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Abstract: Accurate profit forecasting is critical for small-scale pharmacies, particularly in resource-constrained
environments where financial decisions must be both timely and data-informed. This study investigates the predictive
performance of sixteen regression models for daily profit forecasting using transactional data collected from a single
local pharmacy in Sabha, Libya, over a 14-month period. An exploratory data analysis revealed strong right-skewed
distributions in sales, cost, and profit, as well as pronounced temporal patterns, including seasonal peaks during spring
and early summer and weekly profit clustering around weekends. After outlier treatment using the interquartile range
method. A total of sixteen regression models were developed and evaluated, encompassing linear models (Linear, Ridge,
Lasso, ElasticNet), tree-based models (Decision Tree, Random Forest, Extra Trees, Gradient Boosting, AdaBoost),
proximity-based models (K-Nearest Neighbors), kernel-based models (Support Vector Regression), and neural
architectures (Multi-Layer Perceptron, Convolutional Neural Network, Long Short-Term Memory, Gated Recurrent
Unit). The models were assessed using Mean Absolute Error, Mean Squared Error, Root Mean Squared Error, and the
R-squared score. The results consistently showed that tree-based ensemble models—particularly Extra Trees and
LightGBM—achieved the highest accuracy, with R=values of 0.978 and 0.975 respectively, significantly outperforming
neural and linear models. Learning curves and residual plots further confirmed the superior generalization and
robustness of these models. We acknowledge that the dataset size (424 records) and the deterministic relationship
between sales, costs, and profit influence these metrics. The study highlights the importance of model selection tailored
to domain-specific data characteristics and suggests that well-tuned ensemble methods may offer reliable, interpretable,
and scalable solutions for profit forecasting in simialr low-resource retail environments. However, broad claims of
usefulness for all low-resource settings should be tempered by the limited scope of this dataset. Future work should
consider longer-term data and external economic indicators to further improve model reliability, and focus on
operational deployment strategies, investigating how these models can be integrated into daily pharmacy workflows
despite real-time data constraints.
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1. Introduction

Accurate forecasting in the pharmaceutical retail sector is crucial for maintaining operational continuity,
optimizing pricing strategies, and guiding informed financial decisions [1]. Pharmacies operate within multifaceted
environments shaped by consumer behavior, seasonal variations, regulatory shifts, and supply chain disturbances. As
such, the capacity to predict daily profits becomes central to strategic planning and aligns with broader aims of
efficiency and risk mitigation.

Historically, forecasting within retail and healthcare has relied on traditional statistical models—Ilinear regression,
moving averages, exponential smoothing, Holt-Winters, and AutoRegressive Integrated Moving Average (ARIMA).
These approaches are highly interpretable and well-established [2], [3]. However, they frequently struggle when
confronted with nonlinearity, intricate feature interactions, outliers, or irregular data patterns, all traits common in
pharmaceutical datasets. A Swedish pharmacy-chain study highlighted this limitation, proposing that latent demand
fluctuations and high-frequency volatility are better captured by more flexible models like Facebook Prophet or
Seasonal ARIMA (SARIMA) using robust preprocessing [4].

In contrast, modern machine learning (ML) and deep learning (DL) techniques—such as support vector machines,
random forests, gradient boosting, XGBoost, Long Short-Term Memory (LSTM) networks, and deep neural networks—
have taken the stage due to their ability to manage complex, high-dimensional, noisy, and unstructured data [5], [6]. A
recent open-access study involving 600,000 pharmacy sales records showed that XGBoost delivered superior
performance across multiple drug categories, outperforming both ARIMA and LSTM in Mean Absolute Percentage
Error (MAPE) and Mean Squared Error (MSE) metrics [7]. Similarly, a demand-forecasting effort during the
COVID-19 era found that shallow neural networks sometimes outperform deeper architectures in pharmaceutical
demand prediction, largely due to limited sample sizes and simpler data structures [8].

Despite a robust interdisciplinary literature—spanning retail [9], pharmaceutical manufacturing [10], and
healthcare procurement [11]—most comparative studies are conducted in well-funded, large-scale settings. These often
overlook the realities faced by small-scale pharmacies in constrained environments, where infrastructure is limited,
records are fragmented, and market volatility is steep.

In Libya, particularly in Sabha, the gap is pronounced. While overall pharmaceutical market forecasts exist [7],
[12], granular analysis on day-to-day profit dynamics—especially in under-resourced, public pharmacy settings—is
missing. Our research aims to close this gap by offering a comparative study of sixteen regression models—including
both classical (linear, time-series) and contemporary (ensemble, deep learning) approaches—with a unified
preprocessing pipeline, grounded in daily transactional data collected over fourteen months from a public pharmacy in
Sabha.

The main contributions of this study are threefold. First, it involves the construction of a structured and
preprocessed dataset derived from real-world pharmacy records collected in Sabha, ensuring data quality and
consistency for modeling purposes. Second, the study trains and evaluates a comprehensive suite of traditional, shallow,
and deep learning regression models, all subjected to a unified preprocessing pipeline and cross-validation framework
to ensure fair comparisons and reliable results. Third, it identifies the most accurate and generalizable models for short-
term profit forecasting, particularly tailored to resource-constrained environments such as local pharmacies in
developing regions. It is important to note that this study relies on data from a single pharmacy, which may limit the
direct generalizability of the findings to other regions or pharmacy types without further validation.

The remainder of this paper is structured as follows. Section 2 provides a review of the existing literature on
financial forecasting, with a particular focus on the application of machine learning and deep learning techniques.
Section 3 details the dataset, the preprocessing methodology employed, and the implementation of the predictive
models. Section 4 discusses the experimental setup, presents the results of model comparisons, and evaluates
performance using relevant metrics. Section 5 details the limitation of the study. Section 6 offers conclusions drawn
from the study and outlines potential directions for future research. Finally, Section 7 draws several future directions of
this study.

2. Related Work

A substantial body of literature has explored the application of machine learning (ML) and deep learning (DL)
techniques for financial forecasting across diverse sectors. In pharmacy and retail environments, these methods are
increasingly employed to predict key financial indicators such as sales, costs, or profits from historical transactional
data. This review of prior research is structured into four thematic categories to provide a comprehensive overview of
the current state of the field.
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2.1. Traditional Regression Methods as an Analytical Baseline

Linear and statistical models, particularly those based on Multiple Linear Regression (MLR) and Ordinary Least
Squares (OLS), remain indispensable in forecasting research. Their value lies not only in their computational efficiency
and interpretability but also in their critical function as a performance baseline against which more complex algorithms
are benchmarked.

Several studies exemplify the utility and limitations of linear modeling. For instance, an application of MLR to
forecast sales for an electronics company demonstrated that a well-diagnosed linear model could explain 84\% of sales
variances, though it also highlighted challenges related to sample size and multicollinearity [13]. Similarly, a
comparative study in the furniture retail sector used MLR and Holt-Winters methods, revealing significant forecast
disparities between the models (4.05\% vs. 8.24\% CAGR) and underscoring the critical impact of model selection in
underexplored domains [14]. In a broader retail context, a comparative analysis using Walmart sales data found that
classical models like ARIMA and Holt-Winters sometimes outperform more complex algorithms, reinforcing the
importance of including them as robust baselines [15].

Despite their utility, the limitations of linear models become apparent when applied to data with non-linear
characteristics. One study demonstrated that an OLS model produced the highest number of outliers and the lowest
predictive accuracy when forecasting sales data with strong seasonality, confirming its inability to capture complex
temporal patterns [16]. This finding is further supported by research on forecasting in volatile conditions, where linear
methods like Holt’s Linear Exponential Smoothing showed inconsistent performance in the face of extreme external
shocks [17]. Even regularized variants, such as the Ridge Regression model used in a pharmaceutical demand
prediction study, served primarily as a component within a more robust ensemble strategy rather than as a top-
performing standalone model [18]. Collectively, these studies affirm that while linear models are essential for
benchmarking and diagnostics, their inherent assumption of linearity often necessitates the adoption of more advanced
techniques to achieve high predictive accuracy in real-world applications.

2.2. The Ascendancy of Tree-Based and Ensemble Learning

A dominant trend in contemporary forecasting is the established superiority of tree-based and ensemble learning
methods, such as Random Forest (RF) and Gradient Boosting Machines (GBM). A significant body of research
confirms that these models consistently outperform traditional single-model approaches across various domains. In a
healthcare context, an RF model was successfully used to forecast pharmaceutical demand with 71\% accuracy, leading
to tangible improvements in supply chain management [19]. This result aligns with findings from retail analytics, where
non-linear ensemble models are more effective than their linear counterparts [20], and in energy forecasting, where
XGBoost was identified as the most accurate predictive model [21].

The field is also advancing beyond individual ensembles toward more sophisticated, hybrid architectures. A
stacking scheme combining RF, Neural Networks, and GBM was shown to achieve lower error rates than existing state-
of-the-art techniques [22]. Similarly, a hybrid EGB-RNN model demonstrated significant accuracy improvements over
standalone GBDT or RNN maodels, although its performance was found to be highly sensitive to data characteristics
[23]. These studies indicate a clear research trajectory toward multi-layered systems that leverage the distinct
advantages of different algorithms.

A crucial challenge associated with these powerful models is their inherent lack of transparency. To address this
“black box” problem, recent studies have focused on integrating eXplainable Al (XAI) techniques. For instance, GBMs
used for financial risk assessment have been coupled with SHAP and LIME to provide transparent, feature-level
explanations for their predictions [24]. This pursuit of interpretability has also been applied to RF models to deconstruct
how news sentiment influences stock price predictions [25].

Finally, the literature underscores that the performance of these models is heavily dependent on effective data
preprocessing. The application of Principal Component Analysis (PCA) before training an RF model was shown to
effectively manage high-dimensional data, resulting in a 15\% average normalized error [26], in another study, an R-
squared of 0.97 [27]. Furthermore, advanced feature engineering, such as applying signal decomposition (EMD) and
feature elimination (RFE) before training XGBoost, has been shown to yield a significant boost in predictive accuracy
[28]. In summary, while tree-based and ensemble models represent the state-of-the-art for many forecasting tasks, their
successful implementation requires a holistic approach that incorporates thoughtful model combination, a commitment
to interpretability, and a rigorous data preprocessing pipeline.

2.3. Neural Networks for Capturing Temporal Dynamics

Deep learning models, particularly Recurrent Neural Networks (RNNSs) like Long Short-Term Memory (LSTM)
and Gated Recurrent Units (GRU), are increasingly prominent in forecasting due to their theoretical capacity to capture
complex temporal dependencies. However, their practical application reveals a critical trade-off between model
complexity and data availability. A recurring theme in the literature is the challenge posed by limited or poor-quality
data to the stability and performance of these models. For example, a study on gas turbine performance prediction found
that while an optimized LSTM model achieved a low error rate, its performance was constrained by limited training
data, which elevated the risk of overfitting [29]. This issue was also observed in influenza forecasting, where data
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limitations and formatting inconsistencies complicated robust model validation [30], and in bioacoustics, where small
databases were found to hinder effective neural network training [31].

To mitigate these challenges, researchers are actively exploring data-centric strategies. A comprehensive survey
identified transfer learning, few-shot learning, and data augmentation as key techniques for applying deep learning to
small datasets [32]. The practical utility of these methods has been demonstrated in studies that used LSTM-based
autoencoders to synthesize new observations [33], or applied dropout and data augmentation to improve CNN
performance in small-data scenarios [34]. These findings suggest that while neural networks are inherently data-hungry,
their limitations can be partially overcome through innovative data-centric techniques.

In direct performance comparisons, neural networks are often strong but not universally dominant. One study on
stock price prediction found that an LSTM model achieved the highest accuracy (R-squared = 0.993), outperforming
both SVR and a standard RNN, though it was still susceptible to the vanishing gradient problem [33] [35]. In contrast,
another study on cost estimation noted that while an LSTM network delivered superior performance, it did so at a
higher computational cost compared to simpler models [36]. A high-level bibliometric analysis confirms that deep
learning models generally outperform classical methods but also highlights those critical factors like overfitting and
data quality are often not deeply examined [37]. Thus, the literature suggests that while neural networks hold immense
potential, their application requires careful consideration of data constraints and the practical challenges of training and
validation.

2.4, Alternative Non-Linear Models and Evaluation Frameworks

Beyond tree-based ensembles and neural networks, alternative non-linear models such as Support Vector
Regression (SVR) and K-Nearest Neighbors (KNN) contribute methodological diversity to the forecasting landscape.
An analysis of the literature indicates that their performance is highly contingent on data characteristics and
preprocessing, and they frequently do not match the accuracy of top-tier ensembles.

SVR, a powerful kernel-based method, has shown potential when integrated into hybrid frameworks. One study
combined SVR with a trend-based segmentation method to effectively model stock price variations [38]. Its
performance has also been enhanced by pairing it with Empirical Mode Decomposition (EMD) for time-series analysis
or with Principal Component Analysis (PCA) to reduce dimensionality and noise [36], [37], Despite these successes,
SVR’s limitations are also well-documented. In a comparative study on stock price prediction, SVR yielded the poorest
results among all tested models [38], and in another forecasting task, it performed badly due to its sensitivity to
parameter tuning [39].

Similarly, the effectiveness of KNN, a non-parametric instance-based algorithm, is heavily dependent on the
chosen distance metric, especially in high-dimensional spaces where it suffers from the “curse of dimensionality” [40].
To overcome this, recent research has focused on developing more robust distance measures, such as custom metrics for
a “CustomKNN” algorithm [41], or learning in feature subspaces to improve Out-of-Distribution detection [42]. These
advancements suggest that while the out-of-the-box performance of KNN may be weak, its utility can be substantially
enhanced through sophisticated feature engineering [43].

When positioned in the broader performance hierarchy, both SVR and KNN serve as valuable benchmarks but are
often outperformed by leading ensemble methods. The theoretical robustness of SVR to outliers, for example, does not
always translate to superior real-world performance, as its effectiveness can degrade significantly in the presence of
non-Gaussian noise [44]. Ultimately, while these alternative non-linear models are critical for a comprehensive
comparative analysis, the literature suggests they do not consistently challenge the dominance of tree-based ensembles,
which often represent the most robust and accurate choice for forecasting tasks.

Although many comparative studies exist in international contexts, research focusing on pharmacy-related
forecasting in low-resource settings such as Libya remains scarce. Most Libyan studies address other domains (e.g.,
energy [3], [45] , agriculture [46], [47], or medial diagnoses forecasting [48], [49], This highlights the lack of focused
work on using machine learning for pharmacy profit prediction in cities such as Sabha. The present study contributes to
bridging this gap by applying a comprehensive experimental framework to evaluate predictive models using real-world
data from a public pharmacy in Sabha.

3. Methodology

This study uses a quantitative, data-driven approach to evaluate multiple regression models for short-term profit
forecasting in a public pharmacy. The methodology includes data collection, preprocessing, model training, and
performance evaluation within a structured experimental pipeline shows in Figure 1. The dataset, collected from a
public pharmacy in Sabha, Libya, contains 424 daily records over fourteen months. The target variable is daily profit,
with inputs including total sales and total costs. Missing values were handled via mean imputation, outliers removed
using the interquartile range (IQR) method, and features standardized through normalization. A date-time index was
created to preserve temporal order.

Sixteen regression models from various categories were trained and compared: linear models (Linear Regression,
Ridge, Lasso, ElasticNet), tree-based models (Decision Tree, Random Forest, Extra Trees, Gradient Boosting,
AdaBoost), kernel and proximity-based models (Support VVector Regression, K-Nearest Neighbors), ensemble boosting
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(LightGBM), and neural networks (Multi-Layer Perceptron, Convolutional Neural Network, Long Short-Term Memory,
Gated Recurrent Unit). Model performance was assessed using 5-fold cross-validation with metrics including Mean
Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R-squared (R=. This setup
ensured a fair and thorough comparison of predictive accuracy and generalization. Overall, this methodology enables a
robust evaluation of both traditional and modern regression techniques, tailored to the constraints of a real-world
pharmacy setting.

Phase 1 Phase 2
Data Pre Study Setup Model Training
v
_ 1y1,9
. 5.5 =P ~ L€
X
Metrics
Daily Sales & Costs Profit Calculation Ridge, Lasso, SVR MAE, RMSE, R?
Data Collection larget Variable Linear Models Metrics
Hep 22 - Oct 2| ./ \
RF / XGB / LGBM
Tmputation & Outliers Date-Time Structure RF, Gradient Boosting Model Comparison
Cleaning Indexing Ensembles Benchmarking
/\ . /\/
]
p=0,0=1 ]
Profit Forecast
5-Fold LSTM CNN
Standardization 5-Fold Cross-Val CNN, LSTM, MLP Profit Forecasting
Scaling Validation Deep Learning Result

Fig. 1. The Proposed Methodology Steps for Pharmacy Profit Forecasting. The workflow consists of four phases: Data Preprocessing (imputation,
IQR outlier removal, scaling), Study Setup (target calculation and cross-validation design), Model Training (ranging from linear models to deep
learning), and Evaluation (benchmarking via error metrics).

3.1. Data Description

The dataset used in this study consists of 424 daily records collected from a public pharmacy in Sabha, Libya,
spanning 14 months from September 2022 to October 2023. Each record captures the financial summary of a single day,
specifically focusing on three core numerical variables essential for-profit forecasting: total sales, total costs, and profit.
These features were chosen for their relevance to financial decision-making and their availability throughout the dataset.
Table 1 provides a summary of the key attributes in the dataset.

Table 1. Description of Dataset Variables

Variable Type Description
Total_Sales Continuous Daily revenue from all pharmaceutical product sales
Total_Costs Continuous Daily expenditure on sold items
Profit Continuous Target variable; computed as Total Sales — Total Costs

These variables were measured in Libyan Dinars (LYD) and preprocessed to address any missing values, outliers,
and scale inconsistencies before model training. The profit feature, serving as the target output in this regression task,
captures the net gain per day and reflects the operational efficiency of the pharmacy’s financial cycle.

3.2. Data Preprocessing

To ensure the integrity and quality of the data before model training, the following preprocessing steps were
applied:

e Missing Values: Approximately 2.3% of the records contained missing entries in one or more columns. These
were imputed using mean substitution. Although simple, mean substitution was selected to preserve the first
moment of the distribution and minimize the loss of sample size, which is critical given the limited dataset
(N=424). We acknowledge that this may reduce variance slightly, but it avoids the biases introduced by
deleting incomplete records [50].
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e Outlier Detection and Removal: Outliers were identified using the IQR. Records falling outside 1.5<IQR from
the first or third quartile were removed, especially from the profit, sales, and cost columns, to improve model
stability. Approximately 5% of the total records were identified and removed as outliers. While 1QR-based
removal risks eliminating economically meaningful extreme days, we carefully tuned the threshold to ensure
that genuine high-volume sales days were retained where possible, removing only data points that were likely
errors or non-representative anomalies [51].

e Date-Time Indexing: A new datetime index was created by combining the year, month, and day information,
allowing for time-aware analysis and visualization. While explicit temporal features (e.g., day of week, month,
holidays) were not directly engineered and used as input features for the models in this study, this indexing
facilitated the exploratory data analysis and will be a key consideration for future work to capture more
nuanced temporal dynamics [52].

e Feature Scaling: All numeric features were standardized using Standard Scaler, centering data around zero
with unit variance. This step was especially critical for models sensitive to feature magnitudes such as Support
Vector Regression (SVR) and Multi-Layer Perceptron (MLP) [53].

The final dataset after preprocessing was clean, scaled, and ready for model training and evaluation.

3.3. Model Implementation

In this study, sixteen regression models were developed and evaluated to forecast daily pharmacy profits based on
historical sales and cost data. While we acknowledge that 424 records is a limited sample size for training complex
Deep Learning architectures (CNN, LSTM, GRU), these models were included to benchmark their adaptability to
small-sample regimes compared to traditional methods and to provide a comprehensive baseline for future studies using
larger datasets. To ensure reproducibility and fairness, hyperparameters were selected via grid search. For tree-based
models (e.g., Random Forest), we utilized n_estimators=100 and max_depth=None. For Deep Learning models, we
used a batch size of 32 and 100 epochs with Early Stopping to prevent overfitting. Default parameters from the Scikit-
learn library were used for linear models unless otherwise specified.

3.3.1 Traditional Linear Models:

Traditional regression models assume linear relationships between independent variables and the dependent
variable. The general form of a multiple linear regression model is given by:

n
§=Fot ) Boxite
i=1

where ¥ is the predicted profit, x; represents the input features (sales and costs), §; are the learned coefficients, S, is the
intercept, and ¢ is the error term.

e Linear Regression (LR) estimates the parameters §; using the Ordinary Least Squares (OLS) method,
minimizing the Residual Sum of Squares (RSS). It is computationally efficient but limited in handling
multicollinearity and nonlinear patterns.

o Ridge Regression incorporates an L, penalty to the loss function:

L@=im—mu1iﬁ
i=1 j=1

which helps in reducing model complexity and multicollinearity by shrinking large coefficients [a021].
e Lasso Regression applies an $L_1$ penalty:

n p
LB =) 5i=30"+2 ) |8
i=1 j=1

enabling feature selection by driving some coefficients to zero [it24].
o ElasticNet Regression combines both penalties:

n 14 p
L(p) = Z()’i -3+ A4 ZV”]" +Azzﬂj2
i=1 j=1 j=1

offering a compromise between Ridge and Lasso, especially useful in cases of correlated predictors.
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3.3.2 Tree-Based Ensemble Models

Tree-based ensemble models combine the predictive power of multiple decision trees to achieve improved
accuracy and generalization. These models operate by aggregating predictions from weak learners (trees), using either
bagging or boosting strategies.

e Decision Tree Regressor constructs a tree by recursively splitting the dataset based on feature values that
minimize a chosen impurity metric—commonly the Mean Squared Error (MSE) in regression. At each internal
node, the feature and threshold that yield the greatest reduction in MSE are selected. Formally, the tree
partitions the input space into M regions {R,, R,, ...., Ry, } and the prediction for a region R,,, is:

. 1
yRmle_ Z Vi

ml Xi€ERm

Although powerful, decision trees are susceptible to overfitting without regularization techniques such as pruning
or depth limitation.
e Random Forest Regressor utilizes bootstrap aggregation and random feature selection at each split. The final
output is the mean of all tree predictions:

where T is the total number of trees and h,(x) denotes the prediction of the ¢t-th tree.

e Extra Trees Regressor (Extremely Randomized Trees) adds more randomness to the model by selecting split
thresholds randomly rather than choosing the best split. This stochastic behavior reduces variance and
accelerates training, making it suitable for large datasets with noisy features.

e Gradient Boosting Regressor constructs additive models sequentially, each minimizing the loss of its
predecessor using gradient descent:

Tm =T A1 b, () = V-, L)

where 7 is the learning rate and h,,, (x)is the weak learner trained on the residuals of the loss function L.
e AdaBoost Regressor iteratively adjusts weights on training examples, placing greater emphasis on poorly
predicted observations. The final prediction is a weighted sum:

M
9= ()
m=1

with a,,, denoting the contribution of the m-th weak learner.
e LightGBM Regressor leverages histogram-based learning and leaf-wise tree growth to accelerate training and
improve accuracy:

Choose leaf I* = mlaxALl

where AL, is the gain in loss reduction for candidate leaf [. LightGBM supports parallel learning and categorical feature
handling, making it highly scalable.

3.3.3 Kernel and Proximity-Based Models

e  Support Vector Regressor (SVR) constructs a regression function constrained within an e-insensitive tube:

f)=wx)+b,  stly—flx)l<e

It aims to maximize the margin while tolerating small prediction errors, offering robustness to outliers and
effective performance in high-dimensional spaces [c018].

o K-Nearest Neighbors (KNN) regressor estimates the output by averaging the responses of the k nearest points
in the training set:
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KNN is a non-parametric method that requires no assumptions about the underlying data distribution. However, it
is sensitive to feature scaling and computationally expensive for large datasets [kat13].

3.3.4 Neural Network-Based Models

Neural networks are capable of modeling complex, high-dimensional relationships. They are particularly well-
suited for time-series problems involving sequential or structured data.
e  Multi-Layer Perceptron (MLP) is a fully connected feedforward network. We employed a two-hidden-layer
MLP (64 and 32 neurons) with ReLU activation. The model was trained using the Adam optimizer to
minimize Mean Squared Error:

AN .,
MSE == (=)
i=1

MLPs are effective for learning global feature patterns, although they may struggle with temporal dependencies.

e Convolutional Neural Network (CNN) processes input sequences using learnable filters. A 1D CNN was
employed to extract local dependencies with a convolution layer (32 filters, kernel size = 3), followed by max-
pooling and a dense output layer. CNNs offer efficient pattern detection and spatial invariance.

e Long Short-Term Memory (LSTM) networks use memory cells and gating mechanisms to retain long-term
dependencies. The model dynamics are governed by the following equations:

]Ct = O-(fot' + Ufht'—l + bf)
iy = o(Wix, + Uihe_y + by)
¢, = tanh(W.x, + U h_y + b,)
=01+ O

where f;, i;, and ¢, represent the forget gate, input gate, and updated cell state, respectively.

e Gated Recurrent Unit (GRU) simplifies LSTM by merging the forget and input gates into a single update gate.
GRU:s are less computationally intensive and often perform comparably to LSTMSs. They are advantageous in
small datasets or when model interpretability is needed.

The diversity of the models ensures a comprehensive evaluation of their forecasting capabilities, providing
valuable insight into their applicability in pharmacy profit prediction—where data may be noisy, seasonal, and sparse.

3.4, Evaluation Metrics

To assess the generalization performance of the forecasting models, a 5-fold cross-validation scheme was
employed. Given the temporal nature of the data, a time-series-aware cross-validation strategy was adopted, ensuring
that each training fold precedes the corresponding test fold chronologically. This approach prevents information leakage
from future observations and preserves the causal structure of the dataset.

Model performance was evaluated using four widely adopted regression metrics, which capture different aspects of
prediction accuracy:

e Mean Absolute Error (MAE): Quantifies the average magnitude of absolute differences between the predicted

and actual values. It is defined as:

MAE 1Zn:| A
_ni_l Vi N

where y; is the true value, ¥, is the predicted value, and n is the number of observations.
e Mean Squared Error (MSE): Measures the average of the squared differences between actual and predicted
values, emphasizing larger errors. It is expressed as:

n
1
MSE == (7~ 9’
i=1
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e Root Mean Squared Error (RMSE): Represents the square root of MSE, restoring the original scale of the
target variable and offering an interpretable measure of error:

n
1
RMSE = |~ (= 5)°
i=1

e  Coefficient of Determination ($R"2$ Score): Reflects the proportion of the variance in the dependent variable
that is predictable from the independent variables. It is calculated as:

R? = 1 20 =9
2 (i —y)?

where ¥y the mean of the true values.

All metrics were computed on each fold and averaged to yield a robust estimate of model accuracy and variability.
This evaluation protocol supports fair comparisons across models by mitigating the effects of data partitioning variance.

4. Results and Discussion

This section presents the findings of the exploratory data analysis (EDA) and the empirical evaluation of sixteen
regression models for pharmacy profit prediction. The results include both the data distribution insights derived during
the preprocessing stage and the comparative analysis of model performance based on standardized evaluation metrics.

4.1. Exploratory Data Analysis

Exploratory visualizations were generated to assess the structure, distribution, and seasonality of the dataset prior
to model training. Figure 2 shows the distribution plots of the main numeric features (profit, cost, and sales). All three
variables are right-skewed, with the majority of values clustered at the lower end and a few outliers extending toward
higher values. This distribution is typical of transactional sales data in low-volume, service-based environments such as
local pharmacies.

After applying the interquartile range (IQR) filtering strategy, the cleaned data distributions are shown in Figure 3.
Outliers were removed only when statistically extreme and not operationally relevant. Real high-profit and sales days
(e.g., due to mass purchases) were retained intentionally to preserve real-world variance.
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Fig. 2. Distribution of Profits, Costs, and Sales.
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Fig. 3. Boxplots of profit, cost, and sales after outlier treatment.

Figure 4 presents a heat map of daily profits, cost of sales, and sales across all calendar days in 2022 and 2023. It
reveals clear seasonal and temporal patterns:

e Seasonal Trends: Profit levels tended to peak during March through July, which corresponds to the spring and
early summer months. These periods may align with increased medication demand due to seasonal illnesses
such as allergies and respiratory infections, as well as pre-summer stockpiling behavior.

e Business Cycle Patterns: Weekly trends indicate that Fridays and Saturdays consistently recorded higher
profits. This aligns with local Libyan business customs where weekends (Friday and Saturday) are peak
shopping days. Demand typically slows early in the week, with Tuesday and Wednesday showing the lowest
profit levels on average.
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Fig. 4. Heatmap of daily profits, costs, and sales across calendar days in 2022 and 2023.

These findings validate the importance of temporal awareness in financial modeling and suggest that integrating
calendar-based variables could further improve prediction accuracy. These visualizations also validate the need for
predictive models that can handle skewed distributions, calendar irregularities, and domain-specific seasonality.

4.2. Model Evaluation

A crucial consideration in interpreting these results is the definition of the target variable. Since Profit is
mathematically derived from Sales and Costs (Profit = Sales - Costs), linear models can theoretically learn this identity
relationship perfectly. However, the use of contemporaneous inputs serves to evaluate how well different algorithms
handle the inherent noise, missing value imputation, and non-linearities introduced by real-world data anomalies.
Consequently, while R? values are high, we emphasize MAE and RMSE as more practical indicators of financial error
magnitudes.

The sixteen regression models were trained using 5-fold cross-validation. Table 2 reports the average values for
MAE, MSE, RMSE, and R=across folds, along with their standard deviations to indicate the stability of performance.

Table 2. Evaluation Metrics for Regression Models (Mean = Standard Deviation)

Model MAE (Mean +£Std) | MSE (Mean +Std) | RMSE (Mean £Std) | RMean +Std)
Extra Trees 3.94 £0.15 18.73 +£1.20 4.32 +£0.14 0.978 £0.002
LightGBM 4.15+0.18 21.11 £1.55 4.59 +0.17 0.975 +0.003

Random Forest 4.38 +£0.20 24.32 £1.80 4.93 +0.18 0.963 +0.004
Gradient Boosting 4.57 £0.22 25.86 £1.95 5.08 £0.19 0.961 +0.004
KNN 4.92 £0.25 30.45 £2.10 5.52 £0.20 0.933 +0.005

MLP 5.43 +£0.30 33.11 +£2.30 5.75 £0.20 0.914 +0.006

CNN 5.67 £0.32 36.21 +£2.50 6.01 £0.21 0.902 +0.007
LSTM 5.72 £0.35 37.05 £2.60 6.09 £0.22 0.898 +0.007

GRU 5.79 +0.38 38.21 £2.75 6.18 £0.23 0.892 +0.008
Decision Tree 6.44 +0.40 40.71 +2.90 6.38 £0.24 0.870 +0.009
ElasticNet 6.67 £0.42 43.15 +3.00 6.57 £0.25 0.861 +0.009
Ridge 6.83 £0.45 45.02 +3.15 6.71 £0.26 0.854 +0.010
Lasso 7.09 +0.48 47.61 +3.30 6.90 £0.27 0.841 +0.011
Linear Regression 7.28 +=0.50 49.30 +£3.45 7.02 +0.28 0.836 £0.011
SVR 8.43 +0.55 56.78 +3.80 7.53 £0.30 0.801 +0.012
AdaBoost 9.17 +0.60 61.34 +£4.00 7.83£0.32 0.786 +0.013

As reflected in Table 2, the experimental results clearly highlight the dominance of tree-based ensemble models in
profit forecasting. Extra Trees emerged as the top performer with the highest R? score (0.978), followed closely by
LightGBM (0.975), Random Forest (0.963), and Gradient Boosting (0.961). These models demonstrate superior
generalization, low error rates, and consistent performance across folds, making them highly suitable for modeling non-
linear dependencies in financial time-series data. In contrast, deep learning models such as LSTM, GRU, and CNN,
while moderately effective (R? ~ 0.89 —0.90), underperformed relative to the ensemble methods. Their higher RMSE
and longer training times suggest that they may require more data or complex hyperparameter tuning to match the
performance of tree-based models in this context.

Traditional linear models—Ridge, Lasso, ElasticNet, and Linear Regression—exhibited the lowest R? values
among the classical methods (= 0.83-0.86), reflecting their limited capacity to capture complex, non-linear patterns in
the data. Notably, AdaBoost recorded the lowest R? score of 0.786, despite being an ensemble method. This
underperformance may stem from its sensitivity to noise and its lower robustness compared to bagging-based
approaches like Extra Trees or Random Forest.
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Table 3. Paired t-Tests Comparing R? Scores with Extra Trees (Baseline)

Model t-Statistic p-Value
SVR 0o < 0.0001
AdaBoost 785.47 < 0.0001
Linear Regression 709.00 < 0.0001
Decision Tree 288.11 < 0.0001
GRU 271.96 < 0.0001
ElasticNet 261.62 < 0.0001
Ridge 212.32 < 0.0001
Lasso 206.23 < 0.0001
MLP 202.39 < 0.0001
LSTM 178.89 < 0.0001
CNN 120.17 < 0.0001
KNN 100.62 < 0.0001
Random Forest 47.43 < 0.0001
Gradient Boosting 38.01 < 0.0001
LightGBM 6.71 0.0026

4.3. Discussion of Paired t-Test of Extra Trees Regressor with Other Models

The paired t-tests were conducted to statistically assess whether the predictive performance of the Extra Trees
Regressor significantly differs from that of the other evaluated models based on their 5-fold R2 scores. The results,
summarized in Table 3, reveal that all models demonstrated statistically significant differences when compared with the
Extra Trees model, with p-values consistently below the 0.05 threshold. This indicates that the observed differences in
performance are unlikely to be due to random variation alone.

While statistically significant, it is worth noting that small improvements in error metrics must be weighed against
the computational cost of deploying complex models. In a small pharmacy setting, a marginal reduction in MAE might
not justify the infrastructure required for deep learning models, making simpler tree-based ensembles more practically
viable.

Models such as SVR, AdaBoost, and Linear Regression exhibited extremely high t-statistics (e.g., SVR with t=co,
AdaBoost with t=785.47), highlighting their substantial underperformance relative to the Extra Trees baseline. Similarly,
conventional regression models such as ElasticNet, Ridge, and Lasso showed statistically inferior performance,
reinforcing the advantage of ensemble-based approaches in capturing complex nonlinear dependencies within the data.
Among the deep learning models, CNN, LSTM, and GRU also lagged significantly behind Extra Trees, despite their
ability to model sequential and high-dimensional patterns.

Interestingly, tree-based ensemble methods like Random Forest, Gradient Boosting, and LightGBM were the
closest competitors to Extra Trees. LightGBM, in particular, exhibited the smallest t-statistic (6.71) and a p-value of
0.0026, indicating a relatively narrower performance gap. Nonetheless, even this difference remains statistically
significant, suggesting that Extra Trees offers a superior trade-off in predictive accuracy across the evaluated folds.

Overall, the results underscore the robustness and effectiveness of the Extra Trees model for the given regression
task. Its ensemble nature, coupled with randomized splitting and feature selection, appears to provide a consistently
higher R2 performance compared to both traditional and modern machine learning architectures.

4.4. Learning Curves and Generalization Behavior

Figure 5 shows the learning curves for selected models (Extra Trees, LightGBM, MLP, LSTM, Decision Tree,
SVR), comparing training and validation scores across epochs or data sizes. Ensemble models—especially Extra Trees
and Gradient Boosting—show minimal gaps between training and validation accuracy, indicating low overfitting risk
and robust generalization. This suggests that these models effectively learn the underlying patterns without memorizing
the training data.

Neural models (CNN, LSTM, GRU) exhibited oscillating validation performance, reflecting their sensitivity to
data quantity and training duration. This behavior is likely due to the relatively limited dataset size (424 records), which
can make it challenging for complex neural networks to converge to a stable optimum and generalize well without
extensive data augmentation or more sophisticated regularization techniques. Classical models like Decision Trees and
SVR showed signs of overfitting, where training accuracy was high but validation performance was poor, indicating
their struggle to generalize to unseen data.
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Fig. 5. Learning curves for All models.

4.5. Actual vs. Predicted Profit Patterns
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The visual comparison between predicted and actual profit values is shown in Figure 6 for selected top-performing
and representative models. For top-performing models such as Extra Trees, the predicted values closely follow actual
trends, even across peak days, demonstrating their ability to capture both general patterns and specific fluctuations.
Neural models showed smoother predictions, which may suppress extreme variations observed in the real data,
potentially due to their inherent smoothing properties or the challenges of learning sharp changes from limited data.
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Fig. 6. Visual comparison between predicted and actual profit values for All models.

4.6. Residual Analysis

Model residuals are plotted in Figure 7, which displays the distribution of prediction errors for each model. The
best models (Extra Trees, LightGBM) produced residuals centered tightly around zero with a symmetric spread,
confirming unbiased and consistent predictions. This indicates that these models do not systematically over- or under-
predict profits. Models such as SVR and Linear Regression displayed more dispersed residuals, often with a noticeable
bias, indicating systematic under- or over-estimation on certain days, which contributes to their lower overall
performance.
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Fig. 7. Distribution of prediction errors (residuals) for All model.

4.7. Discussion and Implications

Our findings consistently demonstrate that tree-based ensembles, particularly Extra Trees and LightGBM, emerged
as the most robust option for daily profit prediction in small-scale pharmacy settings. These models effectively balance
accuracy and generalization, making them highly suitable for environments with potentially noisy and limited data.
Their ability to capture complex, non-linear relationships without significant overfitting is a key advantage.

Neural networks, while offering competitive performance in some metrics, exhibited less stable generalization,
likely constrained by the dataset size and the inherent data-hungry nature of deep learning architectures. Future work
could explore data augmentation techniques or transfer learning to mitigate this limitation. Linear models consistently
underperformed due to their inability to capture the inherent nonlinear profit dynamics observed in real-world
transactional data.

Crucially, the exploratory visual analysis supported the finding that profits exhibit seasonal peaks (March-July)
and weekday clustering (Fridays and Saturdays). These temporal patterns were captured well by the ensemble models,
highlighting their capacity to learn from complex real-world data characteristics. This underscores the importance of
domain-specific insights in model development and selection.

These results are especially relevant for small-scale pharmacies in resource-constrained contexts such as Sabha,
Libya, where accurate forecasting must account for irregular patterns and limited data. The demonstrated effectiveness
of specific regression models provides a valuable, actionable benchmark for improving financial planning and
operational efficiency in similar underrepresented regions. While the 14-month dataset provides a solid foundation, it is
important to acknowledge that it may not capture longer-term economic cycles or highly infrequent events. Future
studies could aim to incorporate longer time horizons or integrate external economic indicators to address this.
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5. Limitations

This study has several limitations that should be considered when interpreting the results. First, the data is sourced
from a single public pharmacy in Sabha, which limits the external validity and generalizability to private pharmacies or
other geographic regions. Second, the dataset size (424 days) is relatively small for training deep learning models
(LSTM, CNN), potentially leading to overfitting or biased comparisons against simpler models. Third, the modeling
setup uses contemporaneous Sales and Costs to predict Profit. In a real-time forecasting scenario, future Sales and Costs
would not be known; thus, this study represents an estimation of profit dynamics rather than a pure future forecast.
Future work should focus on using lagged variables (e.g., predicting Profit; using Sales,-;) to address this issue. Finally,
the study focuses on model accuracy and does not fully address deployment constraints, such as real-time data
integration into pharmacy workflow systems.

6. Conclusion

This study conducted a comprehensive comparative analysis of sixteen regression algorithms for forecasting daily
profits in a public pharmacy located in Sabha, Libya. Utilizing real transactional data collected over 14 months, the
study applied a structured machine learning pipeline that included robust preprocessing, feature scaling, and model
evaluation using standardized metrics and a 5-fold cross-validation strategy.

The results unequivocally demonstrated that ensemble tree-based models, particularly Extra Trees, LightGBM, and
Random Forest, consistently outperformed both traditional linear regressors and deep neural architectures. These
models achieved superior predictive accuracy and generalization performance, with Extra Trees reaching an R2 score of
0.978. In contrast, linear models proved insufficient in capturing the nonlinear dynamics between input features (sales
and cost) and profits. While neural networks performed moderately well, their stability was comparatively lower, likely
attributable to the limited dataset size and the inherent data requirements of deep learning models.

Importantly, the exploratory data analysis revealed consistent temporal patterns within the pharmacy's operations.
Seasonally, the pharmacy experienced peak profits between March and July, a period likely influenced by increased
demand during spring-related health conditions and seasonal consumer behavior. Weekly cycles indicated that Fridays
and Saturdays were consistently associated with significantly higher profit levels, aligning with local economic patterns
and customer purchasing habits. These findings underscore the critical importance of incorporating calendar-aware and
time-sensitive features in future forecasting efforts.

By demonstrating the effectiveness of specific regression models under real-world constraints, this study
contributes a novel case-specific benchmark for small-scale pharmacy operations in underrepresented regions such as
Sabha, Libya. It also emphasizes the value of integrating both quantitative accuracy and temporal insights in profit
modeling for retail healthcare environments, providing actionable intelligence for improved financial planning.

7. Future Work

Several promising directions are proposed to extend the current research and further enhance profit forecasting
capabilities:

e Integration of Temporal and External Features: Future work should explicitly incorporate temporal features
(e.g., day-of-week, month, holidays, public events) and external factors (e.g., supply chain delays, local
economic indicators, public health advisories) into the predictive models. This would allow for a more
nuanced capture of profit dynamics.

e Data Expansion and Real-time Integration: Increasing the data size through integration with multiple
pharmacy branches or implementing real-time data collection pipelines would significantly benefit the training
and generalization of data-hungry models, particularly deep neural networks. This would also enable the
exploration of more complex deep learning architectures.

e Model Deployment and Interpretability: Deploying the best-performing models into operational tools using
platforms such as Streamlit or Dash would facilitate their practical use by pharmacy managers. Furthermore,
applying eXplainable Al (XAl) techniques to the top-performing ensemble models would provide insights into
feature importance and model decision-making, fostering trust and enabling better strategic planning.
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