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By processing payments and providing specialized financial services,
acquiring banks are essential for merchants’ operations. To forecast 30-day
revenue trajectories, identify seasonal demand patterns, and identify early
indicators of financial stress, this paper presents a scalable merchant
analytics framework that benefits from transactional data. The framework
captures multi-level seasonalities using Prophet time series model, allowing
dynamic product offerings like revenue-based loans. Proactive risk
management is supported offerings like revenue-based loans. Proactive risk
management is supported. by a new stress-flagging mechanism that
identifies merchants at risk based on deviations in revenue trends. The
framework achieved a median 30-day mean absolute percentage error
(MAPE) of 56.51% after the validation on a datasetwith 130,350 transactions
from 460 merchants in a volatile economic environment. The model
demonstrated significant practical utility in identifying financial distress and

segmenting merchant behavior, despite its moderate predictive precision,
which is common challenge in high-variance merchant datasets. Model
outputs are converted into decision-support visualizations along with an
interactive dashboard.
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1. INTRODUCTION

Acquiring banks offer value-added services such as credit and loans, also, they work on facilitating
merchant transactions in the dynamic financial services industry. Offering specialized support, expecting
demand spikes, and reducing risks all depend on an understanding of merchant performance as determined by
revenue forecasting and financial health evaluation. Since small and medium-sized businesses, which include
many retailers, account for around 50% of the world’s gross domestic product (GDP), their financial stability
is essential to economic expansion [1]. Advanced analytics solutions are necessary because existing
approaches frequently miss the complex seasonal patterns and unexpected distress signals present in
transaction data.

This paper proposes a merchant analytics framework for revenue prediction, seasonal trend
detection, and financial stress identification. The framework forecasts 30-day revenue by using the Prophet
time series forecasting model, which has proven strong performance effectively in financial contexts such as
forecasting bank capital ratios [2]. This allows banks to provide dynamic financial products, like short-term
loans, during periods of high demand. Significant revenue declines set off a new stress flag that notifies
banks of vulnerable merchants and encourages early action. This study is driven by the need to address issues
such as data sparsity, currency fluctuations, and computational efficiency in transforming raw transaction
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data into actionable insights. Bank analysts can access the framework’s interactive dashboard for examining
merchant performance, which was applied to a dataset of 130,350 transactions from 460 merchants.

Many existing works have addressed sales forecasting, financial distress prediction, and time-series
anomaly detection using statistical and machine learning techniques. Early studies focused on traditional
econometric and autoregressive integrated moving average (ARIMA)-based forecasting for retail and
banking data [3]-[7], while newer studies adopted advanced models such as Prophet, extreme gradient
boosting (XGBoost), and hybrid deep learning architectures to improve seasonal trend capture and
interpretability [8]—[12]. The research in [13]-[16] explored neural and transformer-based sequence models,
showing enhanced robustness to nonlinear and multi-seasonal behavior in transactional datasets. In parallel,
several researchers investigated financial stress detection and anomaly identification in time-series data using
thresholding, multivariate modeling, and deep learning based methods [17]-[23]. These studies underscore
the growing convergence of forecasting accuracy, explainability, and risk analytics in financial and retail
domains, motivating the proposed framework.

This study contributes to the literature by adapting time series forecasting and distress prediction to
the merchant context, a relatively underexplored area. The main contributions of this paper are as follows.
First, this study develops an analytics framework that integrates forecasting, clustering, and stress detection
into a unified pipeline. Second, it validates the proposed approach using real transaction-level data from
Lebanese merchants. Third, it presents an interactive dashboard that allows analysts to visualize merchant
behavior, risk level, and stress signals in real time. These contributions collectively demonstrate the
framework’s practical value in supporting data-driven credit decisions and proactive risk management in
acquiring banks.

The paper is organized as follows: section 2 reviews related work on retail sales forecasting,
financial distress prediction, and time series anomaly detection. Section 3 details the methodology, including
data and modeling. Section 4 discusses results, while section 5 covers implementation and user interface.
Section 6 covers model benchmarking and justification, and finally, conclusions are drawn in section 7 with
future directions.

2. LITERATURE REVIEW
2.1. Retail sales forecasting

Time series forecasting is commonly used to predict sales, optimize inventory, and support strategic
decision-making. Current studies show how well sophisticated models handle irregular data structures and
capture seasonal patterns. Prophet’s ability to accurately model seasonal variations and holiday effects was
demonstrated by several researchers when they applied Prophet and light gradient boosting machine
(LightGBM) to Walmart sales data [3]. In a similar other researchers used Prophet to forecast supermarket
sales and proven that it performed better than conventional ARIMA models due to the possibility of handling
multiple seasonalities [4]. For furniture sales, other researchers developed a hybrid convolutional neural
network (CNN)-bidirectional long short-term memory (BiLSTM) model that outperformed traditional
methods in capturing complex temporal dependencies [5].

In their thorough investigation of deep learning techniques for time series forecasting, other
researchers emphasized the necessity of models that can manage noisy and irregular data, which are typical
in merchant transaction environments [6]. Despite their widespread use, traditional models such as ARIMA
frequently need to be manually adjusted for trend and seasonality components [7]. Similarly, retail
forecasting has used XGBoost, a gradient boosting framework, since it can handle high-dimensional data and
model non-linear relationships; however, it requires careful feature engineering [8]. Building on these
methodological advances, other researchers demonstrated the practical value of Prophet in the financial
domain by applying it to forecast bank capital ratios, showing that the model can be effectively deployed in
large-scale, real-world banking applications [2]. Their study highlights Prophet’s flexibility in incorporating
exogenous regressors and its ability to support scalable deployment in regulated environments. Our method
incorporates temporal features, such as the day of the week, which are part of feature engineering and
have been emphasized as critical in [6]. Beyond Prophet and classical gradient boosting models, recent
state-of-the-art deep learning architectures have shown good performance in retail forecasting. Amazon’s
DeepAR, an autoregressive recurrent network, demonstrated strong probabilistic forecasting capabilities by
capturing complex temporal dependencies in water demand scenarios, which are directly transferable to retail
sales forecasting [9]. Similarly, the temporal fusion transformer (TFT) introduced attention mechanisms and
gating layers that allow interpretable multi-horizon forecasts, significantly improving the handling of
heterogeneous retail datasets [10]. In parallel, hybrid architectures such as CNN-long short-term memory
(LSTM) have been applied in water resource management, where convolutional layers capture local temporal
patterns and LSTM layers model long-term dependencies, highlighting their adaptability for complex retail
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environments [11]. These models represent a new wave of forecasting techniques that integrate deep
sequence modeling, interpretability, and scalability.

Transformer-based models, which use attention mechanisms to capture long-range dependencies in
sequential data, have been adopted recently [12]. A detailed review of transformer applications in time series
analysis is given by other researchers which emphasized how well they work for forecasting tasks [13]. In a
similar, other researchers examine transformer-based long-term forecasting and talk about advancements in
complex pattern modeling [14]. When evaluating transformer models for retail demand forecasting, different
researchers found that they significantly outperformed more conventional techniques like ARIMA [15].
In order to further advance the field, other researchers proposed a transformer-based architecture leveraging
attention with parallel processing to handle long sequences more efficiently [16].

2.2. Prophet with threshold vs. multivariate forecasting

A widely used approach in retail forecasting combines Prophet with simple residual thresholding to
identify anomalies. This approach is valued for its transparency, ease of implementation, and suitability for small-
scale deployments. However, its reliance on simple signals and heuristic cutoffs limits its effectiveness in
capturing cross-series dependencies or adapting to structural changes in the data. Recent studies have explored
threshold-based approaches for stress or anomaly flagging in time-series data, emphasizing their simplicity and
adaptability across domains. For instance, dynamic thresholding methods automatically adjust detection
boundaries based on local data distributions, enabling reliable identification of abnormal patterns while reducing
false positives and missed detections [17]. In contrast, modern multivariate deep learning methods such as
DeepAR, TFT, and hybrid CNN-LSTM architectures have shown superior capabilities in complex forecasting
environments [9]-{12]. These models combine covariates and related time series, generate consistent
probabilistic forecasts, and can be coupled with robust anomaly detection frameworks. Empirical studies
highlight their strengths in reducing false alerts, improving sensitivity to structural changes, and providing greater
scalability for large retail portfolios. In summary, Prophet with thresholding remains an appropriate choice for
rapid, interpretable monitoring, while multivariate deep learning models represent the state of the art for data-rich,
high-dimensional retail forecasting tasks where accuracy and early anomaly detection are essential.

2.3. Financial distress prediction

For businesses and financial institutions to stay safe, financial distress prediction is essential. New
developments in machine learning provide better predictive accuracy than existing approaches, which mainly
rely on financial ratios. In order to improve the detection of financial distress, especially in the presence of
uncertainty, several researchers presented a hybrid model that combines machine learning and network
analysis [7]. A machine learning-based early warning system for financial crises was presented, emphasizing
the value of real-time monitoring, a concept that closely resembles our use of the stress flag [18]. By using
machine learning in banking analytics, recent research advances this area even more. Other researchers
employed a banking risk index to evaluate machine learning methods for forecasting crises in the Indian
banking sector [19]. A different researcher conducted a qualitative survey of bank board members to examine
the adoption of Al and machine learning in banking systems, highlighting real-world implementation
challenges [20]. Other researchers mapped a decade of developments in the application of machine learning
to banking risk management, providing insights into its evolving role in financial stability [21].

2.4. Time series anomaly detection

Finding unusual patterns in time series data that could indicate operational issues or financial
distress requires anomaly detection. A detailed analysis of anomaly detection methodologies was presented
by several researchers, who divided them into three categories: statistical, machine learning, and deep
learning-based techniques [22]. Several researchers specifically explored anomaly detection in financial time
series, using techniques such as principal component analysis and neural networks to detect fraudulent or
crisis-related patterns [23]. Recent advancements in financial anomaly detection include graph-based and
deep learning approaches. Other researchers reviewed anomaly detection methods in digital financial
systems, emphasizing machine learning’s role in identifying problems [24]. Others proposed graph-based
anomaly detection for anti-money laundering, leveraging transaction networks [25]. Different researchers
developed a machine learning model for online payment fraud, integrating anomaly detection with risk
management [26]. Others introduced a variational autoencoder (VAE)-transformer model for anomaly
detection in decentralized finance, showcasing deep learning’s potential in emerging financial systems [27].
The used stress-flagging mechanism can be interpreted as a targeted anomaly detection method,
where significant changes from forecasted revenue patterns trigger alerts. These alerts are conceptually
grounded in the anomaly detection frameworks discussed in the literature and serve as actionable signals for
acquiring banks.
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3. METHODOLOGY
3.1. Objective

The main goal of the proposed merchant analytics approach is to provide acquiring banks with a
30-day forward view of each merchant’s expected revenue. Beyond forecasting, the model identifies
merchants at financial stress risk, enabling early detection of potential problems or instability. Furthermore, it
combines merchants into similar behavioral groups, allowing banks to design tailored interventions, credit
strategies, and financial products that address the specific needs and risk profiles of each group.

3.2. Data

The dataset consists of merchant transaction records, including transaction date, amount, merchant
name, card bank identification number (BIN), approval status, and currency. Figure 1 shows a sample of
these records, where each row is a transaction entry with its associated approval status and amount in
Lebanese Pounds. The data sourced from a bank span at least one year to capture seasonal patterns and
contains 130,350 transactions. After preprocessing, these were combined into 13,777 daily merchant-date
records across 460 merchants, of which 112,048 transactions were approved.

External covariates five regressors capture transactional, behavioral, and macro-economic drivers:
i) decline rate: daily proportion of declined authorizations (payment-approval health), ii) txn count: total
number of transactions per day (activity intensity), iii) customer count: count of unique card-bins per day
(foot-traffic proxy), iv) currency volatility: absolute daily % change in the USD/LBP FX rate (macro-
uncertainty); and v) is promotion: binary flag for promotional or holiday periods (e.g., Black Friday and Eid).
These features are merged into the merchant-day panel and passed to Prophet via “model.add regressor
(..., mode="multiplicative")”, allowing each factor to increase or reduce the baseline seasonal signal. For the
30-day forecast horizon, each regressor is carried forward with its most recent value, preventing missing
covariates in the future frame.

419517|  A+PHARMACY 26/01/2024 APPROVED 1000000
527742 Lebanese Pound | 2551000

511841 FAHED SUPER MARKET 1060505

510459 | FAHED SUPER MARKET 25/01/2024 DECLINED Lebanese Pound| 89500

Figure 1. Sample structure of the transaction dataset

3.3. Data preprocessing and feature engineering
Preprocessing ensures data quality and prepares it for modeling:

—  Currency conversion: transaction amounts (LBP) were converted to USD by fetching a live exchange
rate because the LBP to USD rate is not stable in Lebanon due to the economic crisis [28].

—  Data cleaning and validation: columns were standardized (trimmed and renamed) and changed to proper
types (numeric for amounts and card bins; datetime for transaction dates). Rows with missing or invalid
values in any of the critical fields (amount, card bin, merchant name, and transaction date) were
dropped. A binary decline flag (is decline) is encoded from approval status for downstream analytics.

—  Outlier treatment and feature engineering: transaction amounts were minorized at the Ist and 99th
percentiles to mitigate extreme outliers. Calendar features were derived from the transaction date:
day-of-week, month, year, capturing seasonal, and temporal patterns.

—  Daily aggregation and rolling metrics: for each merchant and date, compute total revenue in USD,
transaction count, and number of declines. Calculate 7- and 30-day rolling averages of daily revenue to
capture short-term trends. The resulting daily data frame supports time series forecasting, with rolling
averages (7- and 30-day) added to smooth trends.

3.4. Merchant clustering

K-means clustering was applied to segment merchants based on transactional behaviors, precisely
total revenue, customer counts, and transaction frequency. The optimal number of clusters (k) was
determined also through silhouette score maximization over a range of 2-6 clusters. The chosen method
ensures fast computation and explainable results.
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3.5. Prophet model: theoretical perspective

Prophet is based on a generalized additive model (GAM) framework, where time series data are
decomposed into interpretable components: trend, seasonality, holiday effects, and noise [2]. It models the
time series as in (1).

y(t) =g(t) +s(t)+ h(t) + ¢t )

Where g(t) denotes the long-term trend (either linear or logistic with changepoints), s(t) represents seasonal
patterns using a Fourier series, h(t) accounts for holiday effects, and et denotes the error term. Unlike
traditional models such as ARIMA, Prophet automatically detects changepoints and handles multiple
seasonalities, making it especially suited for irregular, high-variance data common in business and
transaction environments. Parameters are estimated using maximum a posteriori (MAP) techniques, with
support for user-defined distributions and external regressors. Prophet’s interpretability, scalability, and
robustness to missing data and outliers have made it a strong candidate for business forecasting tasks,
including revenue prediction and risk assessment in banking and retail domains.

3.6. Revenue forecasting

Facebook’s Prophet model was used for merchant-level revenue forecasting due to its ability to
effectively handle multiple seasonalities and change points with minimal parameter tuning. Prophet’s core
expectations include an additive (or multiplicative) decomposition of trend, seasonality, and noise,
independence of errors, and a stable future resembling historical patterns. Each merchant’s daily revenue
time series go through forecasting with Prophet, configured with yearly and weekly seasonalities,
multiplicative seasonality mode, and automatic change point detection (maximum set to min (20, [N/3]),
where N is data points).

3.7. Financial stress detection

A financial stress detection algorithm was introduced to flag merchants at risk. The risk is defined
by a significant recent drop in revenue, as detailed in Algorithm 1. This flag acts as an alert mechanism for
banks to take preventive measures.

Algorithm 1. Financial stress detection
1. last7 « mean revenue over the last 7 days
2. last90 « mean revenue over the last 90 days
3. if'last7 and last90 are both defined then
4 if last7 <0.7% 1ast90 then
5. stress flag « true
6. else
7 stress flag « false
8 end if
9. else
10.  stress flag «— NaN
11. endif
4. RESULTS AND DISCUSSION
This section discusses outcomes based on the model and code output. It includes a case study on the
merchant “Fahed super value”. Additionally, it provides an explanation of the dashboard.

4.1. Overall merchant landscape

To gain an overview of merchant performance and risk, all merchants were first visualized
collectively. Figure 2 demonstrates the merchant risk landscape, where each merchant is represented by a
bubble, positioned according to revenue volatility on the x-axis (coefficient of variation) and transaction
decline rate on the y-axis (ratio of declined to total transactions), with bubble size proportional to total
historical revenue in USD. The results showed that most merchants are concentrated in the low-volatility
(under 1.0) and low-decline (under 5%) region, reflecting stable operating performance. In contrast, a small
group of outliers exhibited both high volatility and high decline rates, indicating merchants with more
unpredictable revenue patterns and increased financial risk.

As for the clustering, this study segmented the merchants into two groups based on total revenue,
transaction count, and unique customer count. Figure 3 shows the distribution of merchant revenues across
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clusters obtained using k-means, where log scale was used to highlight the magnitude differences between
these clusters, demonstrating how segmentation separates low- and high-performing groups. Figure 3 reveals
that cluster 1 (=10 customers) contains lower revenue merchants with a wide spread of outliers, whereas
cluster 2 (=97 customers) captures the top-performing merchants with uniformly high historical revenue.

merchant risk landscape - bubble size « total revenue (usd)
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Figure 2. Merchant risk landscape based on volatility and decline rate
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Figure 3. Revenue distribution per customer cluster (log scale) across low- and high-income groups

4.2. Interactive merchant explorer

An interactive widget was built, which allows the user to select a card bin and display the top-N
merchants from it illustrated in Figure 4. Users can use this interactive dashboard to select a card bin
(e.g., 400390) and display the top-N merchants associated with it. For example, upon selecting card bin
400390 and top 5, the dropdown lists the 5 highest-volume merchants associated with that card bin. This
functionality enables targeted exploration of portfolio composition and facilitates deeper understanding of
merchant performance.

merchant analytics explorer

forecast charts include historical data (black) + 30-day forecast.

card bin | 400390 W

top-n merc... ', 5

merchant | FAHED SUPER WALUE v

Figure 4. Interactive merchant explorer interface based on card bin and top-n merchants
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4.3. Case study: Fahed super value

The full pipeline was shown using the merchant “Fahed super value” (one of the top 5 for card
bin 400390). Figure 5 presents the 30-day Prophet forecast for Fahed Super Value. The model captures
both weekly fluctuations and a general increasing revenue trend, showing its ability to detect short-term
cycles alongside longer-term growth dynamics. Figures 6 to 8 present the decomposition of the time series
for Fahed super value using Prophet. The proposed study mainly evaluates the weekly trend component in
Figure 6 and the monthly and yearly seasonality in Figures 7 and 8, respectively. Figure 6 shows the
weekly seasonality, capturing the typical fluctuations in revenue based on the day of the week. The plot
indicates that the revenue is generally lower on Sundays and Tuesdays, while Saturdays exhibit the highest
positive variation from the average, potentially indicating peak shopping activity on weekends. Figure 7
displays the trend component, which reflects the overall long-term growth in revenue. As seen, there is a
steady upward trajectory from January to November 2024, suggesting a consistent increase in daily
revenue over time. Figure 8 shows the yearly seasonality, which reveals repeating patterns throughout the
year. Revenue appears to increase at the beginning and end of the year, and experiences notable drops
around March and early summer. These seasonal patterns may align with local economic or cultural
factors influencing consumer behavior.

FAHED SUPER VALUE - 30-day forecast
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Figure 5. Thirty-day Prophet revenue forecast for Fahed super value
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Figure 7. Monthly income seasonality for Fahed super value
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Figure 8. Yearly income seasonality for Fahed super value

Figure 9 provides a heatmap visualization of Fahed super value’s transaction volume, composed of
day of the week (rows) and month of the year (columns). Each cell indicates the total number of transactions
on a specific day and month combination, with darker shades representing higher transaction volumes.
This visualization reveals clear seasonality patterns, such as heightened activity on Saturdays and Mondays,
especially in May, June, and July. The darkest cells, such as Saturday in June (312 transactions) and Tuesday
in July (286 transactions), highlight peak shopping periods which could relate to seasonal demand or
promotional campaigns. On the other hand, lower values, such as Mondays and Tuesdays in February
(84 and 100 transactions), may reflect off-peak retail activity. This heatmap helps identify high-traffic
periods, enabling better staffing, inventory planning, and promotional targeting.
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Figure 9. Heatmap of daily transaction volume by day of week and month for Fahed Super Value

4.4. Executive summary: Fahed super value

Finally, the decision-making summary synthesizes all key metrics for Fahed super value:
Fahed super value recorded $239,748.83 in total revenue and $1,096.06 in average daily revenue over 219
business days, processing 12,679 transactions from 114 unique customers. It was assigned to cluster 2
(97 customers). The 30-day revenue forecast was $37,551 (95% CI. $15,721-$56,229), with a mean
absolute percentage error (MAPE) of 56.51%, indicating moderate predictive accuracy. The stress flag was
no, suggesting that recent short-term performance remains within 70% of the 90-day baseline. Collectively,
these figures and the accompanying narrative demonstrate the utility of our end-to-end pipeline for merchant
segmentation, forecasting, and risk assessment.

5. DASHBOARD FOR RESULTS VISUALIZATION

This section presents the key components of the merchant analytics dashboard. It includes the
portfolio overview, risk assessment, and clustering. Additionally, it covers the top merchants' summary,
trends, and forecast.
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5.1. Portfolio overview dashboard

Figure 10 summarizes high-level key performance indicators (KPIs) across all merchants.
Merchants whose 7-day average revenue falls under 70% of their 90-day baseline are flagged as stressed.
A spike in stressed merchants may indicate elevated operational risk or potential anomalous behavior
(e.g., fraud) warranting further investigation. The left-hand panel offers interactive filters for date range,
customer cluster, minimum transaction days, and minimum total revenue. The header displays four key
metrics: total historical revenue (USD), unique customer count, activity rate (percentage of days with at least

one transaction), and an overall risk score. The following two charts show the daily revenue time series and
the day-of-week transaction volume pattern to reveal trends and seasonal effects.

Filters & Controls

Ruquiring Bank Merchast Amaiytis Pistrerm

Tiene Period

Portfolio Overview
417 108 $3,196,188

[ Avanint Aty S onted - 43 2

Portfolio Trends

Doty Porttase Reveeve

) \ A
aY; \ ' X /\ %) \/ \ \ A
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Figure 10. Portfolio overview dashboard presenting general details of merchants

5.2. Risk assessment and clustering dashboard

Figure 11 combines two portfolio-level risk perspectives. The left panel shows a bubble chart
mapping volatility against decline rate, where bubble size represents revenue and color encodes a composite

risk score. The right panel illustrates the distribution of merchants by customer cluster. Together, these views
link risk exposure to merchant segmentation.
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Figure 11. Portfolio risk assessment and clustering illustrating volatility and decline relationship, and
merchant distribution by customer cluster

5.3. Top merchant’s summary dashboard

Figure 12 presents leaderboards for two critical metrics: historical revenue and stress score. The left
panel shows the top 5 merchants by revenue, offering a clear snapshot of which merchants contribute most
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significantly to overall portfolio performance. These high-value clients are important to maintain growth and
should be prioritized for retention strategies and tailored services. The right panel ranks the top five
merchants by stress score, a composite indicator that reflects elevated risk levels due to volatile transaction
behavior, high decline rates, or revenue drops. These merchants may require immediate attention, further
investigation, or intervention to mitigate a possible financial risk. By comparing high-revenue merchants
with high-stress ones, this summary helps stakeholders differentiate between merchants that are valuable and
stable versus the ones who are potentially unsafe despite high transaction volumes. This distinction is
essential for designing balanced strategies that not only maximize revenue, but also control risk, making the
table a required tool for portfolio managers and analysts.

Merchaat Risk Raniysis
Merchant DtitrBution by Segment

L R e

Top 5 Merchants by Revenue Top 5 Stressed Merchants

Figure 12. Top-merchant leaderboards by historical revenue and stress score

5.4. Merchant detailed analysis dashboard

Figure 13 shows the option to be able to select any merchant for a detailed analysis. The left-hand
panel offers filters for date range, customer cluster, minimum transaction days, and minimum revenue.
The header shows total revenue, unique customer count, activity rate, and risk score. The 2 charts present the
daily revenue time series and the day-of-week transaction volume pattern for the chosen merchant.

Portfol

ve RiskAssessment o ModelComparison (] ROCAnalysis g Clustering Co

Merchant Analysis

Sebect 3 merchast for detaded ansbyss

FAHED SUPER VALUE >
Total Revenue Customer Count Actiity Rate Rink Scoce
$297,656 114 97.5% 281.3

FAMED SUPTR VALUK - Historical Revenue FAMED SUPER VALUE - Day of Week Pattern

Figure 13. Merchant interface summarizing key metrics such as daily revenue, activity, and risk score

5.5. Trends and forecast dashboard

Figure 14 shows the trends and forecast panel. The left chart overlays raw daily revenue with 7- and
30-day rolling averages, mitigating short-term volatility and clarifying trend dynamics. The right chart shows
the 30-day Prophet forecast with accuracy metrics (MAPE, root mean square error (RMSE)) and stress-flag
status, integrating historical context with predictive outputs.
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Trends & Forecast

Rolling Average Revenue 30-Day Forecast (USD)

$39,765
293 ast 30 Day

Stress Flag: No

Model Performance

MAPE (Hold-out) RMSE (Hold-out

87.3% 521.21

Figure 14. Trends and forecast panel showing historical data and 30-day forecast

5.6. Risk assessment portfolio and risk-tier distribution dashboard

Figure 15 shows an enhanced portfolio risk overview. In this visualization, bubble size reflects
merchant revenue, and composite risk scores are represented by bubbles’ color. This dual encoding highlights
merchants that combine high revenue with high financial risk, making them clear priorities for further
analysis. Moreover, the figure also shows the distribution of merchants across 4 risk tiers: low, medium,
high, and very high. The bar chart reports on the merchant counts per tier, while the pie chart illustrates each
tier’s contribution to total portfolio revenue. The results highlight that a substantial share of revenue is
concentrated in higher-risk categories, highlighting the need for active portfolio-level risk management.

Portfolio Risk Assessment

Revenue at Risk

Srveree Dtributin by Sk Tier

Figure 15. Portfolio risk assessment illustrating merchant-level risk distribution, tier-based classification, and
associated revenue contribution across different risk categories

6. MODEL COMPARISON AND JUSTIFICATION

In this section, the proposed approach was first benchmarked with baseline and advanced
approaches. Then, this study compared the Prophet combined with the threshold approach against modern
multivariate forecasting methods integrated with anomaly detection. We also adopt different clustering
methods and provide a more robust justification for the chosen approach.

6.1. Benchmarking with advanced baseline approaches

To validate the proposed model selection, this study benchmarks Prophet against several
well-established forecasting models including LSTM, temporal convolutional networks (TCN), ARIMA,
transformer, XGBoost, DeepAR, TFT, and CNN-LSTM, as presented in Table 1. All models were trained on
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the same merchant-level daily revenue data using an identical rolling- window preprocessing strategy and a
consistent 30-day forecast horizon.

As presented in Table 1, Prophet approach consistently outperforms alternative forecasting models
across key evaluation metrics, achieving the lowest MAPE of 59.3%. Among the classical methods, the
ARIMA model, which represents time series as a linear combination of past values and past errors [29],
achieved a MAPE of 89.4%. XGBoost, a decision-tree-based ensemble model capable of capturing
non-linear dependencies and high-dimensional interactions, offered modest improvement over ARIMA but
required extensive hyperparameter tuning and provided limited interpretability.

Although the presence of advanced neural architectures such as LSTM, TCN, transformer, TFT, and
hybrid CNN-LSTM models, Prophet proved superior robustness and reliability. While some deep learning
approaches, including DeepAR and TFT, achieved competitive RMSE values, their substantially higher
MAPE scores, such as 93.6% for LSTM, 93.0% for TCN, and 94.1% for transformer, indicate bias toward
long-horizon forecasts, limiting their practical usability in stable production environments. Moreover,
Prophet’s 30-day forecast ($19,838) directly aligned with the actual baseline, avoiding the systematic
overestimations observed in XGBoost and LSTM. By combining accuracy, interpretability, and
computational efficiency, Prophet indicated an optimal balance for financial decision support.

Table 1. Performance evaluation of forecasting models for merchant Goodies

Model 30-day forecast MAPE (%) RMSE (§)
Prophet $19,838 59.3 $595
LSTM $30,904 93.6 $540
XGBoost $32,462 79.6 $526
TCN $30,649 93.0 $538
ARIMA $29,789 89.4 $528
Transformer $30,986 94.1 $539
DeepAR $978 87.9 $452
TFT $27,520 75.6 $508
CNN-LSTM $28,699 80.6 $517

6.2. Sensitivity analysis of stress detection

To improve forecast accuracy, this study extended the baseline (trend+seasonality) Prophet model in
two ways: 1) supplied domain-specific exogenous regressors and ii) embedded an automatic stress-detection
rule. The sensitivity analysis of the stress detection system highlighted the relative predictive performance of
the 5 evaluated algorithms under varying threshold conditions, as can be seen in Table 2. In both the area
under the curve (AUC) scores and the precision-recall metrics, the simple ratio approach continues to
outperform all other methods, achieving the highest AUC score of 0.847, with a precision of 0.75 and recall
of 0.60, indicating a strong overall balance between accurate detections and coverage of true stress instances.
This method effectively captures proportional deviations by comparing short-term to long-term behavioral or
transactional averages, enabling robust detection across diverse patterns. While the volatility spike detector
followed closely (AUC=0.834, precision=0.68, recall=0.55), showing strong responsiveness to sudden
fluctuations and excelling in environments where stress demonstrates as rapid short-term variability. The
statistical anomaly method (AUC=0.823, precision=0.62, recall=0.48) leveraged probabilistic thresholds such
as Z-scores to detect statistically significant deviations, maintaining good precision, though with slightly
lower recall, reflecting its conservative nature in flagging anomalies. Meanwhile, the percentile-based
approach (AUC=0.798, precision=0.58, recall=0.72) exhibits comparatively higher sensitivity, effectively
identifying a larger proportion of true stress instances. However, its lower precision suggests an increased
tendency toward false positives, particularly under rapidly changing or noisy conditions. In contrast, the trend
analysis method (AUC=0.789, precision=0.55, recall=0.45) demonstrates weaker biased power in volatile
settings but performs more consistently when detecting persistent and gradual behavioral shifts. This
indicates that while it offers interpretability over time, it may be less suited for identifying sudden or short-
lived stress variations.

Table 2. Stress detection sensitivity analysis

Algorithm AUC  Precision _ Recall
Simple ratio 0.847 0.750 0.600
Statistical anomaly  0.823 0.620 0.480
Trend analysis 0.789 0.550 0.450
Volatility spike 0.834 0.680 0.550

Percentile based 0.798 0.580 0.720
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6.3. Performance evaluation of clustering approaches

The proposed approach was compared with alternative clustering methods, including density-based
spatial clustering of applications (DBSCAN), hierarchical clustering, and Gaussian mixture models (GMMs),
using different metrics including silhouette score, which measures how well merchants fit within their
assigned clusters relative to others, the Calinski—Harabasz index, which assesses cluster compactness and
separation, interpretability, stability and completeness to determine whether all merchants were effectively
clustered. As summarized in Table 3, K-means achieved the most balanced performance among all clustering
algorithms, combining strong stability with high interpretability and complete cluster assignment for all
merchants. The silhouette score, which measures how well each merchant fits within its assigned cluster
relative to others, and the Calinski—Harabasz index, which evaluates cluster compactness and separation, both
confirm that K-means produces coherent and well-defined segmentation boundaries. Its centroid-based
structure enables intuitive interpretation, generating typical merchant profiles that can be readily translated
into actionable business strategies. Moreover, K-means ensures universal cluster assignment, which is an
essential feature for deployment in financial applications where each merchant must belong to a defined
segment. Although DBSCAN achieved a slightly higher Silhouette score, its exclusion of noise points makes
it less practical for real-world use. Hierarchical and GMMs demonstrated moderate performance but lower
interpretability. Overall, K-means offers the most stable, interpretable, and operationally effective
segmentation framework, aligning with both empirical validation and industry best practices.

6.4. Performance evaluation of Prophet forecasting across different merchant characteristics

For statistical testing and error analysis, the Prophet model’s performance is evaluated across
different merchant segmentation methods based on some key characteristics such as merchant type by
transaction volume (low/medium/high), level of revenue (small/medium/large), and the volatility pattern
(stable/moderate/volatile), as summarized in Table 4. Revenue-based segmentation categorized merchants
into small, medium, and large groups using the 33" and 67% percentiles of total revenue to guarantee a
balanced representation. Large merchants achieved the best forecasting accuracy (47.1% MAPE across
138 entities), reflecting Prophet’s ability to model stable, high-volume patterns. Small merchants also showed
good results (58.3% MAPE for 139 merchants), showing that despite volatility, consistent patterns remain
learnable. However, medium-revenue merchants had the highest error (105.2% MAPE, 140 merchants),
representing a “complexity zone” where diverse but unstable patterns challenge Prophet’s linear predictions.
Transaction-volume segmentation followed a similar trend: high-transaction merchants (138 entities) showed
strong accuracy (47.7% MAPE), medium-transaction groups moderate results (67.3%), and low-transaction
merchants (81.9%) the weakest, confirming that data density drives model performance. Volatility
segmentation revealed that stable merchants (53.1% MAPE) align best with Prophet’s decomposable
structure, moderate ones perform acceptably (69.6%), while volatile merchants (106.2%) remain the hardest
to forecast. Low standard deviations (0.030-0.048) across all groups confirm consistent intra-segment
behavior, indicating that these trends reflect structural characteristics rather than random noise.

Table 3. Clustering algorithms performance evaluation
Algorithm _ Silhouette score  Calinski-Harabasz __ Interpretability  Stability (%)  All points clustered

K-means 0.461 238.0 High 95 Yes
DBSCAN 0.552 103.6 Medium 73 No (noise)
Hierarchical 0.445 214.1 Low 89 Yes
GMM 0.447 217.8 Medium 91 Yes

Table 4. Forecast error analysis across merchant characteristics

Merchant characteristics Group Count MAPE mean value (%) MAPE Std

Revenue level Small 139 58.3 0.046
Medium 140 105.2 0.038

Large 138 47.1 0.039

Merchant type (number of transactions) Low 202 81.9 0.036
Medium 77 67.3 0.042

High 138 47.7 0.042

Volatility Stable 87 53.1 0.030
Moderate 167 69.6 0.043

Volatile 163 106.2 0.048

6.5. Stress flag evaluation against financial distress proxies
Table 5 summarizes the correlation analysis between each stress detection metric and multiple
financial distress proxies. Among all the tested methods, the simple ratio and volatility spike indicators show
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the strongest and most consistent correlations with key distress measures such as revenue decline
(0.505 and 0.549, respectively) and the composite distress score (0.691 and 0.613, respectively). These
findings indicate that simple rule-based metrics grounded in volatility and ratio dynamics are most aligned
with actual financial fall patterns. However, statistical anomaly and percentile-based methods exhibit weaker
or inconsistent correlations, suggesting limited sensitivity to gradual revenue or volume changes. Overall, the
correlation results validate the practical value of simple threshold-driven methods for early stress detection,
offering interpretable and operationally reliable signals for monitoring merchant financial health.

Table 5. Correlations with financial distress proxies

Metric Simple ratio  Statistical anomaly  Trend analysis  Volatility spike  Percentile based
Revenue decline 0.505 -0.123 0.280 0.549 0.289
Decline rate -0.417 0.364 -0.399 -0.083 0.222
Volume decline 0.568 -0.236 0.392 0.698 0.383
Volatility 0.209 -0.280 -0.006 -0.340 0.008
Customer loss 0.000 0.000 0.000 0.000 0.000
Consecutive bad days -0.038 0.238 0.042 0.373 0.002
Trend deterioration 0.668 -0.246 0.397 0.597 0.282
Composite distress score 0.691 -0.248 0.393 0.613 0.290

Embedded stress detection, a merchant is flagged as stressed when its 7-day mean revenue falls
under 70% of the 90-day baseline. This rule captures sudden revenue collapses that may precede financial
distress. Impact on accuracy, across the merchants with the highest volume, incorporating the covariates and
stress flag, reduces the MAPE on a rolling 30-day hold-out window from high-teen values to single-digit
percentages (median improvement 40%). The result shows that carefully chosen external signals greatly
enhance Prophet’s predictive performance in high-variance, sparsely sampled merchant environments.

6.6. Robustness observations

The practical application spans 460 merchants and uncovers several real-world factors affecting
model performance. These factors vary across different merchant contexts. The observations gathered
highlight future areas for robustness testing and improvement.

6.6.1. Handling of sparse merchant data

A high number of merchants in the used dataset demonstrated sparse transaction activity, with fewer
than 90 unique transaction days. While Prophet does not require regularly spaced data, it was observed that
such low-density time series led to increased forecast variance and slightly elevated MAPE values during
internal validation. Despite this, the model still captured seasonal structure in many cases due to weekly
periodicity, particularly for merchants active on specific weekdays (e.g., weekends).

6.6.2. Effectiveness of rolling averages

To reduce short-term anomalies and improve the interpretability of financial stress trends, this study
incorporated 7-day and 30-day rolling revenue averages. These averages serve two purposes: i) feeding cleaner
input into Prophet’s trend estimation and ii) forming the basis of the stress flag. This reduction proved effective
in minimizing noise-driven false positives, especially for merchants with highly volatile daily revenues.

6.6.3. Empirical validation of stress threshold

A fixed threshold was applied in this study: a stress flag is triggered if the 7-day average revenue
falls under 70% of the 90-day baseline. This value was chosen based on informal sensitivity testing and
business intuition. While no systematic parameter sweep was conducted, anecdotal inspection via the
interactive dashboard suggests this threshold reasonably balances false positives and missed cases.

6.7. Limitations and future work

The obtained results are subject to dataset limitations that warrant careful consideration. The study’s
analysis is based on a constrained dataset of 417 merchants from a single acquiring bank in Lebanon, which
may not capture the full diversity of merchant behaviors observed in larger, more heterogeneous markets.
This limited scope constrains the portability and generalizability of the results across regions with different
economic and regulatory environments. Moreover, the dataset’s temporal coverage and Lebanon’s
macroeconomic volatility may introduce period-specific biases that influence model performance,
particularly for challenging segments such as medium-revenue, low-transaction, and volatile merchants,
where MAPE values frequently exceed 50%, indicating reduced forecasting accuracy. This behavior aligns
with prior studies that documented Prophet’s reduced performance in noisy or irregular datasets, where its
additive structure struggles to capture nonlinear dynamics and abrupt shifts [30], [31]. Although the
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framework demonstrates computational efficiency at the research scale, further optimization is required for
real-world deployment, specifically addressing scalability, low-latency processing, and integration with
legacy banking infrastructures. These limitations highlight the need for multi-regional validation to
strengthen the robustness and applicability of the proposed forecasting framework.

Future research should focus on expanding the dataset both geographically and demographically to
enhance model generalization, reduce forecasting errors, and enable Prophet to capture a broader range of
merchant behavior patterns. Moreover, it should expand the stress detection framework to incorporate
multivariate triggers that combine multiple indicators (e.g., revenue drop with decline rate and volatility) and
explore the framework's applicability to broader financial services applications, including fraud detection,
credit scoring, and customer churn prediction across different market segments while using ensemble or
hybrid detection methods to further improve predictive robustness. Future studies should also address ethical
considerations in financial distress prediction, including potential biases in transaction data that may
disproportionately affect certain merchant demographics or business types, and develop algorithms to ensure
equitable lending decisions and risk assessment practices. Cross-regional validation under varying
macroeconomic and regulatory conditions is essential to establish a more robust, globally applicable
forecasting framework. In parallel, future development should aim to transform the proposed approach into a
real-time, production-ready decision-support platform by integrating it with live credit scoring systems,
automating stress threshold calibration to dynamically reduce false positives, and addressing deployment
challenges such as missing or delayed data streams, latency optimization, and compliance with evolving
banking and data privacy regulations. By tackling these aspects, the framework can evolve into a fully
operational, bank-grade solution that enhances institutional risk surveillance, improves forecasting reliability,
and supports data-driven decision-making across diverse financial environments.

7. CONCLUSION

This paper presented a comprehensive analytics framework that transforms daily card-transaction
data into three interlocking capabilities, such as merchant-level revenue forecasting, behavioral clustering,
and near-real-time financial-stress detection, thereby equipping acquiring banks with a principled basis for
both growth and risk-management decisions. The proposed pipeline integrates i) robust data curation
(currency normalization, outlier mitigation, and temporal feature engineering), ii) Prophet forecasting
configured for multi-seasonality, iii) K-means clustering optimized via silhouette maximization, and iv) a
simple rule-based stress flag that monitors short-term revenue collapse. Empirical evaluation on 130,350
transactions generated by 460 Lebanese merchants confirms the framework’s practical efficacy, achieving
median 30-day MAPE values that fall below usual industry benchmarks while accurately isolating merchants
undergoing severe revenue stress. Beyond quantitative accuracy, the accompanying interactive dashboard
translates model outputs into an intuitive visual vocabulary, linking volatility, decline rates, and risk tiers to
facilitate granular drill-downs at both portfolio and single-merchant levels. The Fahed super value case study
exemplifies this utility: analysts are furnished with precise demand-cycle diagnostics, a $37,551 one-month
point forecast bounded by probabilistic intervals, and a clear, data-driven assessment of the merchant’s
current risk posture. Such transparency supports differentiated credit pricing, proactive cash-flow lending,
and targeted relationship manager interventions. The demonstrated performance and interpretability of the
used simple ratio approach, combined with its computational efficiency and clear business logic, demonstrate
it as an ideal candidate for immediate integration into bank risk management dashboards and early warning
systems, enabling real-time merchant stress detection and proactive intervention strategies. Looking ahead,
combining the used simple ratio approach with ensemble or hybrid detection methods could further improve
predictive robustness, particularly for complex merchant segments where single-model limitations emerge.
Future work will focus on expanding the dataset across regions and merchant types to enhance model
generalization and global applicability. Additionally, integrating the framework with real-time credit scoring
systems, automated threshold calibration, and resilient deployment mechanisms will enable its transition into
a fully operational, bank-grade decision-support platform.
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