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Abstract

Elderly individuals undergoing long-term neuroleptic therapy are increasingly
vulnerable to cognitive decline, a condition that significantly impairs quality of
life and increases healthcare burden. One contributing factor is the cumulative
anticholinergic burden from prescribed antipsychotic medications. This study
aims to explore the relationship between anticholinergic load and cognitive
impairment in aging patients using an interpretable machine learning frame-
work. We developed a synthetic dataset of 1000 geriatric patient profiles with
realistic distributions of clinical and demographic features, including age,
comorbidity count, treatment duration, medication load, and baseline cogni-
tive status. The binary target variable represented observed cognitive decline.
Our approach involved robust preprocessing through KNN imputation, fea-
ture scaling, and one-hot encoding, followed by oversampling of the minority
class using SMOTE. We trained and evaluated three predictive models—Ran-
dom Forest, XGBoost, and Logistic Regression—using stratified cross-valida-
tion and hyperparameter tuning. Logistic regression outperformed the ensem-
ble and tree-based models, achieving the highest ROC AUC of 0.702 on the test
set. Feature importance analysis identified anticholinergic burden, age, and
vascular disease as leading contributors to cognitive decline. Furthermore,
SHAP (SHapley Additive exPlanations) values offered interpretable insights
into individual prediction dynamics and global feature relevance. Logistic Re-
gression outperformed XGBoost and Random Forest, achieving an ROC AUC
improvement of +0.035 and +0.037 respectively, highlighting its superior dis-
crimination capability in this setting. The findings validate the hypothesis
that increased anticholinergic burden elevates cognitive risk and underscore
the utility of transparent Al tools in medical decision-making. These results
pave the way for integrating explainable machine learning into geriatric
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pharmacovigilance and cognitive health monitoring, with the potential to in-
form personalized treatment strategies and reduce adverse neurocognitive out-
comes in vulnerable populations.
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1. Introduction

Cognitive decline is a prevalent concern in elderly populations, particularly
among those receiving long-term neuroleptic (antipsychotic) therapy [1]-[4]. Sev-
eral studies have documented the cognitive risks associated with anticholinergic
drug use, especially in geriatric cohorts receiving long-term neuroleptic therapy.
For instance, Carriére et al. (2009) and Green ef al. (2019) demonstrated a strong
dose-response relationship between anticholinergic load and memory impair-
ment. However, prior works often lack predictive frameworks that incorporate
multiple interacting clinical factors, a gap this study aims to address using ma-
chine learning. Neuroleptics, while effective for managing psychiatric and behav-
ioural disorders such as schizophrenia, bipolar disorder, and dementia-related ag-
itation, are frequently associated with anticholinergic side effects [5]-[8]. These
effects stem from the ability of certain medications to block acetylcholine, a neu-
rotransmitter essential for memory, attention, and executive functioning [9]-[12].
The cumulative impact of such drugs—referred to as anticholinergic burden—has
been strongly correlated with the onset and progression of cognitive impairment,
especially in older adults with existing vulnerabilities [13]-[17]. As the aging pop-
ulation increasingly experiences polypharmacy, the challenge of quantifying and
mitigating cognitive risks associated with multiple drug classes becomes more
complex [18]-[22]. Traditional statistical models and clinical scoring systems may
overlook intricate interactions between medications, comorbidities, and patient-
specific factors [23]-[26]. Moreover, these methods often assume linear relation-
ships and fail to adapt to diverse, high-dimensional healthcare data [27]-[31]. To
address these limitations, this study introduces a machine learning (ML)-driven
analytical framework that combines predictive modelling with explainable artifi-
cial intelligence (XAI) techniques [32]-[35]. Specifically, we investigate how the
anticholinergic burden, in conjunction with other clinical features such as age,
comorbidity count, medication load, and neuroleptic type, contributes to the
probability of cognitive decline in elderly individuals. Using a rigorously con-

structed synthetic dataset reflecting realistic clinical distributions, we evaluate
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multiple ML models and apply SHAP (SHapley Additive exPlanations) to inter-
pret their behaviour. Our goal is not only to enhance predictive accuracy but also
to ensure transparency in how individual features influence model output—an
essential step toward clinical trust and adoption. Ultimately, this work aims to
support early identification of at-risk individuals and inform safer prescribing

practices for elderly patients undergoing neuroleptic therapy.

2. Methodology

2.1. Dataset Generation

To conduct a controlled yet meaningful analysis, we developed a synthetic dataset
that closely mimics the clinical characteristics of elderly patients undergoing long-
term neuroleptic therapy. The decision to use synthetic data was driven by the
need to simulate a sufficiently large and diverse population while maintaining
control over variable distributions and minimizing potential privacy concerns as-
sociated with real-world health records [36]-[39]. The dataset consists of 1000 in-
dividual patient profiles, each representing a unique case with multiple clinical
and demographic variables. The simulation process was guided by published epi-
demiological data and clinical expertise to ensure that the generated distributions
align with realistic geriatric populations [40]-[44].
The core variables were generated as follows:

e Age: Sampled from a normal distribution cantered around 75 years with a
standard deviation of 8, then truncated to fall within the 65 to 100-year range.
This reflects the typical age spectrum for older adults on antipsychotic treat-
ment and captures both younger seniors and the oldest-old demographic.

¢ Anticholinergic Burden: Modelled using a gamma distribution, which effec-
tively captures the skewed nature of medication exposure due to polyphar-
macy. Most patients carry a moderate burden, while a smaller subset exhibits
disproportionately high levels—mirroring real clinical scenarios where some
elderly individuals are prescribed multiple high-risk medications.

e Cognitive Decline: This was engineered as a binary classification target (0 =
No Decline, 1 = Decline) based on a logistic regression-based probability func-
tion. The function incorporated age, anticholinergic burden, comorbidity
count, neuroleptic class, vascular disease, depression diagnosis, and medica-
tion count as inputs. Coefficients were selected based on existing literature and
clinical hypotheses, thereby ensuring that the simulated label generation re-
mained biologically and clinically plausible.

This structured and clinically informed synthetic dataset serves as a robust
foundation for downstream machine learning tasks, enabling us to evaluate model
performance, feature importance, and risk stratification strategies in a reproduc-

ible and scalable manner.

2.2. Features and Target Variable

The dataset was designed to capture a broad spectrum of clinical and demographic
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attributes that could influence the risk of cognitive decline in elderly patients un-
dergoing neuroleptic therapy. These attributes were categorized into numeric
(continuous) and categorical (discrete) variables to facilitate appropriate prepro-
cessing, feature engineering, and model interpretation.

Numeric Features

1) Age: Measured in years, this variable reflects the biological aging of the pa-
tient. Given its well-documented role in neurodegeneration and vulnerability to
medication side effects, age was treated as a continuous variable ranging from 65
to 100.

2) Anticholinergic Burden: A cumulative score representing the total anticho-
linergic load from prescribed medications. Higher values suggest greater interfer-
ence with cholinergic neurotransmission, which is closely linked to cognitive per-
formance.

3) Baseline MMSE (Mini-Mental State Examination): A widely accepted
quantitative measure of cognitive function at the start of therapy. Scores range
from 0 to 30, with lower scores indicating greater impairment. This feature acts as
a proxy for cognitive reserve.

4) Treatment Duration (Years): Represents the length of time the patient has
been on neuroleptic medications. Chronic exposure may amplify the neurocogni-
tive risks posed by antipsychotic agents.

5) Comorbidity Count: Indicates the number of coexisting medical conditions,
such as diabetes, hypertension, or chronic kidney disease. This variable reflects
overall health complexity and frailty.

6) Medication Count: Captures the total number of medications being taken,
offering a direct measure of polypharmacy. It is also indirectly related to anticho-
linergic burden and adverse drug interactions.

Categorical Features

1) Gender: Classified as ‘Male’ or ‘Female’. Gender differences in pharmacoki-
netics and cognitive aging are well-established and were included to observe any
predictive disparities.

2) Neuroleptic Class: Differentiates between Typical (first-generation) and Atyp-
ical (second-generation) antipsychotics. These classes differ in receptor profiles
and anticholinergic properties.

3) Depression Diagnosis: A binary indicator (0 = No, 1 = Yes) showing whether
the patient has a clinically diagnosed depressive disorder. Depression itself is a
known risk factor for cognitive decline.

4) Vascular Disease: Another binary feature representing the presence of cardi-
ovascular or cerebrovascular conditions, which can independently contribute to
neurocognitive impairment.

Target Variable: The target outcome, Cognitive Decline, is a binary classifica-
tion label (0 = No Decline, 1 = Decline) generated using a logistic model that in-
tegrates multiple clinical risk factors. This outcome was chosen to reflect a practi-

cal clinical endpoint, enabling binary prediction tasks suitable for machine
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learning classification models.

2.3. Data Preprocessing

To ensure data quality, consistency, and compatibility with machine learning al-
gorithms, we implemented a robust and modular data preprocessing pipeline.
This pipeline was designed to handle missing values, normalize feature distribu-
tions, encode categorical variables, and address the substantial class imbalance
present in the target variable.
» Imputation
Missing data is a common issue in clinical datasets. To maintain dataset integ-
rity while minimizing bias, we used different imputation strategies based on fea-
ture type:
¢ Numeric Features: For continuous variables such as age, MMSE score, and med-
ication count, we applied K-Nearest Neighbors Imputation (KNNImputer). This
method estimates missing values based on the average of the nearest samples
in feature space, preserving underlying data structure and local variability
[45]-[48].

¢ Categorical Features: For discrete variables like gender or neuroleptic class,
we used mode imputation, replacing missing entries with the most frequently
occurring category. This technique is effective for minimizing distortion in
nominal distributions [49]-[52]. KNN imputation was selected due to its ro-
bustness in preserving local feature structures, which is important in high-di-
mensional clinical datasets. Mode imputation for categorical features main-
tains the most representative category. Alternative methods, including mean
and MICE imputation, were explored, but KNN showed better alignment with
feature variability in our synthetic data pilot runs.

> Normalization

After imputation, all numeric features were scaled using StandardScaler, which
transforms each variable to have zero mean and unit variance. This is critical for
algorithms such as logistic regression and distance-based models that are sensitive
to feature magnitude. Normalization ensures that variables like age and anticho-
linergic burden contribute proportionally to the model during training.

»Encoding

Categorical variables (e.g., gender, neuroleptic class) were processed using
OneHotEncoder, which converts each category into a binary vector representa-
tion. This technique prevents algorithms from assuming ordinal relationships be-
tween categories and enables fair model treatment of all categorical classes.
> Resampling (Class Imbalance Handling)

Given the low prevalence of cognitive decline in the dataset (~10%), we applied
Synthetic Minority Over-sampling Technique (SMOTE). This algorithm gener-
ates synthetic samples from the minority class by interpolating between existing
examples, thereby improving the classifier’s ability to learn rare-event patterns

without duplicating existing instances.

DOI: 10.4236/0alib.1113511

5 Open Access Library Journal


https://doi.org/10.4236/oalib.1113511

R. de Filippis, A. Al Foysal

2.4. Model Development and Optimization

To predict the likelihood of cognitive decline in elderly patients undergoing neu-
roleptic therapy, we implemented a structured and comparative machine learning
approach. The goal was to assess both predictive performance and interpretability
across different algorithmic paradigms.

Model Selection

Three supervised classification models were developed within dedicated pipe-
lines, each incorporating the same preprocessing and resampling components for
fair comparison:

1) Logistic Regression: A widely used baseline model, particularly valued in
clinical applications due to its interpretability. It assumes a linear relationship be-
tween features and the log-odds of the target. Despite its simplicity, it performed
the best in this study, achieving a test-set ROC AUC of 0.702.

2) Extreme Gradient Boosting (XGBoost): A powerful tree-based ensemble
model known for its ability to handle nonlinearity, interaction effects, and feature
importance evaluation. This model achieved a ROC AUC of 0.669, offering mod-
erate performance but lower transparency compared to logistic regression.

3) Random Forest: A bagging ensemble of decision trees designed to reduce
overfitting and improve robustness. Though known for strong baseline perfor-
mance across many tasks, it achieved a slightly lower ROC AUC of 0.667 in this
context.

Pipeline Construction

Each model was embedded into a complete scikit-learn pipeline, integrating the
preprocessing steps (as described in Section 2.3), SMOTE-based resampling, and
the respective classifier. This modular design ensured reproducibility, ease of pa-
rameter tuning, and compatibility with cross-validation tools.

Hyperparameter Optimization

For each model, a dedicated GridSearchCV routine was applied using 5-fold
stratified cross-validation to ensure balanced evaluation across both classes. The
search spanned hyperparameters such as regularization strength (logistic regres-
sion), maximum depth and learning rate (XGBoost), and tree complexity settings
(Random Forest).

Ensemble Model: To leverage complementary strengths across models, we
constructed a soft voting ensemble classifier, combining the predictions from the
three trained pipelines. This ensemble aggregated probability outputs and per-
formed class prediction based on the average of model confidences.

Model Selection Criteria: The final model was selected based on mean cross-
validated ROC AUC scores across folds. Logistic regression emerged as the best-
performing and most consistent model, offering both strong discrimination capa-

bility and clinical interpretability—critical features in real-world deployment.

3. Results

This section presents a comprehensive evaluation of model performance, predictive
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behaviour, and feature-level interpretability, focusing on the best-performing
classifier—logistic regression. Each subsection integrates visual diagnostics, per-
formance metrics, and explanatory insights to contextualize the model’s strengths

and limitations.

3.1. Predictive Performance

Out of the three models evaluated—Logistic Regression, XGBoost, and Random

Forest—logistic regression consistently achieved the best discrimination between

patients with and without cognitive decline. The key evaluation metrics on the test

set were:

e Overall Accuracy: 84%, indicating strong general performance across both
classes.

o Precision (Decline): 0.29, suggesting that only 29% of patients predicted to
have cognitive decline were actual decline cases.

e Recall (Decline): 0.33, meaning the model correctly identified 33% of all pa-
tients who truly experienced cognitive decline.

e F1 Score (Decline): 0.31, representing the harmonic mean of precision and re-
call, useful for imbalanced classification tasks.

Despite a strong accuracy score, the relatively low precision and recall for the
minority class (Decline) highlight a key challenge: imbalanced datasets hinder mi-
nority detection, even when advanced techniques like SMOTE are applied. This
underscores the importance of using AUC and class-specific metrics in addition

to global accuracy for healthcare risk modelling [53] [54].

3.2. Confusion Matrix Analysis

Figure 1 illustrates the confusion matrix of the logistic regression classifier. The

matrix indicates excellent performance for the majority class (No Decline), with

Confusion Matrix
200

175

22 150

No Decline

- 125

- 100

-75

18 9
-50

Decline

-25

No Decline Decline

Figure 1. Confusion matrix for logistic regression. each cell represents prediction accuracy
per class.

DOI: 10.4236/0alib.1113511

7 Open Access Library Journal


https://doi.org/10.4236/oalib.1113511

R. de Filippis, A. Al Foysal

a high number of true negatives and low false positives. However, the model’s
sensitivity to cognitive decline (true positives) remains limited, evidenced by a
moderate number of false negatives—instances where high-risk individuals were
misclassified as low-risk. This behaviour reflects the inherent difficulty in captur-
ing rare events when signal separation between classes is weak or masked by over-
lapping feature distributions. From a clinical standpoint, the cost of false nega-
tives—failing to identify high-risk individuals—is notably more consequential
than false positives. This warrants future incorporation of cost-sensitive learning
frameworks to minimize harm. Threshold tuning and reweighting strategies may

also help balance sensitivity and specificity.

3.3.ROC Curve Interpretation

Figure 2 presents the Receiver Operating Characteristic (ROC) curve, a graphical

representation of the trade-off between sensitivity (true positive rate) and 1-spec-

ificity (false positive rate) across classification thresholds.

e The Area Under the Curve (AUC) was 0.68, signifying moderate discrimina-
tive ability.

¢ This value indicates that, on average, the model has a 68% probability of ranking
a randomly selected patient with cognitive decline higher than one without.

Although not exceeding conventional clinical thresholds (e.g., AUC > 0.75),

the curve demonstrates a useful early-warning signal capability, especially at lower

ROC Curve

True Positive Rate (Positive label: 1)

—— Classifier (AUC = 0.68)

0.0
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (Positive label: 1)

Figure 2. ROC Curve of the logistic regression model. The AUC value quantifies overall
classification strength.
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baseline_mmse
treatment_duration_years
comorbidity_count
neuroleptic_class_Atypical
neuroleptic_class_Typical
medication_count
depression_diagnosis_0
depression_diagnosis_1
vascular_disease_0
vascular_disease_1

age

anticholinergic_burden

-0.4

false-positive rates—a valuable feature for screening tools that prioritize safety

and pre-emptive monitoring.

3.4. Logistic Regression Coefficients

Figure 3 showcases the standardized regression coefficients from the logistic
model. This coefficient-based feature importance allows direct interpretability re-
garding both magnitude and direction of influence:

e Anticholinergic Burden had the strongest positive coefficient, solidifying its
role as the most critical contributor to cognitive decline.

e Vascular Disease and Depression Diagnosis were also positively associated,
aligning with known clinical comorbidities that elevate dementia risk.

e Age, interestingly, carried a negative coefficient, which may seem counterin-
tuitive. This could reflect statistical suppression, feature correlation (e.g., age
vs. MMSE), or the synthetic population distribution where younger seniors
with comorbidities might be disproportionately affected.

This linear breakdown offers clear, clinician-friendly insights and supports

practical risk stratification.

Feature Coefficients

| = coefficient

Figure 3. Logistic regression coefficients with directionality. features with positive values increase risk; negative values are protective.

3.5. SHAP Summary Plot: Explainability and Interaction

To further enhance interpretability beyond linear assumptions, we employed

SHAP (SHapley Additive exPlanations)—a game-theory-based approach that quan-

tifies the marginal impact of each feature on individual predictions [55]-[57].
Figure 4 presents the SHAP summary plot:

e The horizontal axis indicates the magnitude and direction of impact on
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prediction probability.

e Each dot represents a patient; its color shows the feature’s value (e.g., red =
high, blue = low).

e Features like anticholinergic burden and age consistently pushed predictions
toward higher risk when values were elevated.

e The spread of SHAP values for comorbidity and depression suggests potential
interaction effects, where context (e.g., co-occurring vascular disease) may
modulate predictive strength.

This plot not only validates the regression coefficients but also uncovers non-
linearities and heterogeneous effects—critical for personalized medicine applica-
tions. Notably, SHAP interaction effects suggested that the impact of comorbidity
count on risk was magnified in patients also diagnosed with vascular disease. Sim-
ilarly, depression diagnosis showed greater predictive weight in patients on high
anticholinergic load, highlighting potential synergy between psychiatric comor-

bidities and pharmacologic risk.

High
anticholinergic_burden m wes |
age - -—-—*‘
medication_count -|||I|||n-
vascular_disease_1 I I
vascular_disease_0 I |
comorbidity_count oo} l | l °
depression_diagnosis_1 l ] §
depression_diagnosis_0 I ] :%
baseline_mmse ’ £
treatment_duration_years -—4
neuroleptic_class_Typical I ]
neuroleptic_class_Atypical I '
gender_Male '
gender_Female '
Low

-15 -10 -05 0.0 05 1.0 15 20
SHAP value (impact on model output)

Figure 4. SHAP Summary Plot illustrating feature contributions across the dataset. Larger
values indicate stronger influence on model output.

4. Discussion

This study provides compelling evidence that anticholinergic burden repre-
sents a clinically significant and quantifiable risk factor for cognitive decline in
elderly patients receiving long-term neuroleptic therapy. Through the applica-

tion of machine learning and interpretable AI methods, we were able to identify
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anticholinergic load, vascular comorbidities, and affective disorders (e.g., depres-
sion) as prominent contributors to cognitive vulnerability in this high-risk popu-
lation [58] [59]. One of the most striking findings was the superior performance
of logistic regression compared to more complex models such as Random Forest
and XGBoost. This suggests that the underlying relationship between the selected
features and cognitive decline may be predominantly linear, particularly when
data are well-pre-processed and feature distributions are normalized. Moreover,
the interpretability of logistic regression provides a critical advantage in clinical
decision-making environments where transparency and explainability are para-
mount. The integration of SHAP (SHapley Additive Explanations) further strength-
ened the model’s clinical relevance by offering individualized and global explana-
tions for prediction outcomes. SHAP visualizations revealed consistent direc-
tional effects for key predictors such as anticholinergic burden and age, while also
highlighting nuanced interactions between variables like comorbidity and neuro-
leptic class. These insights align with existing literature on the pharmacological
and pathophysiological mechanisms of cognitive decline, reinforcing the biologi-
cal plausibility of our model outputs [60]-[62].

Despite the promising results, several limitations warrant careful consideration:

1) Synthetic Dataset: While constructed to mimic real-world clinical distribu-
tions, the use of simulated data limits ecological validity. The absence of true bio-
logical variability, temporal trends, and unmeasured confounders restricts gener-
alizability. The choice to use synthetic data was also guided by strict privacy reg-
ulations and the absence of ethically accessible real-world datasets with complete
neurocognitive labels. Nonetheless, the dataset was grounded in epidemiological
and clinical distributions drawn from prior research. Validation against available
cohort statistics from population studies (e.g., MMSE distributions, comorbidity
prevalence) ensured external plausibility.

2) Class Imbalance: Despite the use of SMOTE, the model demonstrated
modest sensitivity (recall) toward the minority class (i.e., patients experiencing
cognitive decline). This limitation underscores the difficulty of detecting rare
but clinically significant outcomes in imbalanced datasets—a challenge that is
amplified in real-world settings where misclassification may delay critical in-
terventions.

3) Feature Set Scope: The current analysis relies on a predefined set of variables,
which, although clinically grounded, may omit important factors such as genetic
predisposition, medication adherence, or neuroimaging biomarkers.

To enhance clinical applicability, future work should validate the proposed
pipeline using real-world EHR data enriched with longitudinal follow-up. Addi-
tionally, incorporating temporal modelling, drug-specific pharmacodynamic pro-
files, and multi-modal data (e.g., imaging, lab tests, cognitive scores over time)
could further improve model robustness and clinical utility. Exploration of cost-
sensitive learning and ensemble techniques tailored for rare events may also help

to improve minority class performance in practical deployments.

DOI: 10.4236/0alib.1113511

11 Open Access Library Journal


https://doi.org/10.4236/oalib.1113511

R. de Filippis, A. Al Foysal

5. Conclusion

This study highlights the potential of machine learning (ML)—particularly inter-
pretable models such as logistic regression—to serve as powerful tools for risk
stratification of cognitive decline in elderly patients undergoing long-term neuro-
leptic therapy. By leveraging clinically meaningful features such as anticholinergic
burden, vascular and psychiatric comorbidities, and medication complexity, the
proposed framework provides a data-driven method for identifying individuals at
elevated risk of neurocognitive deterioration. A key contribution of this work lies
in its commitment to transparency and explainability, which are essential for the
integration of artificial intelligence into real-world clinical practice [63] [64]. The
use of interpretable coefficients and SHAP-based explanations allowed for clear,
intuitive understanding of the relationships between input features and model
predictions. This not only enhances trust among clinicians but also enables tai-
lored patient counselling and personalized treatment adjustments based on model
insights. The findings reinforce a growing body of literature that links cumulative
anticholinergic exposure with adverse cognitive outcomes and demonstrate how
these effects can be captured and quantified using robust analytical techniques.
Despite the synthetic nature of the data, the model effectively replicates known
clinical patterns and offers a scalable approach for broader healthcare implemen-
tation. Future work should focus on validating this framework using real-world
electronic health record (EHR) data, which would allow for the incorporation of
additional variables such as medication dosing, treatment adherence, and longi-
tudinal cognitive assessments. Expanding the model to include drug-specific
pharmacodynamics, temporal progression analysis, and genetic or imaging bi-
omarkers could further enhance its predictive accuracy and clinical impact [65]-
[67]. This study underscores the feasibility and value of explainable machine
learning in supporting early intervention, optimizing pharmacotherapy, and safe-

guarding cognitive health in vulnerable aging populations.
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