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Abstract: Pharmaceutical pricing in developing markets is often affected by limited transparency, affordability
constraints, uneven product availability, and inefficient pricing structures. These challenges complicate evidence-
based pricing decisions for pharmaceutical companies, healthcare providers, and policymakers. This study develops
a machine learning framework for predicting pharmaceutical prices in the Pakistani market using product-level
variables, including company name, pack size, pre-discount price, discount percentage, and product availability. The
dataset was obtained from a publicly available Kaggle dataset and included 1,630 pharmaceutical product records.
Before model development, exploratory data analysis and preprocessing were conducted to examine price
distribution, high-value observations, pack-size variability, missing values, and categorical features. The final post-
discount price was used as the target variable.
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The study compares the predictive performance of individual machine learning models, including XGBoost,
Random Forest, Linear Regression, and Feedforward Neural Networks, with ensemble learning approaches based on
stacking and blending. The dataset was divided into a model development subset and an unseen holdout sample.
Model performance was evaluated using Mean Absolute Error, Root Mean Squared Error, and Symmetric Mean
Absolute Percentage Error. The results indicate that XGBoost performed strongly among the individual models due
to its ability to capture nonlinear relationships and feature interactions. Among the ensemble approaches, the blending
model achieved slightly better predictive performance than stacking, suggesting its potential for improving prediction
stability and generalizability.

In addition to predictive accuracy, the study examined feature importance to enhance model interpretability.
Product availability, discount percentage, and pack size were identified as important factors influencing
pharmaceutical price prediction. These findings suggest that machine learning can support more transparent and data-
driven pricing decisions in developing markets. The study contributes to the pharmaceutical pricing literature by
comparing individual and ensemble machine learning methods in a developing-market context and linking predictive
modeling with practical pricing insights for companies and policymakers.

Keywords: pharmaceutical pricing; machine learning; ensemble learning; XGBoost; Random Forest;
pharmaceutical market; Pakistan.
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1. Introduction health outcomes, market efficiency, and economic
sustainability. In developing markets, pharmaceutical
pricing is often characterized by limited transparency,
regulatory inefficiencies, uneven market access, and
price distortions caused by policy interventions such as

Pharmaceutical pricing is a critical issue in
healthcare systems because it directly affects the
accessibility, affordability, and availability of
medicines. It also has broader implications for public
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price controls and subsidies [4,6]. These conditions
make it difficult to design pricing strategies that both
protect consumers and maintain the financial
sustainability of pharmaceutical firms. As a result,
substantial variations in medicine prices are frequently
observed, which may reduce consumer welfare and
weaken the overall effectiveness of healthcare delivery
systems. This situation highlights the need for more
advanced and reliable pricing models capable of
capturing the broad range of factors influencing
pharmaceutical prices [4,6,10].

Traditionally, pharmaceutical prices have been
shaped by production costs, market demand,
competition, and regulatory frameworks. However, in
developing economies, conventional pricing approaches
often fail to account for several important determinants,
such as packaging characteristics, discount structures,
product availability, and market-specific conditions.
The growing complexity of pharmaceutical markets has
made traditional pricing approaches less effective,
particularly in contexts where external economic
pressures and policy changes frequently affect pricing
decisions [4,6]. This has created a strong need for data-
driven methods that can more effectively model
pharmaceutical pricing behavior in such environments
[1,5].

Machine learning (ML), as a major branch of
artificial intelligence (AI), provides an attractive
alternative for solving complex prediction problems by
learning patterns directly from data rather than relying
solely on predefined statistical assumptions. In
pharmaceutical and healthcare research, Al and ML
have increasingly been recognized for their ability to
extract meaningful relationships from large and complex
datasets [2,3,11]. In the context of pharmaceutical
pricing, ML can improve prediction accuracy by
incorporating multiple variables simultaneously,
including product characteristics, market conditions,
and policy-related factors. Because pharmaceutical
pricing is influenced by nonlinear interactions among
many variables, ML techniques are often more suitable
than traditional linear approaches for this purpose
[1,2,5].

The development of ML-based pricing models is
particularly important in developing markets, where
pharmaceutical companies often struggle to set optimal
prices in the absence of efficient pricing systems. In
many of these settings, patients rely heavily on out-of-
pocket expenditure for medicines, making accurate
pricing decisions essential for both affordability and
profitability [4,10]. Conventional pricing methods, such
as cost-plus pricing and competitor-based pricing, may
not be flexible enough to reflect market volatility,
product shortages, discount practices, and changes in
regulatory policies. In contrast, data-driven pricing
approaches can adapt more effectively to changing

market conditions and support better pricing decisions
[5.9].

Recent advances in data-driven modeling have
further strengthened the use of ML in pharmaceutical
and healthcare applications. Data-driven methods are
now widely wused in pharmaceutical processes,
healthcare analytics, and pharmacological research
because of their ability to manage high-dimensional data
and uncover hidden patterns that traditional methods
may overlook [1,2,5,11]. In pharmaceutical sciences,
ML and deep learning tools have increasingly been
applied to prediction, classification, optimization, and
decision support, demonstrating their practical value in
complex domains [3]. These developments suggest that
similar approaches can be effectively extended to
pharmaceutical price prediction, especially in settings
where pricing is influenced by multiple interacting
features.

Among ML methods, ensemble learning has
emerged as one of the most effective strategies for
improving predictive performance. Ensemble learning
combines the outputs of multiple models to reduce error,
improve robustness, and enhance generalization [8].
Random Forest, introduced by Breiman, is one of the
most widely used ensemble algorithms and is known for
its ability to handle high-dimensional data, reduce
overfitting, and model nonlinear relationships
effectively [7]. These properties make it highly suitable
for pharmaceutical pricing problems, where price
determination often depends on many interrelated
product and market attributes.

In addition to Random Forest, more advanced
predictive approaches, such as gradient boosting and
neural networks, have become increasingly important in
health-related analytics. Deep learning methods,
including feedforward neural networks, are particularly
useful for identifying complex nonlinear interactions
within data and have shown strong performance across
several pharmaceutical and biomedical prediction tasks
[3,11,15]. Computational intelligence approaches have
also been successfully applied in pharmaceutical
research to model complex scientific relationships, such
as solubility behavior and drug-related outcomes,
further demonstrating the value of intelligent predictive
systems in pharmaceutical decision-making [15,16].
These advances indicate that sophisticated ML models
can offer substantial benefits for price prediction
compared with traditional approaches.

Although individual ML models can achieve
strong  predictive  performance, the literature
increasingly shows that combining multiple models
often produces better results than relying on a single
model alone. Ensemble-based pipelines have been
successfully used in healthcare diagnosis, fracture
prediction, medical image analysis, and healthcare cost
prediction, where they improved both prediction
accuracy and generalizability [12,13,14,17]. These
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findings are especially relevant for pharmaceutical
pricing, where data may be noisy, incomplete, and
influenced by heterogeneous product- and market-level
factors. By combining models with different strengths,
ensemble learning can provide more stable and accurate
predictions than any single model used in isolation
[8,12,13].

Two particularly important ensemble methods are
stacking and blending. In stacking, several base models
are first trained independently, and their outputs are then
used as inputs for a meta-model that generates the final
prediction [8,13,14]. This approach is effective when the
base models capture different aspects of the data,
allowing the meta-model to learn how to combine their
predictions efficiently. Blending is closely related to
stacking, but it usually relies on a holdout strategy or
separate data subsets to combine the outputs of different
models and improve generalization. Both approaches
benefit from model diversity and have been shown to
perform well in complex prediction tasks in healthcare
and related analytical domains [12,13,14,17].

In pharmaceutical price prediction, stacking and
blending are especially promising because they allow
the integration of models with complementary strengths.
For example, tree-based models such as Random Forest
can capture nonlinear feature relationships and
interactions, regression-based models offer
interpretability, and neural network approaches can
detect deeper hidden patterns in the data. The integration
of these capabilities can generate a more powerful and
reliable framework for pharmaceutical pricing than any
standalone model. Given the increasing role of data-
driven decision-making in pharmaceutical sciences and
health economics, the use of ensemble ML methods
provides a practical and theoretically grounded solution
for addressing pricing challenges in developing markets
[1,3,8,11].

The existing literature highlights the growing
potential of machine learning to enhance pharmaceutical
pricing decisions, particularly in developing economies
where pricing systems often lack efficiency and
transparency. Advances in artificial intelligence, deep
learning, and ensemble methods in healthcare analytics
demonstrate the ability of data-driven approaches to
model complex pricing dynamics more accurately than
traditional techniques [2,3,11,12,17]. Despite these
developments, the application of predictive machine
learning frameworks to pharmaceutical pricing,
especially frameworks incorporating product-level
characteristics, remains limited.

This study addresses this gap by developing and
evaluating a comprehensive machine learning
framework for pharmaceutical price prediction in a
developing-market context. Its primary contribution lies
in the systematic comparison of both individual models
and advanced ensemble techniques, including stacking
and blending, using product-specific variables such as

availability, discount structures, and pack size. In
contrast to prior studies that largely emphasize pricing
policies, affordability, and macro-level determinants,
this research adopts a micro-level predictive approach
capable of capturing nonlinear relationships and
complex interactions within pricing data.

By benchmarking models such as Linear
Regression, Random  Forest, XGBoost, and
Feedforward Neural Networks against ensemble

approaches, the study provides rigorous empirical
evidence on model performance, robustness, and
generalizability. This comparative framework not only
identifies the most effective predictive techniques but
also demonstrates the added value of ensemble learning
in improving prediction accuracy.

The study is guided by the following objectives:

1. To develop a robust machine learning
framework for pharmaceutical price prediction.

2. To evaluate and compare the performance of
individual and ensemble models.

3. To quantify the impact of product-level features
on pricing outcomes.

4. To generate actionable insights for transparent
and competitive pricing strategies.

Overall, this work advances the pharmaceutical
pricing literature by integrating health economics with
modern machine learning methodologies. It introduces a
novel data-driven predictive framework that extends
beyond descriptive and policy-oriented analyses. By
improving pricing accuracy, transparency, and
adaptability, the proposed approach provides practical
value for policymakers, regulators, and industry
stakeholders and ultimately contributes to more efficient
markets, improved affordability, and enhanced
healthcare access in developing economies.

2. Methodology

This section presents the methodological
framework adopted to predict pharmaceutical prices in
the Pakistani market using machine learning techniques.
The proposed framework follows a structured and
reproducible pipeline that includes data acquisition,
exploratory data analysis, preprocessing, feature
engineering, model development, and performance
evaluation. Both individual machine learning models
and advanced ensemble approaches are implemented to
capture complex nonlinear relationships in pricing data
and to improve predictive accuracy and generalizability.

2.1 Data Description and Characteristics

The dataset used in this study was obtained from
a publicly available Kaggle repository and contains
1,630 pharmaceutical product records from the Pakistani
market. The dataset includes product-level attributes
such as company name, pack size, pre-discount price,
post-discount price, discount percentage, and product
availability. The target variable in this study is the final

Page | 4



Journal of Hunan University (Natural Sciences)

Vol. 53 No. 6, June 2026

post-discount pharmaceutical price, while the remaining
variables are treated as predictors.

To improve dataset transparency and
reproducibility, an exploratory review of the dataset was
conducted before model development. The original
price variables were strongly right-skewed, indicating
that most pharmaceutical products were concentrated at
lower price levels, whereas a smaller number of
products had substantially higher prices. Therefore, the
distribution of the post-discount price was visualized
using a log-transformed scale, log(1 + price), as shown
in Figure 1. This transformation was used only for
exploratory visualization, while the original price values
were retained for model development.

Distribution of price after discount on log scale

150

freguancy

100

n 2 4 ¢ L] 0
Log-tramiormed prce aftar dacount: logll + prscwl

Figure 1. Distribution of price after discount
on log scale. (Developed by Authors)

The boxplot in Figure 2 further shows the
presence of high-value observations in the price-after-
discount variable. These observations were retained
because pharmaceutical pricing data may naturally
include expensive products, and removing them could
reduce the real-world variability of the dataset.

Boxplot of price after discount on log scale

11 6 00 oo-—l:)—hn_cmocm
i
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Figure 2. Boxplot of price after discount on
log scale. (Developed by Authors)

Pack size was treated as a categorical feature
and standardized before model development. Figure 3
shows the ten most frequent pack-size categories after
standardization, indicating an uneven distribution of
packaging formats across pharmaceutical products. This

variability reflects differences in product quantity,
dosage form, and packaging practices in the
pharmaceutical market.

Top 10 pack-size categories

L=l

120 140 plo=

Frequency

Figure 3. Top 10 pack-size categories after
standardization. (Developed by Authors)

Discount percentage showed limited variation
in the available records, with most recorded
observations concentrated around similar discount
levels.  Availability was  standardized during
preprocessing and treated as a binary feature
representing whether a product was available or
unavailable in the market. Since the dataset was
obtained from a public online source, some records
required cleaning and standardization before model
development.

It is important to acknowledge that potential
dataset biases may exist due to the use of a publicly
available online source. These may include
overrepresentation of certain companies or product
categories and possible inconsistencies caused by online
data collection. Therefore, the findings should be
interpreted within the scope of the available product-
level data rather than as a complete representation of all
pharmaceutical pricing dynamics in developing
markets.

2.2 Data Preprocessing and Feature Engineering
Before model training, the dataset underwent a
structured preprocessing and feature engineering
pipeline to ensure compatibility with machine learning
algorithms and to enhance reproducibility:
e Missing Values: Missing numerical values
were handled using mean imputation via the
Simple Imputer in scikit-learn. This approach
preserves dataset size while maintaining central
tendency.
e Categorical Encoding:
v' Company names were encoded using label
encoding due to high cardinality.
v' Pack size was treated as a categorical
variable and encoded numerically.
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v Availability was encoded as a binary
variable.

¢ Feature Transformation: The target variable

was defined as the final price after discount.

Discount percentage was retained as a
continuous predictor to capture pricing
adjustments.

¢ Feature Scaling: Continuous variables were
normalized where required, particularly for the

Feedforward Neural Network model, to

improve convergence and training stability.

No synthetic or derived features were
introduced; however, the selected variables inherently
capture key pricing determinants, including supply
conditions (availability), pricing strategy (discount), and
product configuration (pack size).

2.3 Data Splitting Strategy

To ensure a rigorous evaluation framework and
to prevent data leakage, the dataset was divided into two
mutually exclusive subsets:

e Model development dataset: 98%
o Final holdout dataset: 2%

The model development dataset was evaluated
using a 10-fold cross-validation procedure, in which the
data were partitioned into ten subsets, with each subset
used once for testing and the remaining subsets for
training.

The final holdout dataset (2%) was excluded
from this process and used solely for final prediction,
enabling an unbiased assessment of model
generalization under real-world conditions.

2.4 Machine Learning Algorithms

This section outlines the methodology used to
develop the prediction models in this study. The primary
objective is to assess the performance of four
independent machine learning models XGBoost,
Random Forest, Linear Regression, and Feedforward
Neural Network (FNN) to identify the most effective
approach for predicting the prices of pharmaceutical
products. After evaluating each model individually, the
study proceeds to combine the models using advanced
ensemble learning techniques, specifically stacking and
blending, with Linear Regression as the meta-model.

Phase 1: Individual Model Evaluation

In this phase, four distinct machine learning
models are trained and evaluated independently to
determine  their  effectiveness in  predicting
pharmaceutical prices. Each model is tested using a
subset of the 98% of the dataset, with the 2% held out
for final prediction.

The models selected are:

a) XGBoost (Extreme Gradient Boosting)

XGBoost is an optimized gradient-boosting algorithm
that builds an ensemble of weak learners, typically
decision trees, to improve model accuracy. XGBoost
minimizes a regularized objective function consisting
of a loss function and a complexity term to reduce
overfitting.

n K
Objective = Z L(y;, 9) + Z Q(fi)
i=1 k=1

where L(y;, ;) is the loss function, such as Mean
Squared Error (MSE), between the actual y; and
predicted 9;, Q(fy) is the regularization term for the
complexity of each treefy,, The model prediction is
calculated by summing the output of all trees

K
Vi = Z fre(x;)
k=1

where fj, (x;) is the prediction from the k-th tree for
the i-th sample.

XGBoost is highly effective for price prediction as it
handles large datasets and complex interactions between
variables, providing robust predictions with low error
rates.

b) Random Forest

Random Forest is an ensemble of decision trees,
where each tree is built from a random subset of
features and samples.

1 B
== Ty
b=1

Where T}, (x) is the prediction from the b-th tree, B
is the total number of trees.

Random  Forest wuses "bagging" (Bootstrap
aggregating) by training each tree on a bootstrap sample
from the data, reducing variance and overfitting. It is
suitable for handling large datasets with complex
relationships and is robust against overfitting, providing

stable predictions even in the presence of noisy data.

¢) Linear Regression:

Linear Regression is a simple regression technique
that assumes a linear relationship between the
independent variables and the dependent variable. The
model predicts the output using a linear combination of

input feature.

A
§=Fo+ ) By
j=1
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where J is the predicted output, S is the intercept, f;
is the coefTicient for feature j, X; is the value of featurej.
Linear Regression minimizes the Mean Squared Error

(MSE) between the actual and predicted values to find
the best-fit line.

1w .
MSE = Hz i —9i)
i=1

Although simpler than other models, it can serve as a
baseline, especially for interpretable insights about
linear relationships in the data.

d) Feedforward Neural Network (FNN)

The Feedforward Neural Network is a type of artificial
neural network (ANN) where connections between the
nodes do not form cycles. It consists of multiple layers:
an input layer, hidden layers, and an output layer. The
model passes inputs through multiple layers of neurons
with activation functions to transform inputs into
outputs.
y=cW,o(W,_q..c(Wyx+by) +b,_,) + by)
where x is the input vector, W; and b; represent the
weights and biases for layer I, ¢ is an activation
function, commonly ReLU (Rectified Linear Unit) or
Sigmoid for FNNs.

The network uses backpropagation to minimize the
loss function, typically MSE for regression, by adjusting
weights through gradient descent.

Loss =13 (-5
OSS—nll Vi — Vi
i=

FNNs capture complex nonlinear relationships in data,
making them useful for pharmaceutical price prediction
where interactions between features like discount, pack
size, and availability can influence prices.

Phase 2: Ensemble Methods: Stacking and Blending

After evaluating each of the individual models, we
apply both stacking and blending ensemble methods to
improve prediction accuracy by combining the strengths
of multiple models.

a) Stacking ensemble model

Stacking (or stacked generalization) is a technique
where predictions from multiple base models (XGBoost,
Random Forest, Linear Regression, FNN) are used as
input features for a meta-model. The meta-model, often
a simpler model like Linear Regression, is trained on the
predictions of the base models, combining their outputs
to make the final prediction. This approach can capture

complex relationships between the base model
predictions, allowing for improved performance.

i) Base Learners (Level-0 Models)
The stacking ensemble begins by training multiple
base models (referred to as level-0 models) on the
same dataset. Given a datasetD = {(x;, y;)}i=1,

where x; represents the feature vector and y; is the
target variable, the predictions of each model are as
follows:

For a base model f] :
yi,j = fj(xi),j =1,..,.M

where M represents the number of base models, and
¥i,j denotes the prediction of the j-th model for the
i-th instance.

The output of each base model f; serves as a new

feature for the next stage.

ii) Meta-Learner (Level-1 Model)
A meta-learner, or level-1 model, takes the
predictions of the base models as inputs and learns
to make a final prediction. The input for the meta-
learner is the prediction matrixZ, defined as:

Vi1 V1,2 - V1M

_ Y21 V2,2 - VoM
Z= "7 3 ) .

|~yn,1 ‘L un,2 :Vn,MJ

The meta-learner g then learns from Z and outputs

the final prediction ¥ :
y=92)
ili) Mathematical Formulation
For a new instanceX,,,y, the final prediction V,.,,
from the stacking ensemble is obtained by first
generating predictions from each base learner and
then applying the meta-learner on these predictions:

Inew = g(fl (xnew); f2 (xnew): s fu (xnew ))

b) Blending ensemble model

Blending is a similar ensemble method but differs in
how the data is split. Instead of cross-validation,
blending uses a hold-out validation set (part of the data
reserved for testing). The base models make predictions
on the validation set, and a meta-model is trained using
these predictions to generate the final output. Blending
is often simpler and faster to implement than stacking,
as it requires less computational effort and avoids the
complexity of cross-validation.

Blending is similar to stacking but uses a holdout set
to train the meta-learner instead of using cross-
validation across the entire dataset.
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The dataset is split into a training set for model
development and a 10-20% holdout set for validation.
The predictions on this holdout set are used as features
for the meta-learner.

i) Base Learner Training

Each base model f] is trained on the training set and

then used to predict the outcomes on the holdout set:

9ij = fj(x;), for x; € Holdout Set
¥i; = fj(x;), forx; € HoldoutSet
i) Meta-Learner Training and Prediction

The meta-learner g is then trained on the
predictions from the holdout set and makes a final
prediction as in stacking.

For a new instance X,q,, :
j} new
=9 (fl (Xnew)s f2(Xnew)s ooos fu (xnew))

Based on the evaluation metrics (MSE, MAE,
RMSE, SMAPE), we found that blending provided
superior performance in terms of predictive
accuracy compared to stacking. As a result, the
blending ensemble method was selected for the final
prediction.

By using the blending ensemble, we achieved a
more robust and accurate model for pharmaceutical
price prediction, capturing a broader range of
patterns in the data and improving generalization on
unseen data.

2.5 Evaluation Metrics for Model Performance

The following performance evaluation metrices are
used to compare the performance of the models applied
to the pharmaceutical data.

2.4.1. Mean absolute error (MAE)

MAE measures the average absolute difference
between the actual and predicted values. Unlike MSE,
MAE doesn't square the differences, so it provides a
more interpretable error measure that treats all errors
equally.

n
1
MAE =" |y, = 9
i=1
where |y; — ;| is absolute difference between the
actual and predicted values.
MAE provides an easier-to-understand measure of

error because it's in the same units as the target variable.
A lower MAE indicates a better model.

2.4.2 Root mean square error (RMSE)

RMSE is the square root of the Mean Squared Error
(MSE). It provides an error metric that penalizes larger
errors more heavily, similar to MSE, but it is in the same
units as the target variable, making it more interpretable.

n
1
RMSE= |- (y; — 90)?
i=1

RMSE is useful for understanding how much error the
model is introducing in terms of the original data units.
Smaller RMSE values indicate better performance.

2.4.3 Symmetric mean absolute percentage error
(SMAPE)

SMAPE is a percentage-based error metric that treats
over-predictions and under-predictions equally, giving a
more balanced view of prediction performance,
especially when the data has both very small and large
values.

100% = lyi — il

SMAPE = A
n L Uyl +3iD/2

SMAPE gives an error percentage that is normalized
by the average of the actual and predicted values. It
ranges from 0% to 200%, with 0% being perfect
prediction. It’s particularly useful when comparing
models across datasets with different scales.

2.6 Model Training and Final Prediction

Model training and evaluation were conducted
using a 10-fold cross-validation framework applied to
the model development dataset. In each iteration, the
model was trained on nine folds (90% of the data) and
tested on the remaining fold (10%), ensuring that each
observation served as validation data exactly once. This
approach provides a reliable and stable assessment of
model performance while effectively utilizing the
available data.

Model performance was evaluated using MAE,
RMSE, and SMAPE. The final performance metrics
were obtained by averaging the results across all ten
folds, thereby reducing variability associated with any
single partition and yielding a robust estimate of
predictive accuracy.

The final 2% holdout dataset was entirely
excluded from the cross-validation process and was not
used during model training or validation. After
completing the cross-validation procedure, the trained
model was applied to this holdout set solely for final
prediction. This design ensures an unbiased evaluation
of model generalization by simulating real-world
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deployment conditions, where predictions are generated
for completely unseen data.

3. Results and Discussions
The results obtained using different models are reported
and discussed below.

3.1 Performance Evaluation of Individual Machine
Learning Models

Table 1 presents the comparative performance
of XGBoost, Feedforward Neural Network, Random
Forest, and Linear Regression using MAE, RMSE, and
SMAPE. The results show that XGBoost consistently
achieves the lowest MAE (0.8039) and SMAPE
(0.53%), indicating superior predictive accuracy and
stability across different error measures. This strong
performance can be attributed to its boosting framework,
which sequentially minimizes residual errors and
effectively captures nonlinear relationships and complex
feature interactions. In addition, built-in regularization
mechanisms help control overfitting and improve
generalization.

Table 1. Performance metrices using Test

Data (Compiled by Authors)

M RM SM
Model SE APE
XGBo 0.8 2.4 0.53
ost 039 559 %
Feedfo 1.7 2.5 2.22
rward NN 618 993 %
Rando 24 15. 0.77
m Forest 107 3083 %
Linear 1.3 2.1 1.87
Regression 599 764 %

The Feedforward Neural Network demonstrates
comparatively higher error values (MAE = 1.7618,
SMAPE = 2.22%), suggesting that the model may not
have fully leveraged the underlying data structure.
Neural networks typically require larger datasets and
extensive hyperparameter tuning; in moderate-sized
structured datasets, they may underperform relative to
tree-based ensemble methods.

The Random Forest model exhibits a
substantially higher RMSE (15.3083), despite
maintaining a relatively low SMAPE (0.77%). This
pattern indicates the presence of large prediction errors
for certain observations, as RMSE is particularly
sensitive to extreme deviations. The averaging nature of
Random Forest can lead to oversmoothing, limiting its
ability to capture sharp variations or outliers in the
response variable.

In contrast, Linear Regression shows
competitive performance in terms of RMSE (2.1764),
even outperforming XGBoost on this metric. This
suggests that the relationship between predictors and the
response variable contains a meaningful linear

component. However, its higher SMAPE (1.87%)
reflects limitations in handling relative errors and
capturing nonlinear patterns.

Overall, the results indicate that XGBoost
provides the most balanced and reliable performance
across multiple evaluation metrics, making it well-suited
for the given dataset. The consistency of XGBoost’s
superior performance across multiple evaluation metrics
suggests its robustness, although formal statistical
significance testing was not conducted in this study.
While Linear Regression remains competitive under
partial linearity, and Random Forest and Neural
Networks offer flexibility, their performance is
comparatively less stable under the current data
conditions.

Comparison of Actual vs Predicted Prices After

te ¥
" i
Vosal Netaork !

Price

ex
Figure 4: Comparison of actual and predicted price
after of different models (Developed by Authors)

The Figure 4 shows XGBoost closely matching

actual prices, demonstrating superior accuracy.
Feedforward Neural Network (red) performs moderately
well, with slight deviations. Linear Regression

approximates trends but struggles with higher prices.

3.1.1 Model Interpretability and Feature
Impact on Pharmaceutical Pricing
Model interpretability is important in
pharmaceutical pricing because pricing decisions affect
affordability, —market access, and regulatory
transparency. A model that only predicts prices
accurately may have limited practical value if the main
drivers of prediction are not understood. Therefore, this
study examined feature importance across the applied
models to identify the relative influence of availability,
discount, and pack size on pharmaceutical pricing. This
analysis uses multiple models Linear Regression,
Random Forest, XGBoost, and Feedforward Neural
Network to assess the Random Forest shows significant
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inaccuracies, especially at extremes. Overall, XGBoost
outperforms the other models in predictive reliability.

Importance of three key product features
(Discount, Pack Size, and Availability) on
pharmaceutical pricing. The normalized importance of
each feature, as shown in the bar chart, provides insights
into how strongly each factor influences pricing across
different modeling techniques.

Figure 5: Normalized Feature Importance of
Different Models (Developed by Authors)

Availability is the most influential feature
across models, especially in Linear Regression, Random
Forest, and XGBoost, with Linear Regression
attributing the highest importance to it. This suggests
that product availability is a key factor in determining
pricing, and pharmaceutical companies should focus on
optimizing supply chains to ensure high availability,
potentially allowing for premium pricing.

Discount plays a significant role in the
Feedforward Neural Network model, highlighting its
complex impact on pricing, especially in competitive or
price-sensitive ~ markets.  This  implies  that
pharmaceutical companies should tailor discount
strategies to specific customer segments or regions to
optimize pricing outcomes.

Pack Size has a moderate influence in Random
Forest and XGBoost, indicating it affects pricing but is
less important than Availability and Discount.
Companies may adjust pack sizes to improve
affordability or offer premium products, but this should
be secondary to availability and discount strategies.

Linear Regression emphasizes Availability,
suggesting a simpler, linear relationship, while Random
Forest and XGBoost capture more complex interactions,
balancing Availability and Pack Size. The Feedforward
Neural Network prioritizes Discount, reflecting its

ability to model nonlinear patterns in demand and
pricing.

The interpretability results show that
availability, discount, and pack size are not only
predictive variables but also practically meaningful
pricing determinants. Availability reflects supply-side
conditions and can influence market price variation,
especially when products are scarce or inconsistently
supplied. Discount captures pricing adjustments and
competitive strategies, while pack size reflects product
quantity and affordability considerations. These
findings make the model more useful for decision-
makers because they explain which product-level factors
contribute most to price prediction. Although SHAP-
based interpretation was not included in the present
study, future research may apply SHAP wvalues to
provide observation-level explanations of individual
price predictions.

3.2 Evaluation of Ensemble Models

After evaluating individual models, the next
step is to analyze the performance of ensemble methods,
specifically stacking and blending, to determine which
provides the best predictive performance for
pharmaceutical price prediction. Ensemble methods,
which combine multiple individual models, are known
for enhancing prediction accuracy and reducing model
variance. These approaches are critical in addressing the
second research objective of comparing the predictive
performance of machine learning algorithms and
ensemble techniques to identify the most robust and
accurate model.

Table 2. Performance metrices using Test Data

(Compiled by Authors)
Model MAE RMSE SMAPE
Blending 1.1548  2.1207 1.86%
Stacking 1.3628 2.1868 1.88%

The Blending Model demonstrates strong
performance on the test dataset, achieving an MAE of
1.1548, an RMSE of 2.1207, and a SMAPE of 1.86%.
These metrics reflect its accuracy and reliability,
offering a good balance between predictive accuracy
and generalization. Its performance is comparable to
XGBoost, the best-performing individual model,
highlighting its potential for pharmaceutical price
prediction tasks. The Stacking Model also performs
well, with an MAE of 1.3628, an RMSE of 2.1868, and
a SMAPE of 1.88%. Although slightly less accurate than
the Blending Model, its consistent performance suggests
effective generalization and minimal overfitting,
making it a reliable choice for unseen data. Both
ensemble methods provide robust results, with the
Blending Model slightly outperforming the Stacking
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Model in accuracy. While the Blending Model may be
the better option for precise predictions, the Stacking
Model remains a solid alternative with consistent
performance.

The difference between the blending and
stacking models was relatively small, indicating that
both ensemble techniques provided stable performance.
However, the blending model achieved lower MAE and
RMSE than the stacking model, suggesting slightly
better average prediction accuracy on the testing data.
This may be because blending uses a holdout-based
strategy for training the meta-model, which can reduce
overfitting and improve generalization when the dataset
is limited in size. Stacking also performed well, but its
effectiveness depends on how base-model predictions
are generated and combined by the meta-learner.

The ensemble results show that combining multiple
models can improve prediction stability by using the
complementary strengths of different algorithms. Tree-
based models such as XGBoost and Random Forest can
capture nonlinear interactions, Linear Regression
provides a simple and interpretable baseline, and
Feedforward Neural Networks can model more complex
nonlinear patterns. By combining these models, the
blending and stacking approaches produced robust
predictive results for pharmaceutical price estimation.

3.3 Prediction using the Blending Ensemble Model

The Blending model will predict a random 2% sample
of the original dataset. Chosen for its strong
performance and ability to minimize overfitting, it
combines base models with Linear Regression as the
meta-model for balanced accuracy and generalization.
This approach will deliver actionable insights,
supporting strategic pharmaceutical pricing decisions in
developing markets.

Figure 6: Comparison of Actual vs Predicted Prices
After (Developed by Authors)

The figure 6 compares actual and predicted "Price
After" values for pharmaceutical products using a
blending ensemble model. The blue line represents
actual prices, while the orange line shows predicted
prices. The close alignment between the lines indicates

high accuracy,
fluctuations, including larger spikes. Minor deviations
suggest low error metrics, such as MAE and RMSE.
Overall, the graph demonstrates the blending ensemble
model's strong predictive accuracy, confirming its
reliability for pharmaceutical pricing predictions.

with the model capturing price

4. Practical Implications for
Pharmaceutical Pricing Strategies in

Developing Markets

The findings of this study provide several
practical implications for improving pharmaceutical
pricing strategies in developing markets. One important
implication is the role of product availability as a
predictor of pharmaceutical price, particularly in the
XGBoost model. This suggests that consistent product
availability is closely related to pricing behavior and
should be considered when developing pricing
strategies. For pharmaceutical companies, availability
information can support supply-chain planning and
price forecasting. For regulators, it can help monitor
whether price changes are associated with supply
shortages or market instability.

Another important implication concerns discount
strategies. The results indicate that discounts have a
meaningful influence on pharmaceutical prices,
especially in the Feedforward Neural Network model.
This suggests that discount-price relationships may be
nonlinear and may vary across products or market
conditions. Pharmaceutical firms can use this
information to design more targeted discount policies
that reflect local demand conditions, consumer
purchasing power, and price sensitivity. Such strategies
may help improve medicine affordability while
maintaining market competitiveness.

The analysis also shows that pack size is an
important product-level factor, particularly in the
XGBoost and Random Forest models. This finding
suggests that firms can use pack-size decisions as part of
their pricing strategies. Smaller pack sizes may improve
affordability for low-income consumers, while larger
pack sizes may provide better value for consumers who
can purchase medicines in greater quantities. Therefore,
pack-size planning can help pharmaceutical companies
serve different consumer segments more effectively in
developing markets.

In addition, the study demonstrates that ensemble
methods, especially blending and stacking, can support
more reliable pharmaceutical price prediction by
combining the strengths of multiple models. This has
practical value for both firms and policymakers.
Pharmaceutical companies can use such models to
generate data-driven price forecasts and reduce
uncertainty in pricing decisions. Policymakers and
regulators can use model-based evidence to support
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more transparent monitoring of medicine prices and
affordability. In this way, machine learning models can
provide decision-support tools rather than replace expert
judgment.

Finally, the study highlights the broader
importance of interpretable and transparent pricing
models in developing markets. A data-driven approach
allows pharmaceutical prices to be examined using
measurable factors such as availability, discount
percentage, and pack size. This can help companies
explain pricing decisions more clearly and assist
policymakers in evaluating whether prices remain
aligned with public health objectives. Therefore,
machine learning-based pricing models can contribute
not only to business efficiency but also to improved
access to essential medicines, fairer pricing practices,
and greater market transparency.

5. Conclusion and Future Work

This study developed a machine learning
framework for predicting pharmaceutical prices in
developing markets using product-level data from the
Pakistani pharmaceutical market. The study compared
individual machine learning models, including
XGBoost, Random Forest, Linear Regression, and
Feedforward Neural Networks (FNN), as well as
ensemble approaches based on stacking and blending.
Before model development, exploratory data analysis
and preprocessing were conducted to examine price
distribution,  high-value observations, pack-size
variability, missing values, and categorical features. The
findings show that machine learning methods can
provide useful predictive support for pharmaceutical
pricing decisions, especially in markets where pricing
transparency, affordability, and availability remain
major challenges.

Among the individual models, XGBoost
demonstrated strong predictive performance because of
its ability to capture nonlinear relationships and
interactions among pricing-related variables. The
ensemble results showed that both stacking and blending
produced stable predictions, with the blending model
achieving slightly better performance based on MAE,
RMSE, and SMAPE. These results suggest that
combining multiple models can improve prediction
reliability and support more robust pharmaceutical price
estimation.

The study also highlighted the importance of
model interpretability for healthcare and pricing
decisions. Feature-importance analysis showed that
availability, discount percentage, and pack size were
important product-level factors influencing
pharmaceutical price prediction. These findings provide
practical insights for pharmaceutical companies and
policymakers. For companies, the results may support
more informed decisions regarding discount strategies,
pack-size planning, and supply management. For

policymakers and regulators, the findings may help
improve pricing transparency and support evidence-
based monitoring of medicine affordability.

Despite these contributions, the study has some
limitations. The dataset was obtained from a publicly
available Kaggle source and represents available
product-level information from the Pakistani
pharmaceutical market. Therefore, the results may not
fully represent all medicines, companies, regions, or
informal pricing variations in developing markets. In
addition, the model comparison was based on predictive
error metrics rather than formal statistical significance
testing. Although a final unseen holdout sample was
used for prediction, future studies could further
strengthen model validation by applying k-fold cross-
validation or repeated random subsampling.

Future research may expand the proposed
framework by wusing larger and more diverse
pharmaceutical pricing datasets from multiple
developing countries. Additional variables, such as
market competition, therapeutic class, regulatory policy,
inflation, exchange rates, procurement channels, and
regional demand conditions, could also be included to
improve prediction accuracy and practical relevance.
Future work may also apply SHAP values or other
explainable artificial intelligence methods to provide
observation-level explanations of individual price
predictions. These extensions would strengthen the
reliability, interpretability, and policy usefulness of
machine learning-based pharmaceutical pricing models.
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