Research Article

Journal of Scientific & Technical Research

BIOMEDICAL
>

ISSN: 2574 -1241

DOI: 10.26717/BJSTR.2026.66.010332

Explainable Machine Learning Framework for
Alzheimer’s Disease Risk Stratification and Longitudinal

Elham Khalesi*

Senior Engineer, Iran

Progression Analysis

*Corresponding author: Elham Khalesi, Senior Engineer, Iran

ARTICLE INFO

Received: & July 16, 2026
Published: & August 05,2026

Citation: Elham Khalesi. Explaina-

ABSTRACT

This study proposes an explainable machine learning (ML) framework for Alzheimer’s disease (AD) risk strati-
fication using the OASIS longitudinal dataset. By integrating a Random Forest (RF) classifier with SHAP (SHap-
ley Additive exPlanations) and a novel Alzheimer’s Risk Score (ARS), we achieved high predictive performance
(ROC-AUC = 0.915). Key features such as MMSE, nWBY, and Age were identified as primary drivers of clinical
status. Furthermore, longitudinal analysis revealed that the “Converted” group exhibits significantly higher rates

ble Machine Learning Framework
for Alzheimer’s Disease Risk Stratifi-

of cognitive and structural decline compared to stable clinical groups.

Keywords: Alzheimer’s Disease; Explainable Artificial Intelligence (XAl); Random Forest; SHAP; Risk Stratifica-

tion Longitudinal Analysis; Cognitive Decline

cation and Longitudinal Progression
Analysis. Biomed ] Sci & Tech Res
66(3)-2026. BJSTR. MS.ID.010332.

Brain Volume
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Introduction

Alzheimer’s Disease (AD) remains a leading cause of dementia
worldwide. Early identification of individuals at risk of conversion
from cognitively normal to demented states is crucial for timely clin-
ical intervention, patient counseling, and resource allocation. How-
ever, AD progression is heterogeneous, and conventional diagnostic
approaches often fail to capture subtle, nonlinear interactions among
demographic, cognitive, and neuroimaging variables. Machine learn-
ing offers a powerful framework for modeling complex relationships
in biomedical data [1-6]. Yet, predictive accuracy alone is insufficient
in clinical settings; interpretability is equally important for trust,
transparency, and translational relevance [7]. To address this need,
we propose an explainable ML framework that combines a Random
Forest classifier with SHAP-based interpretation and a rule-informed
Alzheimer’s Risk Score (ARS). In addition, we analyze longitudinal
trajectories of cognitive performance and brain atrophy to character-
ize progression patterns across clinical groups [8-12].

Methods
Dataset and Preprocessing

We utilized the OASIS-2 longitudinal dataset consisting of 150
subjects. Subjects were categorized into three groups:

D Nondemented
D Demented
D Converted

The dataset included demographic, cognitive, and neuroimaging
variables such as Age, EDUC, SES, MMSE, eTIV, nWBV, and ASF [13].
Missing values in selected fields were imputed using median substi-
tution. The clinical group variable was encoded for supervised classi-
fication [14,15-18].
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Model Architecture

A Random Forest model was trained to classify clinical status
[19]. The model’s interpretability was enhanced using SHAP values
and the D-ELL rule-based logic to derive the Alzheimer’s Risk Score
(ARS) [20-23]. The main modeling pipeline consisted of:

1.  Data preprocessing and feature selection

2. Train-test split

3. Random Forest classification

4. ROC-AUC evaluation

5. SHAP-based explanation of feature contributions

6.  ARS computation for risk stratification
Explainability and Risk Scoring

To provide clinically meaningful interpretation, SHAP values were
used to quantify each feature’s contribution to the classification deci-
sion [24-28]. In parallel, a simplified ARS was derived from key bio-
markers and cognitive measures. Higher ARS values indicate greater
estimated risk of dementia or conversion. The score was designed

to emphasize the clinical importance of lower MMSE and reduced
nWBYV, both of which are strongly associated with Alzheimer’s disease
progression.

Results and Discussion
Distribution of Clinical Groups

As shown in Table 1 and Figure 1, the cohort consists of a diverse
clinical population. The dataset is moderately imbalanced, with the
Converted group representing a relatively small subset. Despite this
limitation, the model achieved strong discrimination performance,
suggesting that the selected features capture meaningful disease-re-
lated patterns [29,30].

Table 1: Cohort Demographics and Group Distribution.

Group Number of Subjects Percentage (%)
Nondemented 72 48%
Demented 64 42.70%
Converted 14 9.30%
Total 150 100%
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Figure 1: Distribution of clinical groups in the OASIS longitudinal cohort.
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Classification Performance

The Random Forest classifier achieved a ROC-AUC of 0.915, in-
dicating excellent ability to distinguish among clinical states [31,32].
This performance suggests that a combination of cognitive and struc-
tural brain measures can support effective risk stratification. The re-
sults also indicate that a nonlinear ensemble model is well suited to
this task, likely because it can model interactions between age-related
changes, cognitive decline, and structural atrophy [33] (Table 2).

Table 2: Model Performance Summary.

Metric Value
ROC-AUC 0.915
Model Type Random Forest
Explainability Method SHAP
Risk Scoring Method ARS (D-ELL logic)
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Figure 2: Mean MMSE trajectories across visits for Nondemented, Demented, and Converted groups.

Longitudinal Cognitive Decline (MMSE)

Figure 2 illustrates the progression of Mean MMSE scores across
visits. The Demented group shows a steady decline, but the most dra-
matic drop is observed in the Converted group, especially between
visits 4 and 5, where scores fall below 10 [34]. This pattern is clini-
cally important because it suggests that individuals who eventually
convert from nondemented to demented status experience a sharper
deterioration trajectory than those already classified as demented at
baseline. Such rapid changes may provide an opportunity for earlier
detection and intervention.

Brain Atrophy (nWBYV)

The Normalized Whole Brain Volume (nWBV) serves as a proxy
for neurodegeneration. Figure 3 shows that while the Nondement-
ed group maintains a relatively stable nWBV, both Demented and
Converted groups show significant atrophy over time. The observed
structural decline supports the biological plausibility of the model
and highlights the value of n\WBV as a predictive feature. In partic-
ular, the Converted group’s trajectory suggests accelerated neurode-
generation, consistent with the cognitive deterioration seen in MMSE
trends.
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Longitudinal Brain Atrophy (nWBV) by Group
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Figure 3: Longitudinal changes in normalized whole brain volume (nWBYV) across clinical groups.
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Figure 4: Comparison of mean per-visit decline in MMSE and nWBYV across groups.
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Rate of Decline Comparison

Figure 4 compares the mean decline per visit. The Converted
group demonstrates the highest rate of “MMSE Drop” (approximately
1.3 points/visit) and nWBV drop compared to the other groups, sug-
gesting an accelerated neurodegenerative pathway [35]. This finding
reinforces the utility of longitudinal analysis in distinguishing stable
patients from those at imminent risk of conversion. While cross-sec-
tional classification is informative, temporal dynamics provide ad-
ditional insight into disease evolution and may improve prognostic
decision-making.

Feature Importance and Explainability

SHAP analysis identified MMSE, nWBYV, and Age as the most influ-
ential predictors of clinical status. Lower MMSE values and reduced
nWBYV contributed strongly toward higher dementia risk predictions,
while older age generally increased the predicted probability of im-
pairment. The interpretability results align well with established
clinical understanding of Alzheimer’s disease [36]. Importantly, the
explainable framework provides not only accurate predictions but
also a rationale for those predictions, improving transparency and
potential clinical adoption.

Alzheimer’s Risk Score (ARS)

The proposed ARS offers a compact risk measure derived from
the model’s most informative inputs. Although simplified, the ARS
captures the intuitive relationship between cognitive decline and
structural atrophy. It can serve as a screening-oriented score to flag
individuals who may warrant closer follow-up [37]. In practice, the
ARS may be useful as an adjunct to model predictions, particularly in
settings where clinicians require a quick heuristic assessment along-
side probabilistic output (Appendix).

Conclusion

The proposed ARS and ML framework provide a robust tool for
identifying highrisk individuals. The heterogeneity in progression
trajectories highlights the need for personalized monitoring. By com-
bining predictive modeling with SHAP-based explainability and longi-
tudinal analysis, this study demonstrates a clinically interpretable ap-
proach for Alzheimer’s disease risk stratification. Future work should
evaluate the framework on larger multi-site cohorts, incorporate ad-
ditional biomarkers, and examine whether the ARS can improve re-
al-world clinical decision support.
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Appendix: Python Implementation

import pandas as pd

import numpy as np

from sklearn.ensemble import RandomForestClassifier

from sklearn.model_selection import train_test_split

from sklearn.metrics import roc_auc_score

import shap

# 1. Data Loading and Preprocessing

def preprocess_data(df):

# Handling missing values and encoding

df[‘'SES’].fillna(df[‘'SES’].median(), inplace=True)

df'MMSE']-fillna(df['MMSE'].median(), inplace=True)

return df
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# 2. Model Training

x = df[['Age’, ‘EDUC, ‘SES’, ‘MMSE’, ‘eTIV’, ‘nWBV’, ‘ASF’]]

y = df[‘Group_Encoded’] x_train, x_test, y_train, y_test =
train_test_split(x, y, test_size=0.2)

rf_model = RandomForestClassifier(n_estimators=100, max_depth=10)

rf_ model fit(x_train, y_train)

# 3. Model Evaluation
probs = rf model.predict_proba(X_test)[:, 1]

print (f"ROC-AUC: {roc_auc_score(y_test, probs)}”)

# 4. Explainability (SHAP)
explainer = shap.TreeExplainer(rf_model)
shap_values = explainer.shap_values(X_test)

shap.summary_plot(shap_values[1], X_test)

# 5. ARS Calculation (D-ELL Logic)
def calculate_ars(row):
# Simplified Logic based on SHAP importance
score = (30 - row['MMSE’]) * 0.5 + (1 - row['nWBV’]) * 10

return score
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