product-specific models are trained independently, the
training process can be parallelized and performed offline, whereas online recommendation generation only
requires probability prediction followed by rule-based ranking, resulting in a relatively low inference cost.
However, monthly retraining represents a compromise between computational efficiency and adaptability. Abrupt
behavioral changes caused by major life events may not be reflected immediately because sufficient post-event
observations are required before the models can adapt to them. Future research may therefore investigate online
learning, incremental learning, or event-driven updating strategies to improve responsiveness.

The principal limitation of this study is the exclusive reliance on synthetic transaction data. Although the
simulated dataset was carefully designed to reproduce important statistical characteristics reported in banking
studies, including heterogeneous customer behavior, wealth stratification, seasonal transaction dynamics, and
class imbalance, it cannot fully represent the complexities of real banking environments. Likewise, seasonality
is incorporated explicitly only during data generation and is captured implicitly through monthly retraining
rather than through explicit seasonal predictors. Consequently, the proposed framework should be regarded as
a methodological contribution evaluated under a controlled experimental environment, with validation using real
banking transaction datasets remaining an important direction for future research.

The present study also emphasizes interpretability through behaviorally meaningful feature engineering and
Mutual Information-based feature selection. However, model-specific explainability techniques, such as SHAP
values or gain-based feature importance, were not investigated because the framework consists of multiple,
independently retrained, product-specific models. Similarly, fairness analysis could not be conducted because
the synthetic dataset intentionally excluded the protected demographic attributes. Future work should therefore
investigate feature attribution, fairness-aware recommendation strategies, and explicit seasonal modeling using
real banking datasets whenever appropriate privacy regulations permit.

Finally, the empirical evaluation focuses on the predictive component of the recommendation framework.
Although the PR-AUC is well-suited for highly imbalanced transaction data, it does not directly evaluate
recommendation quality. Recommendation-oriented metrics such as Precision@K, Recall@K, MAP, and NDCG,
together with comparisons against collaborative filtering and other recommendation-specific approaches, require
customer interaction logs or online deployment data and therefore remain important directions for future
investigation.

5. Conclusion

This study developed and evaluated a rule-based recommendation model for next-transaction prediction in digital
banking. The proposed system combines probabilistic learning with the principles of behavioral consistency to
produce easy-to-interpret and economically meaningful recommendations for the restaurant industry. Through
a synthetic dataset simulating customer heterogeneity and seasonal and financial transaction dynamics, the
framework demonstrates high predictive reliability and temporal robustness.

First, the simulation design can replicate the important features of real-world digital banking environments,
including class imbalance, multi-segment behavioral diversity, and seasonal variation in financial activity. The
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dataset structure enables the model to reflect long-term patterns in behavior while maintaining meaningful
relationships from transactional and financial investment-related indicators.

Second, the machine learning pipeline, which involved feature engineering, behavioral consistency targets,
imbalance mitigation, monthly model retraining, and longitudinal performance evaluation, consistently exhibited
good predictive performance. Empirical results show the average results of PR-AUC, 0.83 + 0.09 and 0.97 stability
index, revealing the high discrimination capability and robustness over time despite the variations in macro-
economy and seasons.

Third, the inverse transform probability formulation is essential for preserving the interpretability of other states
for customers. The framework aligns probabilistic predictions with the principles of Expected Monetary Value
(EMV) by reformulating the predicted probabilities with respect to behavioral stability. This alignment assists
financially in deciding to support cross-selling strategies and customer engagement initiatives, which makes sense.

Finally, the recommendation engine exhibited impressive personalization skills across user lines. Active
customers are to be recommended in a manner that strengthens stable structures of engagements, heavy customers
are to be recommended a more diversified approach with a fill-to-K strategy, and dormant or newly acquired
customers are to be recommended straightforward and high-frequency services that will enable them to reactivate.
These findings indicate that the system can not only forecast the consistency of behavior but also implement action-
oriented and product segment-aware recommendations.

The suggested rule-recommendation framework is a sound, interpretable, and cost-effective method for
predicting the next transaction in online banking. Its timelessness in customer segments and product lines signifies
a high chance of implementation in the financial institution world to enhance customer interaction, retention, and
cross-selling performance.

Although the simulation was designed to reproduce important statistical characteristics reported in digital
banking studies, the proposed framework has not yet been validated using proprietary customer transaction data.
Therefore, the present study should be regarded as a methodological contribution that demonstrates the feasibility
of the proposed probabilistic recommendation framework under controlled conditions. Future work will focus on
validating the approach using real banking datasets subject to appropriate privacy and regulatory requirements.
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