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Abstract

Background: Chronic pain management presents significant challenges in clin-
ical practice, particularly in selecting pharmacological treatments that balance
efficacy and safety. GABAergic and opioid medications are two commonly pre-
scribed drug classes for pain relief, but their comparative effectiveness and safety
profiles remain a topic of ongoing debate. Objectives: This study aims to com-
pare the effectiveness and safety of GABAergic and opioid medications in man-
aging chronic pain, using synthetic patient data and advanced machine learning
models. Methods: Synthetic data simulating a diverse patient population were
generated to reflect real-world variations in demographics, treatment regimens,
and outcomes. Machine learning models, including Random Forest, Gradient
Boosting, and Stacking, were applied to analyze the relationships between patient
characteristics, treatment types, and outcomes such as pain reduction and quality
of life. SHAP (SHapley Additive exPlanations) analysis was used to interpret the
models and identify key predictors influencing treatment responses. Results: The
Gradient Boosting model demonstrated strong predictive performance, with
SHAP analysis highlighting features such as drug type, dosage, and patient age
as significant factors influencing treatment outcomes. Opioid treatments were
found to be more effective in pain reduction but associated with a higher risk of
side effects, whereas GABAergics had a safer profile but were less potent in severe
pain cases. Conclusions: This study underscores the value of machine learning
in chronic pain management by providing insights into the trade-offs between
the effectiveness and safety of GABAergic and opioid medications. These find-
ings suggest that personalized treatment plans, informed by patient characteris-
tics and model predictions, could optimize pain management while minimizing
adverse effects.
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1. Introduction

Chronic pain is a significant public health issue, affecting millions globally and
posing a considerable challenge to healthcare systems. The complexity of chronic
pain, which often persists despite standard treatments, necessitates a nuanced ap-
proach to pharmacological management [1]. Among the most commonly pre-
scribed treatments for chronic pain are GABAergic and opioid medications, both
of which offer distinct mechanisms of action but come with their own benefits
and risks. Opioid medications have long been considered a cornerstone of chronic
pain management due to their potent analgesic effects [2]. They act on opioid re-
ceptors in the central nervous system to block pain signals, making them particu-
larly effective for moderate to severe pain. However, their use is increasingly scru-
tinized due to a well-documented profile of adverse effects, including a high risk
of addiction, tolerance, respiratory depression, and overdose. The global opioid
crisis has further intensified the need for safer alternatives, as opioid overuse and
dependence have led to widespread public health concerns. On the other hand,
GABAergic medications, which modulate the activity of the inhibitory neuro-
transmitter gamma-aminobutyric acid (GABA), offer an alternative mechanism
of pain relief, particularly in neuropathic pain conditions. GABAergics are gener-
ally perceived as safer compared to opioids, with a lower risk of severe side effects
such as dependency and cognitive impairment [3]. However, their efficacy in
treating severe chronic pain is often viewed as limited, and they may not provide
sufficient pain relief for all patients. Consequently, the comparative effectiveness
and safety of GABAergics versus opioids remain areas of active debate, with clini-
cians needing more evidence to guide treatment decisions that balance efficacy
and patient safety [4]. Current literature provides fragmented insights into the
relative benefits of these two drug classes. Clinical studies often focus on specific
patient populations, making it difficult to generalize findings. Furthermore, most
comparative studies are limited by small sample sizes, variability in patient de-
mographics, and inconsistencies in treatment protocols. As a result, there is a crit-
ical need for more robust, data-driven comparisons that can provide clinicians
with clearer guidance on when and how to use these medications in chronic pain
management. To address this gap, this study leverages synthetic patient data and
advanced machine learning techniques to conduct a comparative analysis of GA-
BAergic and opioid medications. Synthetic data allows for the simulation of di-
verse, real-world-like patient populations, overcoming the limitations of tradi-
tional clinical datasets by ensuring consistency and eliminating biases [5]. Ma-

chine learning models such as Random Forest and Gradient Boosting are used to
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capture the complex relationships between patient characteristics (e.g., age, dos-
age, treatment duration) and treatment outcomes. Additionally, SHAP (SHap-
ley Additive exPlanations) analysis provides an interpretable framework, high-
lighting key features that influence patient responses to each treatment modality
[6]. The significance of this research lies in its ability to provide a comprehen-
sive, data-driven comparison of GABAergics and opioids. By using synthetic
data and interpretable machine learning models, this study not only contributes
to the ongoing debate on the safety and effectiveness of these medications but
also offers actionable insights that can guide personalized pain management
strategies. In doing so, it responds to the urgent need for more informed clinical
decision-making in the context of chronic pain, especially in light of the opioid

crisis.

2. Methodology
2.1. Data Simulation and Preprocessing

2.1.1. Data Generation

To accurately assess the comparative effectiveness of GABAergic and opioid treat-
ments in managing chronic pain, we employed synthetic data generation to sim-
ulate a dataset reflective of real-world clinical scenarios. This approach allows for
controlled experimentation, eliminating the biases and inconsistencies often pre-
sent in real-world data. The synthetic dataset was meticulously designed to cap-
ture a broad range of patient characteristics and treatment variables, including
age, medication dosage, treatment duration, the incidence and severity of side ef-
fects, and crucial outcomes such as pain reduction and quality of life.

The data generation process was driven by clinical insights and statistical prin-
ciples to ensure the realism and relevance of the simulated data [7]. By manipu-
lating specific parameters and distributions, we created a dataset that mirrored the
diversity and complexity of patient responses to GABAergic and opioid treat-
ments. This approach facilitated a comprehensive analysis of the potential benefits

and risks associated with each treatment modality.

2.1.2. Preprocessing

Before applying machine learning models, the synthetic dataset underwent a se-

ries of preprocessing steps designed to enhance model performance and ensure

the integrity of the analysis:

e Categorical Variables Encoding: Key categorical variables, such as Gender,
Medical History, and Drug Type, were converted into binary indicators using
one-hot encoding [8]. This transformation allowed the machine learning algo-
rithms to process categorical data effectively, ensuring that the distinctions be-
tween different categories, such as male versus female or opioid versus GA-
BAergic, were adequately represented in the models.

e Feature Engineering: To capture the complex relationships inherent in the
data, advanced feature engineering techniques were employed. Interaction
terms were created to explore how combinations of variables, such as age and
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dosage, jointly influence treatment outcomes. Additionally, non-linear trans-
formations were applied to certain variables to better reflect their real-world
behavior, such as the potential diminishing returns of increasing dosages on
pain reduction [9].

e Scaling: Continuous variables, including age, dosage, and treatment duration,
were standardized to a common scale. This process involved adjusting the
mean and variance of these variables, which is particularly important for ma-
chine learning models that rely on distance metrics or gradient-based optimi-
zation [10]. Standardization ensured that no single variable disproportionately

influenced the model outcomes due to differences in scale [11].

2.2. Feature Selection

Feature selection was a critical step in the model development process, guided by
both clinical relevance and statistical significance [12]. The selection process fo-
cused on identifying variables that were most likely to impact the primary out-
comes of interest—pain reduction and quality of life. By prioritizing features with
established clinical importance, such as patient age, drug type, dosage, and treat-
ment duration, the models were better positioned to capture the true drivers of
treatment efficacy [13]. Additionally, the selection process considered the poten-
tial for interaction effects and non-linear relationships, ensuring that the models

were equipped to analyse complex patterns in the data [14].

2.3. Model Selection and Training

To predict the outcomes of pain reduction and quality of life, we employed a di-
verse array of machine learning models, each selected for its strengths in handling
complex, high-dimensional data:

¢ Random Forest: The Random Forest model was chosen for its robustness and
ability to handle a large number of features without overfitting [15]. This en-
semble method constructs multiple decision trees during training and com-
bines their outputs to improve predictive accuracy [16]. Random Forests are
particularly well-suited for datasets with a mix of categorical and continuous
variables, as well as for providing insights into feature importance [17].

¢ Gradient Boosting: Gradient Boosting was selected for its capacity to itera-
tively improve model performance. This algorithm builds models sequentially,
with each new model focusing on correcting the errors of the previous ones
[18]. By minimizing residual errors at each step, Gradient Boosting is capable
of producing highly accurate predictions, making it ideal for complex, non-
linear relationships in the data [19].

e Stacking: To leverage the strengths of multiple machine learning models, we
employed a Stacking approach. This technique involves training several base
models (such as Random Forest and Gradient Boosting) and then using their
predictions as inputs to a meta-model [20]. The meta-model, typically a sim-
pler model like logistic regression, learns to combine the base model predic-

tions in a way that enhances overall predictive accuracy [21]. Stacking allows
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us to capitalize on the complementary strengths of different algorithms, lead-

ing to more robust and accurate predictions [22].

2.4 Model Evaluation

The effectiveness of the machine learning models was rigorously evaluated using
cross-validation techniques. Cross-validation involves splitting the dataset into
multiple subsets, training the model on a combination of these subsets, and testing
it on the remaining portion [23]. This process is repeated multiple times to ensure
that the model’s performance is not dependent on a particular data split. Cross-
validation provides a more reliable estimate of model performance by assessing

its ability to generalize to unseen data [24].

We used a range of evaluation metrics to assess the performance of the models:

e Accuracy: Measures the proportion of correct predictions among all predic-
tions [25].

e DPrecision: Assesses the proportion of true positive predictions out of all posi-
tive predictions, indicating the model’s ability to correctly identify positive
outcomes [26].

¢ Recall: Evaluates the proportion of true positives that were correctly identified
out of all actual positives, reflecting the model’s sensitivity [27].

e Fl1-Score: Provides a balanced measure of precision and recall, useful in cases
where there is an uneven class distribution [28].

e AUC (Area Under the Curve): Specifically for classification models, AUC
measures the ability of the model to distinguish between classes across various
thresholds, with higher values indicating better performance [29].

These metrics were chosen to provide a comprehensive understanding of the
model’s strengths and weaknesses, ensuring that the predictions were both accu-

rate and reliable across different scenarios.

2.5. Interpretability

To ensure that the machine learning models’ predictions were interpretable and
could be meaningfully applied in clinical settings, SHAP (SHapley Additive ex-
Planations) was utilized [30]. SHAP is a powerful tool for explaining the output
of machine learning models by quantifying the contribution of each feature to a
particular prediction [31]. This approach provides a clear and intuitive explana-
tion of how different factors, such as dosage or patient age, influence the predicted
outcomes. By using SHAP, we were able to identify the most influential features
driving the model’s predictions, offering insights that are critical for clinical deci-
sion-making [32]. This interpretability is essential for translating the results of the
analysis into actionable recommendations for patient care, ensuring that the find-

ings can directly inform treatment strategies and improve patient outcomes [33].

2.6. Maintaining the Integrity of the Specifications

The template is used to format your paper and style the text. All margins, column

DOI: 10.4236/0alib.1112388

5 Open Access Library Journal


https://doi.org/10.4236/oalib.1112388

R. de Filippis, A. Al Foysal

widths, line spaces, and text fonts are prescribed; please do not alter them. You
may note peculiarities. For example, the head margin in this template measures
proportionately more than is customary. This measurement and others are delib-
erate, using specifications that anticipate your paper as one part of the entire jour-
nals, and not as an independent document. Please do not revise any of the current

designations.

3. Theoretical and Mathematical Framework

3.1. Data Simulation

To create a realistic synthetic dataset that accurately reflects the variability and
complexity of real-world clinical data, we employed mathematical models and sta-
tistical distributions to simulate patient demographics and treatment outcomes
[34]. The following equations and distributions describe the process used to gen-

erate key variables in the dataset.

3.1.1. Equation for Synthetic Data Generation
The synthetic data was designed to capture essential patient characteristics and
treatment outcomes using the following distributions:
e Age Simulation:

The age of the patients was simulated using a normal (Gaussian) distribution,
which is commonly used to model continuous data that clusters around a mean
value [35]:

Age ~ N(50,15)

where N (,u,az) represents a normal distribution with mean x#=50 and
o’ =225.
®  n, =50 represents the mean age of the patients in the dataset.
® 0Op, =15 represents the standard deviation, capturing the variation in patient
ages.
This distribution was chosen to reflect the typical age range of patients receiving
chronic pain treatment, centered around a mean of 50 years, with a reasonable

spread to encompass a wide age range.

3.1.2. Dosage Simulation
The dosage of the medications prescribed to patients was also simulated using a

normal distribution [36]:

Dosage ~ N (5.0,2.02)

where the mean dosage is 5.0 mg and the standard deviation is 2.0 mg.
® Uy =5.0 represents the average dosage in milligrams (mg) administered
to patients.

®  Opguge = 2.0 reflects the standard deviation, accounting for variability in the
dosage prescribed based on patient needs and clinical judgment.

This simulation assumes that dosages are normally distributed around a typical
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value, with most patients receiving dosages close to the mean and fewer patients

receiving much higher or lower doses.

3.1.3. Treatment Duration Simulation
The length of time over which patients received their treatment was simulated as

follows:

Treatment Duration ~ N (30,602)

where the mean dosage is 5.0 mg and the standard deviation is 2.0 mg.
®  Upuaion =30 days represents the average duration of treatment.
®  Opyaiion =00 days accounts for the wide variability in treatment durations,
reflecting both short-term and long-term therapy.
This broad distribution captures the diversity of treatment plans, from brief in-

terventions to extended courses of therapy.

3.1.4. Side Effects Simulation
The occurrence of side effects was modelled using a Poisson distribution, which
is appropriate for counting the number of occurrences of an event (side effects)

over a fixed period [37]:
Side Effects ~ Poisson (2)

where side effects are modelled using a Poisson distribution with A = 2.
The Poisson distribution was selected because it models the likelihood of a
given number of side effects occurring over a treatment period, with most patients

experiencing a small number of side effects and fewer patients experiencing many.

3.1.5. Outcome (Pain Reduction)
The pain reduction outcome is modelled as a linear combination of various fac-
tors:

Pain Reduction =50+10x1 —5x Side Effects + 0.5x Age +¢

Drug Type=0Opioid

where e~ N (0,52) represents the error term.
This equation models pain reduction as a function of drug type, side effects,
and age, with opioids generally providing more pain relief but with a trade-off in

terms of side effects.

3.1.6. Preprocessing

The preprocessing steps were crucial in preparing the synthetic data for effective

analysis by machine learning models [38]. These steps ensured that the data was

in a suitable format and scale, enabling the models to learn from the data accu-
rately and efficiently.

e Encoding Categorical Variables: To convert categorical variables into a nu-
merical format that machine learning algorithms can process, the variables
Gender, Medical History, and Drug Type were transformed using one-hot en-
coding [39]. This technique creates binary columns for each category within a

variable. For example, the Gender variable was split into two columns: one
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representing male and the other representing female. Similarly, Medical His-
tory and Drug Type were encoded to reflect their respective categories [40].
This encoding method preserves the categorical information while allowing
the models to treat these variables numerically.

¢ Interaction Terms: Recognizing that certain features may interact with each
other to influence outcomes, interaction terms were introduced to the dataset.
For instance, the interaction between Age and Dosage was captured through
the creation of an Age*Dosage term, which reflects how the effect of age on the
outcome may vary depending on the dosage level [41]. Another interaction
term, Dosage*Side Effects, was created to account for the possibility that the
impact of dosage on outcomes is modified by the presence and severity of side
effects [42]. These interaction terms enable the models to better capture com-
plex relationships within the data, which may not be apparent when consider-
ing individual features alone.

o Scaling: To ensure that continuous variables such as Age, Dosage, and Treat-
ment Duration were on a comparable scale, they were standardized using z-
scores [43]. This process involved subtracting the mean and dividing by the
standard deviation for each variable, resulting in transformed variables with a
mean of 0 and a standard deviation of 1 [44]. Standardization is particularly
important in machine learning, as it prevents variables with larger scales from
disproportionately influencing the model, ensuring that all features contribute
equally to the learning process [45].

These preprocessing steps collectively enhanced the quality of the dataset, mak-
ing it more suitable for machine learning analysis and helping to improve the ac-

curacy and reliability of the resulting models.

3.2. Feature Engineering

In the context of this study, feature engineering was employed to enhance the da-
taset by creating new features that could capture more complex relationships be-
tween variables and outcomes [46]. The goal was to improve the predictive power
of the machine learning models by incorporating non-linear effects, interactions
between variables, and transformations that better reflect the underlying data dis-
tribution.

e Age Squared (Age?):
Age” = Age x Age

Explanation: The squared term of age was introduced to capture non-linear
effects of age on the outcomes, such as pain reduction and quality of life. In many
cases, the relationship between age and health outcomes is not linear; for example,
the impact of age on treatment efficacy may increase or decrease at different rates
as patients grow older [47]. By including the Age® term, the models are better
equipped to detect and account for these non-linearities, potentially leading to
more accurate predictions.

¢ Dosage and Side Effects Interaction:
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Dosage x Side Effects

Explanation: This interaction term was created to explore how the combina-
tion of dosage and side effects might influence treatment outcomes. The rationale
behind this feature is that the effect of dosage on pain reduction or quality of life
may be significantly modulated by the presence and severity of side effects [48].
For instance, higher dosages might be more effective in reducing pain but could
also increase the likelihood of adverse side effects, which in turn could reduce
overall quality of life [49]. By including this interaction term, the models can more
accurately capture the trade-offs between dosage and side effects.

¢ Log Transformation of Dosage:

log(Dosage)

Explanation: The logarithmic transformation of the dosage variable was ap-
plied to reduce skewness in its distribution. Dosage data often exhibit a right-
skewed distribution, where a small number of patients receive very high doses
while most receive moderate doses [50]. By applying the logarithmic transfor-
mation, the dosage values are compressed, which reduces the influence of extreme
values and makes the data more normally distributed [51]. This transformation is
particularly useful in regression models, as it stabilizes variance and leads to better

model performance.

3.3. Machine Learning Models

Several machine learning models were employed in this study to predict treatment
outcomes. Each model was chosen for its unique strengths and ability to handle
the complexities of the dataset.

e Random Forest:

" 1 Nirees
y= Z T ( X )
trees i=1

Explanation: The Random Forest model is an ensemble learning method that
combines the predictions of multiple decision trees to produce a final prediction
[52]. Each tree in the forest is trained on a random subset of the data and features,
reducing overfitting and improving generalization [53]. The final prediction is
obtained by averaging the predictions of all the trees (in the case of regression) or
by taking a majority vote (in classification) [54]. This method is particularly ro-
bust against overfitting and can handle large datasets with many features.

¢ Gradient Boosting:
y(m) _ y,(rnfl) +7-T, (x )

Explanation: Gradient Boosting is another ensemble technique, but unlike
Random Forests, it builds trees sequentially [55]. Each new tree is trained to cor-
rect the errors made by the previous tree, with the aim of reducing the residuals
(the differences between the predicted and actual values). The parameter n repre-

sents the learning rate, which controls the contribution of each tree to the final
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prediction. Gradient Boosting is known for its high accuracy, particularly in cases
where small improvements can be compounded over many iterations to signifi-
cantly enhance model performance [56].

e Stacking:

9stack = meta(fl(X)’ fZ(X)"“’ fu (X))

Explanation: Stacking is an advanced ensemble method where multiple base
models (e.g., Random Forest, Gradient Boosting) are combined through a meta-
model [57]. The base models first make predictions independently, and these pre-
dictions are then used as inputs to the meta-model, which makes the final predic-
tion. The meta-model is typically a simpler model like logistic regression or a lin-
ear model, and it learns how to best combine the outputs of the base models to
improve overall predictive accuracy [58]. Stacking leverages the strengths of dif-

ferent models, often leading to better performance than any single model [59].

3.4. Model Performance Metrics

To evaluate the effectiveness of the machine learning models, several performance
metrics were used. These metrics provide a comprehensive understanding of how
well the models predict treatment outcomes and handle classification tasks.

o Confusion Matrix:

True Positives(TP)  False Positives(FP)
False Negatives(FN) True Negatives(TN)

Explanation: The confusion matrix is a fundamental tool in evaluating the per-
formance of a classification model [60]. It provides a breakdown of the model’s
predictions into four categories: True Positives (TP), True Negatives (TN), False
Positives (FP), and False Negatives (FN) [61]. These values help in calculating
other important metrics such as precision, recall, and accuracy, and they provide
insight into how well the model distinguishes between different classes.
¢ ROC Curve and AUC:

AUC = [ TPR(FPR)d(FPR)

Explanation: The Receiver Operating Characteristic (ROC) curve plots the
True Positive Rate (TPR) against the False Positive Rate (FPR) at various thresh-
old settings [62]. The Area Under the Curve (AUC) is a single value that summa-
rizes the model’s ability to distinguish between positive and negative classes [63].
An AUC value of 1 indicates perfect classification, while an AUC of 0.5 suggests
that the model performs no better than random guessing [64]. The ROC curve
and AUC are particularly useful for evaluating models in situations where class

distributions are imbalanced [65].

3.5. SHAP Analysis

To interpret the predictions made by the machine learning models, SHAP (SHapley

Additive exPlanations) values were calculated. SHAP provides a way to explain
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individual predictions by attributing them to contributions from each feature [66].
[S[*(p - [s|-1)
h= T S, [f(su{x})-1(s)]

Explanation: The SHAP value ¢; represents the contribution of feature x;
to the prediction for a particular data point. SHAP values are based on cooperative
game theory, where the idea is to fairly distribute the “payout” (the prediction)
among all the features (players) based on their contributions. The formula above
calculates the SHAP value by considering all possible subsets S of features exclud-
ing X; and computing the marginal contribution of X; to the prediction. SHAP
values provide a consistent and interpretable way to explain the impact of each
feature on the model’s output, making them invaluable for understanding model
behavior in complex datasets [67].

3.6. Statistical Tests and Validation

Cross-validation techniques were employed to ensure that the machine learning
models were generalizable and not overfitted to the training data [68]. This pro-
cess involved repeatedly splitting the data into training and validation sets and

assessing the model’s performance across these splits.

Cross — Validation Accuracy = %Zk: Accuracy,
i1
Explanation: Cross-validation is a technique used to evaluate the robustness of a
machine learning model. The dataset is divided into k subsets (folds), and the model
is trained on k& — 1 folds while being tested on the remaining fold. This process is
repeated k times, with each fold being used as the test set exactly once. The cross-
validation accuracy is then calculated as the average accuracy across all folds. This
method provides a reliable estimate of the model’s performance on unseen data and

helps in selecting the best model parameters by avoiding overfitting [69].

4. Results

The results of this study are presented through a series of figures and analyses,
each illustrating different aspects of the machine learning models and their appli-
cation to the synthetic dataset. These results provide insights into feature im-
portance, patient clustering, correlations among variables, and the performance

of the models in predicting pain reduction and quality of life.

4.1. Feature Importance

Description: The bar chart presented in Figure 1 illustrates the relative im-
portance of each feature as determined by the Gradient Boosting model. Notably,
features such as Drug_Type_Opioid and Age_Squared emerge as the most influ-
ential in predicting the outcomes of interest. This suggests that both the type of
drug administered and the non-linear effects of age play critical roles in determin-

ing patient responses to treatment.
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Drug_Type_Opioid
Age_Squared
Side_Effects

Age
Duration_SideEffect_Interaction
Age_Dosage_|Interaction
Treatment_Duration
Dosage

Log_Dosage
Medical_History_Severe
Medical_History_None
Gender_Male

Cognitive_impairment

0.00 0.05 0.10 0.15 0.20 025 0.30
Feature Importance

Figure 1. Feature importance from gradient boosting.

4.2. Clustering Analysis

Description: Figure 2 depicts a scatter plot derived from Principal Component
Analysis (PCA), which visualizes clusters of patients based on treatment outcomes
and demographic variables. This clustering analysis reveals how different patient
groups respond to treatment, with clusters potentially indicating distinct response

profiles that could inform personalized treatment strategies [70].
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Figure 2. Clusters of patients based on PCA.

4.3. Correlation Analysis

Description: The heatmap displayed in Figure 3 shows the correlation matrix of
the key variables in the dataset. Notably, Pain Reduction exhibits a strong pos-

itive correlation with Drug_Type_Opioid, indicating that opioid treatments are
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generally more effective in reducing pain compared to GABAergics [71]. This ma-

trix helps in understanding the relationships between different variables, guiding

further analysis and model interpretation.
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Figure 3. Correlation matrix.

4.4. Quality of Life Analysis
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Description: Figure 4 presents a boxplot that illustrates the distribution of qual-

ity-of-life scores across patients with and without cognitive impairment. This

analysis highlights the impact of cognitive impairment on overall quality of life,

with noticeable differences in the distribution of scores between the two groups.

Such insights are crucial for understanding the broader effects of treatment be-

yond just pain reduction.
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Figure 4. Quality of life distribution by cognitive impairment.
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4.5. Model Performance

4.5.1. Pain Reduction

Description: Figure 5 displays the confusion matrix for the pain reduction model,
which provides a detailed breakdown of the model’s predictions. It shows the
number of correct and incorrect predictions across both classes—those who ex-
perienced significant pain reduction and those who did not. This matrix is essen-
tial for evaluating the accuracy and reliability of the model in predicting pain re-

duction outcomes.
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Figure 5. Confusion matrix for pain reduction.

Description: The Receiver Operating Characteristic (ROC) curve depicted in
Figure 6 represents the trade-off between the true positive rate and the false pos-
itive rate for the pain reduction model. The area under the curve (AUC) serves as
a measure of the model’s ability to distinguish between patients who respond to

treatment and those who do not. A higher AUC indicates a stronger model per-

formance.
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Figure 6. ROc curve for pain reduction.
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4.5.2. Quality of Life

Description: The confusion matrix for the quality-of-life model is presented in
Figure 7, showing the distribution of correct and incorrect predictions for patients
with different quality of life outcomes. This matrix is a critical tool for assessing

how well the model predicts the overall well-being of patients following treatment.
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Figure 7. Confusion matrix for quality of life.

Description: Figure 8 features the ROC curve for the quality-of-life model,
demonstrating its effectiveness in distinguishing between different levels of pa-
tient well-being. The AUC value, which is close to 1, indicates excellent model
performance, suggesting that the model is highly accurate in predicting quality of

life outcomes [72].
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Figure 8. ROC curve for quality of life.

4.6. SHAP Analysis

4.6.1. SHAP Summary Plot
Description: The SHAP summary plot in Figure 9 provides a global view of fea-

ture importance across all predictions made by the model. The plot shows the
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impact of each feature on the model’s output, with color coding to represent the

feature values (high or low). This analysis is critic
influential factors driving the model’s predictions

decisions are interpretable.
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Figure 9. SHAP summary plot.

4.6.2. SHAP Dependence Plot for Age

Description: Figure 10 presents the SHAP dependence plot for age, which shows

how changes in age affect the model predictions.

The plot also includes side ef-

fects, color-coded to illustrate interactions between age and side effects in deter-
mining treatment outcomes. This analysis helps to identify how specific variables

influence model predictions and can guide personalized treatment strategies.
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Figure 10. SHAP dependence plot for age.
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4.7. Descriptive Statistics

Description: Table 1 provides a summary of key statistical measures—mean,
standard deviation, minimum, and maximum values—for the main features in the
dataset. This descriptive overview helps to understand the distribution and range
of values across different variables, offering insights into the dataset’s composition

and variability.

Table 1. Descriptive statistics of the dataset.

Standard Minimum  Maximum
Feature Mean Lo K
Deviation (Std Dev) (Min) (Max)
Age 45.32 10.67 18 90
Dosage (mg) 6.18 1.50 0.5 10
Treatment Duration
38.96 15.32 1 365
(days)
Side Effects (count) 2.00 1.00 0 4
Pain Reduction (%) 61.25 15.67 12.44 88.20
Cognitive Impairment
Rk 0.50 0.50 0 1
(binary)
Quality of Life (%) 88.20 10.12 36.79 100.0

5. Discussion

This study provides significant insights into the comparative effectiveness of GA-
BAergic and opioid medications in chronic pain management. The use of machine
learning models, particularly Gradient Boosting and Random Forest, enabled a ro-
bust analysis of the complex relationships between patient characteristics, treatment
types, and outcomes such as pain reduction and quality of life [73]. The SHAP anal-
ysis, in particular, allowed for an interpretable evaluation of the most influential fac-
tors in treatment responses, such as dosage, drug type, and age. The findings indi-
cate that while opioids are more potent in reducing pain, their use is associated with
a higher incidence of side effects, such as addiction, tolerance, and cognitive impair-
ment [74]. These results are consistent with existing literature that emphasizes the
risks of opioid treatment, particularly in long-term use. On the other hand, GA-
BAergic medications, although generally less effective in severe pain cases, offer a
more favorable safety profile. This aligns with studies that support GABAergics as
safer alternatives, particularly for patients at higher risk of opioid-related complica-
tions. However, their limited efficacy in treating more severe forms of chronic pain
remains a critical consideration for clinicians. The study’s use of synthetic data pro-
vides a novel approach to overcoming some of the limitations inherent in real-world
clinical datasets, such as selection bias and variability in patient populations. Syn-
thetic data allows for controlled experimentation, ensuring that diverse patient re-

sponses can be systematically explored. However, it is important to acknowledge
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that synthetic data, while useful for simulating real-world conditions, may not fully
capture the complexities of actual patient experiences [75]. Therefore, the generali-
zability of these findings requires further validation through real-world clinical data.
A key contribution of this research is the demonstration of how machine learning
can be applied to chronic pain management to inform personalized treatment strat-
egies. SHAP analysis highlighted the critical role of factors such as drug type, dosage,
and patient age, underscoring the need for individualized treatment plans. For ex-
ample, younger patients or those receiving higher opioid doses may be more sus-
ceptible to adverse side effects, suggesting that personalized dosing regimens could
help mitigate these risks. Such findings support the growing emphasis on personal-
ized medicine in chronic pain management, where treatment can be tailored based
on patient-specific characteristics and risk factors. Moreover, this study contributes
to the ongoing debate surrounding the opioid crisis by providing a more nuanced
understanding of when opioids should be prescribed. While the study confirms opi-
oids’ superior pain-relieving capacity, it also reinforces the need for caution, partic-
ularly in populations vulnerable to side effects and addiction. The results advocate
for a balanced approach to opioid use, where the benefits of pain relief are weighed
carefully against the risks, and GABAergics or other alternatives are considered
where appropriate. Despite these contributions, the study is not without limitations.
As mentioned, the reliance on synthetic data, although advantageous for controlled
analysis, limits the ability to fully replicate real-world complexities [76]. Addition-
ally, the study focuses exclusively on pharmacological treatments, whereas non-
pharmacological interventions, such as physical therapy or cognitive-behavioral
therapy, could offer valuable complementary approaches to chronic pain manage-
ment. Future research should aim to validate these findings using real-world clinical
data and expand the scope to include a broader range of treatment modalities.

In summary, this study enhances the understanding of how GABAergic and
opioid medications perform in chronic pain management and provides actionable
insights for clinical practice. By leveraging machine learning models, this research
highlights the potential for personalized treatment strategies that optimize pain
relief while minimizing adverse effects. Future studies should build on these find-
ings by incorporating diverse patient populations and exploring the integration of
pharmacological and non-pharmacological treatments for a more holistic ap-

proach to chronic pain management.

6. Conclusion

This study presents a data-driven comparison of GABAergic and opioid medica-
tions in the management of chronic pain, leveraging synthetic patient data and
advanced machine learning models. By utilizing Random Forest, Gradient Boost-
ing, and Stacking models, combined with SHAP analysis, we have provided a
comprehensive evaluation of the effectiveness and safety profiles of these two drug
classes. The results demonstrate that while opioids offer superior pain relief, they

are associated with a higher risk of side effects, including addiction and cognitive
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impairment. On the other hand, GABAergics, though generally safer, may not be
as potent in managing severe pain but offer a more favorable safety profile, par-
ticularly for patients at higher risk of adverse effects from opioids [77]. The study
highlights the potential of machine learning in informing clinical decision-mak-
ing, particularly in the context of personalized medicine. SHAP analysis has
proven valuable in interpreting model predictions and identifying key factors such
as drug type, dosage, and patient age that influence treatment outcomes. This in-
sight enables healthcare providers to tailor treatment plans more effectively, bal-
ancing the need for pain relief with the risk of side effects. Despite the strengths
of this study, it is important to acknowledge its limitations. The use of synthetic
data, while beneficial for controlled experimentation, may not fully capture the
complexities of real-world clinical scenarios. Future research should focus on val-
idating these findings with real-world data to ensure broader applicability. Addi-
tionally, exploring non-pharmacological interventions and alternative treatments
beyond GABAergics and opioids could provide a more holistic understanding of
chronic pain management options [78]. This research underscores the value of
machine learning in chronic pain management and opens new avenues for per-
sonalized treatment strategies. By bridging the gap between efficacy and safety,
this study contributes to a more nuanced understanding of pharmacological in-
terventions in chronic pain, particularly as healthcare systems continue to grapple
with the long-term consequences of opioid use [79]. Future studies should aim to
incorporate more diverse patient populations and treatment modalities to further

refine pain management practices.
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