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Abstract

The extensive clinical implementation of machine learning models for diagnosing
Alzheimer’s disease (AD) is often hindered by the fact that they are “black box”
technologies. This lack of transparency undermines clinician trust. This study
addressed this issue by developing and validating a high-performing, interpretable
decision tree classifier. This model prioritizes features that are both statistically
significant and clinically relevant for the early diagnosis of AD. The study used a
publicly available dataset containing demographic, clinical, and cognitive data
from 2,149 patients. A strategic feature selection process was implemented. The
final model was meticulously trained and thoroughly evaluated using a separate
test set. The evaluation revealed the model’s exceptional diagnostic capability,
demonstrating an overall accuracy of 91.8% and an area under the curve of 0.93.
The model also demonstrated high sensitivity (92.1%) and specificity (95.7%).
Feature importance analysis revealed that predictions were primarily influenced by
direct measures of cognitive and functional status. Specifically, the most significant
factors were the mini-mental state examination score, the activities of daily living
score, and the Functional Assessment score. These core features overshadowed
the predictive influence of established risk factors such as family history. Despite
their strong statistical association with the disease, the model assigned negligible
importance to these risk factors in its final classification. This work demonstrates
that an interpretable decision tree can accurately diagnose AD by transparently
prioritizing functional and cognitive assessments. The model’s clarity and reliance
on routine clinical data highlight its potential as a decision-support tool. It is ready to
improve diagnostic pathways and promote further research in this area.
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1. Introduction

Alzheimer’s disease (AD) is a relentless neurodegenerative disorder and the leading
cause of dementia worldwide. It progressively erodes cognitive function and memory.
Given the demographic shift toward an aging global population, the increasing
prevalence of AD and its profound societal impact underscore the urgent need to deepen
our understanding of its complex biology, clinical evolution, and formidable diagnostic
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challenges.!® Conventionally, the clinical diagnosis of
AD has relied on a combination of medical history,
cognitive assessments, and neuroimaging. However, a
definitive diagnosis is only possible through post-mortem
neuropathological examination.*® Due to the gradual onset
of the disease and progressive cognitive decline, there is a
critical need for accessible, accurate tools to facilitate early
diagnosis. This is essential for timely intervention, care
planning, and patient enrollment in clinical trials.*’

1.1. Fundamentals of AD

At its pathological core, AD is characterized by the
insidious accumulation of insoluble beta-amyloid
(AB) plaques and hyperphosphorylated tau proteins,
which aggregate into neurofibrillary tangles within
the brain parenchyma. This dual proteopathic burden
results in widespread synaptic dysfunction, neuronal
loss, and subsequent cerebral atrophy, which are the
hallmarks of neurodegeneration.®!' While sporadic
late-onset AD constitutes the vast majority of cases,
specific genetic predispositions are recognized. Early-
onset familial AD is unequivocally linked to autosomal
dominant mutations in the amyloid precursor protein
(APP), presenilin 1 (PSENI), and presenilin 2 (PSEN2)
genes. For late-onset AD, the APOE4 allele is the most
significant genetic risk factor, and a growing number
of additional susceptibility loci have been identified
through large-scale genome-wide association studies.'***
Beyond genetics, a variety of modifiable and non-
modifiable risk factors contribute to AD pathogenesis,
including advancing age, cardiovascular commodities,
diabetes, and various lifestyle factors."'>!*

1.2. Evolution and diagnostic challenges of AD

The etiological complexity of AD, which is rooted in various
pathological pathways such as the aggregation of amyloid-
beta and tau proteins,’>'® poses a significant diagnostic
challenge. This complexity is further compounded by
a wide array of contributing risk factors ranging from
genetic predispositions to lifestyle choices.'” Notably, there
is a significant overlap between the risk factors for AD and
atherosclerotic cardiovascular disease, suggesting a strong
link between vascular health and neurodegeneration.'®"
The multifactorial nature of AD, involving numerous
interacting variables in non-linear ways, makes it an ideal
domain for machine learning applications. By analyzing
these heterogeneous data sources simultaneously,
machine learning models can help determine the relative
importance of different risk profiles, identify patterns to
inform personalized prevention strategies,” and ultimately
advance our understanding of and ability to manage
dementia in its various forms.**

1.3. Machine learning and AD

Machine learning has emerged as a powerful methodology
for analyzing the high-dimensional data characteristic
of AD, offering the potential to uncover subtle patterns
that can inform clinical decision-making in health.**%
While complex models such as deep neural networks
often achieve high predictive accuracy, their “black box”
nature poses a significant obstacle to their adoption in
clinical practice, where transparency and interpretability
are paramount. The decision tree algorithm (DTA) offers a
compelling alternative. By constructing a model based on a
hierarchical series of data-driven rules, the DTA creates an
inherently transparent framework that mirrors the logical
reasoning process of a clinician and allows for expert
validation of its predictions.”?

Developing an accurate and interpretable machine
learning model for AD classification is of profound clinical
relevance. Such a tool could function as a decision support
system to help clinicians triage patients, focus diagnostic
workups on the most important predictive factors, and
minimize critical diagnostic errors, such as failing to
identify a patient with AD. Reducing these errors is crucial
for improving patient outcomes by enabling earlier access
to therapeutic and support services.>’

The aim of this study was to develop, train, and evaluate
an interpretable decision tree model for classifying AD,
based on comprehensive patient demographic, clinical,
and cognitive assessment data. Furthermore, the study
aimed to identify the most significant predictive features
for an AD diagnosis and elucidate the diagnostic logic
learned by the model. This would provide a transparent,
clinically relevant predictive tool.

2. State of the art
2.1.DTA

The DTA is a fundamental supervised learning method
that is widely used in healthcare to model and elucidate
complex decision-making processes.?** Structurally, a
DTA resembles a flowchart: Each internal node represents
a test on a feature, each branch signifies an outcome, and
each leaf node provides a final classification or prediction.*
This versatility makes DTAs a powerful tool for applications
such as disease diagnosis, treatment outcome prediction,
and patient risk stratification. Ultimately, they aim to
enhance the accuracy of medical assessments and the
quality of care

One of the key advantages of DTAs in medicine is
their high interpretability. Unlike “black-box” models,
their transparent structure enables clinicians to trace and
comprehend the reasoning behind a prediction, which is
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crucial for ensuring patient safety and fostering trust in
clinical settings.** This clarity is also crucial for achieving
responsible artificial intelligence (AI), as it facilitates the
auditing of algorithmic fairness. Examining the decision
pathways enables practitioners to identify and mitigate
potential biases related to patient variables, which is a
critical step toward reducing health disparities.”*

Despite these benefits, DTAs have notable limitations.
For example, they are susceptible to overfitting, whereby
the model learns the training data too closely and fails to
generalize to new, unseen data. Furthermore, they can be
unstable, meaning that small variations in the input data
can result in significantly different tree structures.’*’
These technical vulnerabilities raise significant ethical
concerns. For example, if a model is trained on biased
data, its transparency can legitimize inequitable decision-
making, with severe consequences for patient outcomes.*
To mitigate issues such as overfitting and instability,
ensemble methods such as decision forests, which combine
the predictions of multiple trees, are often employed to
improve predictive performance and robustness.*

Addressing these challenges is a central focus of
ongoing research, which explores techniques such as
end-to-end learning and methodologies for handling
uncertain data, with the aim of building more robust and
reliable models.®** As machine learning continues to be
integrated into medicine, the role of DTAs is evolving from
that of a simple prediction tool to that of a cornerstone
of responsible AL* Continued refinement of DTAs has
the potential to transform healthcare by translating vast
and complex datasets into actionable, interpretable, and
equitable insights for clinicians and health systems.?**

3. Materials and methods

This section outlines the methodology employed in the
development and evaluation of a predictive model for AD.
It covers the description of the dataset, feature engineering,
the model training protocol, and the metrics used to assess
performance. The following schematic diagram illustrates
the methodology in question (Figure 1). It provides a
clear overview of the key steps, from data acquisition
and preprocessing to model training, evaluation, and
interpretability analysis.

3.1. Study population

The study utilized the “Alzheimers Disease Dataset”
publicly available on Kaggle (https://www.kaggle.com/
datasets/rabieelkharoua/alzheimers-disease-dataset). The
original dataset contains extensive health information for
2,149 patients, including demographic details, lifestyle
factors, medical history, clinical measurements, and

cognitive assessments. For this analysis, a preprocessed
and cleaned subset of all patients was used for model
development and evaluation. The patient cohort had
an age range of 60-90 years. The target variable was the
diagnosis status, a binary feature indicating the presence
(1) or absence (0) of AD.

3.2. Statistical analysis

Statistical analyses were conducted to characterize the study
cohort and identify significant differences between patients
with AD and the control group. Baseline characteristics
were summarized using descriptive statistics: the mean
+ standard deviation (SD) for continuous variables and
absolute frequencies (n) with relative proportions (%) for
categorical variables.

Inferential comparisons were made after first assessing
the normality of continuous data within each group using
the Shapiro-Wilk test. Group means were compared using
an independent samples t-test for normally distributed
data, while a Mann-Whitney U test was applied to data that
violated the normality assumption (p<0.05). Associations
between categorical variables and the AD diagnosis were
evaluated using Pearson’s Chi-squared test.

A two-tailed p<0.05 was considered the threshold for
statistical significance. All analyses were performed using
Python, with the pandas library for data manipulation and
the scipy.stats library for statistical testing.

3.3. Feature selection and preprocessing

A total of 15 features were selected for inclusion in
the model, using a strategy that balanced statistical
significance with clinical relevance in order to create
a robust yet parsimonious model. This process was
guided by the results of the initial statistical analysis
(Table 1) and existing knowledge from the AD literature.
These features included: (i) Cognitive and functional
assessments: Functional Assessment, mini-mental state
examination (MMSE), activities of daily living (ADL),
and memory complaints. These were included due to
their high statistical significance (p<0.001) and their role
as core metrics for diagnosing cognitive and functional
decline; (ii) Symptoms: behavioral problems, and difficulty
completing tasks. These symptoms were chosen because
they are significant predictors of the disease’s impact on
daily life. Other symptomatic variables, such as confusion
and disorientation, were deliberately excluded to avoid
data leakage, as they are almost synonymous with the
diagnosis itself; (iii) Demographic and lifestyle factors: Age
was included as it is the most significant non-modifiable
risk factor (p<0.001). Ethnicity and sleep quality were
retained for their clinical relevance in dementia research,
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|Model Development & Training
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Alzheimer's disease G = Q

(2,149 patients) (Table 1)

Decision tree classiffier
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2. Hyperparameter tuning

(Max depth =5) Model Interpretability
- 3. Hyperparameter tuning ~
@ (Model training) = Feature importance (Figure 4) and
15 features (Gini importance) visualization (Figures 5 and 6)

27 Performance metrics:
‘ :=, Accuracy, AUC, sensitivity and
"@ specificity (Figures 2 and 3)

i v

Cross-Validation

© (10-Fold)

Figure 1. Flow chart depicting methodology of the study
Abbreviation: AUC: Area under the curve.

despite not reaching statistical significance in this specific
cohort; (iv) Clinical measurements: Systolic blood pressure
(SBP), low-density lipoprotein cholesterol, high-density
lipoprotein  cholesterol, and cholesterol/triglycerides.
These were included as they represent key vascular risk
factors that are widely implicated in the pathophysiology
of AD; (v) Medical history: Family history of AD was
included due to its extremely high significance (p<0.001)
as a genetic risk factor. Hypertension was retained due to
its clinical relevance as a major vascular comorbidity.

Variables that showed no statistical significance or
clinical relevance in the context of this study were excluded
to reduce model complexity and prevent the introduction
of noise. The dataset, with its categorical variables already
encoded numerically, was then prepared for input into the
machine learning model. As a tree-based model was used,
no further feature scaling or normalization was necessary.

3.4. Model development and training

A decision tree classifier was implemented using the scikit-
learn Python library to predict AD diagnoses. To prepare
the data for modeling, the dataset was partitioned into
training and testing subsets, comprising 80% and 20%
of the data, respectively. Stratified sampling was used to
ensure that the proportion of patients with and without AD
remained consistent in both subsets. To create a robust and
highly interpretable model, hyperparameter tuning was
performed with the key constraint of setting the maximum
depth of the tree to 5. This prevents the model from
becoming overly complex and ensures that the decision-
making process can be easily visualized and understood.
Gini importance, also known as Mean Decrease in
Impurity, was calculated for each feature. This metric
quantifies each feature’s contribution to the classification
task within the decision tree structure, enabling predictors
to be ranked from most to least influential.

3.5. Performance evaluation

The predictive capability of the trained model was
rigorously evaluated using unseen test data. This evaluation
centered on a confusion matrix, which provides a detailed
breakdown of correct and incorrect classifications. In the
context of AD diagnosis, the matrix components were
defined as follows: (i) true positives (TP) or the number
of patients with AD who were correctly diagnosed by
the model; (ii) true negatives (TN) or the number of
healthy patients who were correctly identified as not
having the disease; (iii) false positives (FP) or the number
of healthy patients who were incorrectly diagnosed
with AD; and (iv) false negatives (FN) or the number
of patients with AD who were incorrectly identified as
healthy.

The overall proportion of correct predictions (Equation I):

(TP+TN) M

Accuracy =
4 (TP+TN+FP+FN)

The proportion of positive predictions that were
actually correct (Equation II):

Precision=—————
(TP+ FP)

The proportion of actual positive cases that were
correctly identified is known as recall (Equation III):

TP

(110
(TP+ FN )

Recall =

The harmonic mean of precision and recall, providing a
balanced measure of performance (Equation IV):

F1-Score=2 * (Precision * Recall)/(Precision + Recall) (IV)
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Table 1. Baseline characteristics of the study cohort

Characteristic Overall Control  AD group p-value
cohort group (n=760)
(n=2149) (n=1389) (%)
(%) (%)

Demographics

Age, years 74.9+£9.0  70.2+8.3 83.4+£5.1  <0.001*
Gender, n (%) 0.845

Female 1088 (50.6) 700 (50.4) 388 (51.1)

Male 1061 (49.4) 689 (49.6) 372 (48.9)
Ethnicity, n (%) 0.446

Caucasian 1278 (59.5) 821 (59.1) 457 (60.1)

African American 454 (21.1) 298 (21.5) 156 (20.5)

Asian 206 (9.6) 130 (9.4) 76 (10.0)
Others 211 (9.8) 140 (10.1) 71(9.3)
Education level, n (%) 0.513
None 446 (20.8) 285 (20.5) 161 (21.2)
High school 854 (39.7) 555(40.0) 299 (39.3)
Bachelor’s 636 (29.6) 406 (29.2) 230(30.3)
Higher 213 (9.9) 143(10.3) 70 (9.2)
Lifestyle and clinical
BMI, kg/m? 27772 27.7£7.2 27.6£7.3 0.941

Smoker, n (%) 620 (28.9) 399 (28.7) 221(29.1)  0.968

Systolic B>, mmHg ~ 134.3+25.9 134.4+26.0 134.1+259 0.778
Medical history, n (%)

Family history of AD 542 (25.2)  9(0.7)  533(70.1) <0.001*

Hypertension 320 (14.9) 207 (14.9) 113 (149) 0.863
Diabetes 324 (15.1) 210(15.1) 114(15.0) 0.927
Depression 431(20.1) 278 (20.0) 153(20.1)  0.950

Cognitive and

functional
MMSE score 14.8+8.6 21.7+4.8 2.7+1.6 <0.001*
Functional 5.1£2.9 7.0+1.7 1.6+1.2 <0.001*
assessment score
ADL score 5.0£2.9 6.9+1.8 1.5¢1.2 <0.001*

Symptoms, 1 (%)
648 (30.2) 0(0.0)
441(20.5)  0(0.0)

648 (85.3)  <0.001*
441 (58.0) <0.001*

Forgetfulness

Confusion

Notes: Data are presented as mean+SD for continuous variables and
n (%) for categorical variables. P values were calculated using the
Mann-Whitney U test for continuous variables and the Chi-squared
(x?) test for categorical variables to compare the control and

AD groups. Statistically significant differences are indicated by an
asterisk (p<0.05).

Abbreviations: AD: Alzheimer’s disease; ADL: Activities of

Daily Living; BMI: Body mass index; BP: Blood pressure;

MMSE: Mini-Mental State Examination.

3.6. Cross-validation

To assess the stability and robustness of the model further
and mitigate potential bias from a single training and
testing split, a 10-fold cross-validation procedure was
performed. The entire dataset was divided into ten equal-
sized subsets, known as folds. The model was then trained
and validated ten times, with a different fold being used as
the test set each time and the remaining nine folds being
used for training. The final performance was reported as
the mean and SD of the accuracy scores across all ten folds.
This approach provides a more reliable estimate of the
model’s performance when faced with new, unseen data.

4. Results

The final study cohort comprised 2,149 patients. Of these,
760 (35.4%) were diagnosed with AD, and the remaining
1,389 patients (64.6%) formed the non-AD control
group. The baseline demographic, clinical, and cognitive
characteristics of both groups are detailed in Table 1.

Comparative analysis revealed significant differences
in key risk factors between the AD and control groups.
Patients with AD were substantially older than their
control counterparts (mean age: 83.4 + 5.1 vs. 70.2 %
8.3 years; p<0.001). Furthermore, a strong association
was observed with genetic predisposition: Over 70%
of patients with AD had a family history of the disease,
compared to < 1% of controls (p<0.001). In contrast, a
range of other demographic, lifestyle, and clinical factors
showed no significant association with an AD diagnosis.
These included gender (p=0.845), ethnicity (p=0.446), and
educational attainment (p=0.513). Similarly, no significant
differences were observed in body mass index, smoking
status, SBP, or the prevalence of comorbidities such as
hypertension, diabetes, and depression (p>0.05).

The most substantial differences between the groups
were observed in all measures of cognitive and functional
performance. Patients with AD displayed severe cognitive
impairment, as evidenced by a mean MMSE score of
2.7 (£1.6), which was drastically lower than the score of
21.7 (£4.8) observed in the control group (p<0.001). This
functional decline was also evident in daily activities,
with the AD group scoring significantly lower on both
the Functional Assessment scale (1.6 = 1.2 vs. 7.0 +
1.7; p<0.001) and the ADL scale (1.5 £ 1.2 vs. 6.9 + 1.8;
p<0.001). Analysis of cardinal symptoms revealed near-
perfect separation between the groups. Key indicators such
as forgetfulness (85.3%), confusion (58.0%), and memory
complaints (59.1%) were highly prevalent in the AD group,
but absent in the control group.
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The decision tree classifier developed in this study
performed exceptionally well in the differential diagnosis
of AD on a held-out test set. The model’s efficacy was
rigorously evaluated through a multifaceted assessment,
including global performance metrics, error analysis
through the confusion matrix, quantification of feature
importance, and analysis of its transparent decision-
making architecture.

The classifier achieved a high degree of diagnostic
accuracy, with an overall accuracy of 91.8%. The model’s
exceptional discriminatory capability was further
evidenced by its performance in the receiver operating
characteristic curve analysis, yielding an area under the
curve (AUC) value of 0.93 (Figure 2). This value indicates
an excellent ability to distinguish between individuals with
and without AD.

Analysis of the confusion matrix (Figure 3) showed that
the classifier achieved a high degree of diagnostic accuracy
on the 430-sample test cohort. The model correctly
identified 266 individuals without AD (TN) and 140
AD patients (TP), and misclassified only 24 individuals.
This performance corresponds to a specificity of 95.7%,
demonstrating the model’s robust capacity to correctly
identify healthy individuals and minimize unnecessary
follow-up investigations. Importantly, the model achieved
a sensitivity or recall of 92.1%, indicating its strong ability
to detect true cases of AD. The classifier’s precision was
also high, at 92.1%, which underscores the reliability
of a positive diagnosis. This exceptional, balanced
performance, characterized by a low number of both FP
and FN, highlights the model’s significant potential as a
reliable tool to support clinical decision-making.
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Figure 2. Discriminatory ability of the decision tree classifier on the
test set

Abbreviations: AUC: Area under the curve; ROC: Receiver operating
characteristic.

To elucidate the hierarchical importance of the
predictors driving the model’s diagnostic decisions, the
Gini importance of each input variable was quantified
(Figure 4). The analysis revealed that the model’s predictive
logic is overwhelmingly governed by a small subset of
features that can be directly used to determine cognitive
and functional status.

The four most influential predictors were, in descending
order: MMSE score, ADL score, Functional Assessment
score, and memory complaints. These four variables alone
constituted the vast majority of the model’s predictive power,
establishing them as the core determinants for classification.

A sharp demarcation in importance was observed
following this top tier. Behavioral problems represent
the only other feature with a discernible, albeit minor,

250

200
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- 100
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Figure 3. Diagnostic performance of the decision tree classifier on the
test set
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Sleep_Quality
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Figure 4. Relative importance of predictor variables in the diagnosis of
Alzheimer’s disease
Abbreviations: ADL: Activities of Daily Living; BMI: Body mass
index; HDL: High-density lipoprotein; LDL: Low-density lipoprotein;
MMSE: Mini-Mental State Examination.
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contribution. Strikingly, several variables considered
established clinical or genetic risk factors, including family
history of AD, Hypertension, and all cholesterol metrics,
registered a Gini importance of zero. This indicates that,
in the presence of the powerful predictive signals from the
cognitive and functional assessments, the model did not
utilize these other features to achieve its final classification
accuracy. This clear hierarchy underscores the primacy
of direct, real-time assessments of a patients cognitive
performance and functional capacity in this data-driven
diagnostic framework, suggesting that these measures
can eclipse the contribution of more traditional, static risk
factors in a machine learning context.

A key advantage of the decision tree architecture
is its inherent transparency, which allows for a full
deconstruction of its diagnostic logic (Figure 5). The
model’s classification pathways are initiated from a single
root node based on Functional Assessment, the most
informative feature from the initial statistical analysis.

The trees primary bifurcation at Functional
Assessment score <4.967 effectively partitions the patient
population into distinct risk strata. For instance, a clear
diagnostic pathway for a low-risk individual involves
having a functional assessment score above this threshold,
followed by the absence of memory complaints, which
consistently leads to a non-AD classification. Conversely,
a patient presenting with impaired functional assessment
and compromised ADL (ADL score <5.04) is channeled
through pathways that strongly predict an AD diagnosis.

Figure 6 shows the learning curve, which illustrates
the model’s performance as the size of the training

E

EESEEEEHESEEEEEE S EEERERER

set increases. Training accuracy (blue line) remains
consistently high, indicating that the model is effectively
learning from the data. Validation accuracy (red line),
which represents performance on unseen data, generally
increases with training set size, suggesting that more data
leads to better generalization. However, there is a notable
gap between the training and validation accuracy curves
initially, which narrows as the training set size increases.
This initial discrepancy is normal and suggests that, while
the model learns well from the training data, there is some
degree of variance or slight overfitting in smaller datasets.
However, once the training set size reaches approximately
800-1,000 samples, both curves tend to stabilize. The
validation accuracy reaches a plateau of around 0.94-0.95,
while the training accuracy stabilizes at around 0.98-0.99.
The consistently high validation accuracy, particularly
with larger training set sizes, indicates good generalization
without severe overfitting. This is further supported by the
robust results from the 10-fold cross-validation.

This explicit, rule-based framework not only provides
high accuracy but also offers a white-box model whose
predictions can be clinically validated and understood,
fostering trust and facilitating its potential integration into
clinical workflows.

5. Discussion

This study successfully developed and validated a decision
tree classifier with exceptional accuracy (91.8%) and
discriminatory power (AUC = 0.93) for diagnosing AD.
The model’s architecture provides a transparent, rule-based
framework for its predictions. The following discussion

ES

Figure 5. Visualization of the complete rule-based architecture of the trained decision tree
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Figure 6. Learning curve for the decision tree classifier

interprets these findings, contextualizes them within the
established landscape of AD diagnostics, and considers the
broader implications and limitations of our data-driven
approach. The model itself offers a transparent, rule-based
architecture. This discussion will interpret these findings,
contextualize them within the current AD diagnostic
landscape, and consider the implications and limitations
of this approach.

The most significant finding of this study is the clear
hierarchy of predictive features. The analysis confirms that
the model’s diagnostic logic is predominantly governed
by three features: Cognitive status (MMSE), functional
ability (ADL and functional assessment), and patient-
reported symptoms (memory complaints). This data-
driven outcome strikingly mirrors established clinical
wisdom. While the literature confirms that no single
measure is paramount for diagnosis, it strongly advocates a
composite evaluation combining these exact elements.*'**
By autonomously identifying this combination as
the most potent set of predictors, the model provides
powerful validation of current multi-domain assessment
strategies.

A particularly insightful result was the negligible or zero
importance assigned to several well-established risk factors
for AD, most notably family history of AD. Although the
statistical analysis confirmed a strong association between
family history and an AD diagnosis (p<0.001), this feature
was not utilized in the final classification architecture of
the model. This suggests an inherent masking effect in the
model’s logic: Cognitive and functional declines are direct,
measurable consequences of the underlying pathology, and
family history is an upstream risk factor. The model has
learned that, when it comes to quantifying this manifest
decline, a low MMSE score is a more immediate and
powerful predictor than the probabilistic risk conferred

by genetics. This effectively renders the historical factor
redundant in terms of the model’s decision-making.

The model’s performance positions it as a compelling
addition to the current diagnostic approach. The
gold standard for confirming AD pathology often
relies on expensive neuroimaging (positron emission
tomography)* or invasive procedures involving blood-
based biomarkers.** This study shows that highly accurate
classification can be achieved using data that is more
routinely collected, less invasive, and more accessible. With
a specificity of 95.7% and a sensitivity of 92.1%, the model
shows significant potential as an effective screening or
clinical triage tool. It could help clinicians stratify patients
by identifying those at high risk who would benefit most
from confirmatory biomarker testing. This would optimize
resource allocation and reduce the diagnostic burden on
patients.

A key strength of this work is its use of a fully
transparent white-box model. Unlike more complex,
opaque algorithms, every prediction made by our decision
tree can be broken down into a series of clinically intuitive
rules (Figure 5). Clinicians can trace the path from the
root node, functional assessment <4.967 to a terminal leaf
and understand precisely the evidence base for a given
diagnostic suggestion. This inherent interpretability is
essential for establishing clinical trust and is a prerequisite
for the responsible adoption of machine learning tools in
real-world healthcare settings.

This approach reflects the increasing demand for
interpretable AI in medical diagnosis, as demonstrated
by models such as the sparse high-order interaction
model with rejection option, which was developed by
Das et al*® Their work also emphasizes the importance
of interpretability and reliability in AD diagnosis using
proteomics data. It demonstrates how models can provide
clear explanations and abstain from uncertain diagnoses,
thereby complementing clinical judgment and supporting
cost-effective, multistage diagnostic frameworks. Similarly,
our decision tree contributes to designing more accessible
and efficient diagnostic pathways for AD by transparently
prioritizing readily available clinical assessments.

The learning curve analysis (Figure 6) provides
further evidence of the model’s robust performance and
generalization capabilities. The consistently high training
accuracy suggests that the decision tree effectively captures
patterns in the training data, and the increasing and
stabilizing validation accuracy shows that it can generalize
to unseen data. The observed discrepancy between the
training and validation accuracies is typical of a decision
tree, reflecting its ability to fit the training data closely.
However, thefactthatboth curves plateau with anincreasing
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training set size, particularly the stable validation accuracy,
confirms that the model is not severely overfitting. This is
crucial for clinical application, as it indicates reliability
when faced with new patient data. Together, the findings
from the learning curve and the high sensitivity, specificity,
and AUC affirm the model’s strong potential as a consistent
and reliable diagnostic tool, particularly when sufficient
training data is provided.

5.1. Ethical considerations and societal implications
of Al in AD diagnosis

Deploying Al models in healthcare, especially for sensitive
diagnoses such as AD, requires careful consideration of
the ethical implications and societal impact.”® While our
interpretable decision tree is transparent, it still operates
within a broader context where issues such as patient
autonomy, equitable access, the potential for bias, and
accountability are paramount.

(i) Patient autonomy and informed consent: Although
our model provides a clear rationale for its predictions,
ensuring patient autonomy requires individuals to
understand how AI contributes to their diagnosis.
Clinicians must clearly communicate that AI acts as
a decision support tool rather than making definitive
pronouncements, enabling patients to make informed
decisions about subsequent diagnostic steps or
treatment plans. The transparency of a decision tree
facilitates this, as its logic can be explained more
readily than that of a black box model.

(ii) Equity of access and bias in sensitive populations:
Al models trained on specific datasets inherently
reflect the characteristics and potential biases
of that data. While our dataset included diverse
demographic information, real-world deployment
must address potential biases related to ethnicity,
socioeconomic status, or geographical location, as
these could influence assessment scores or access to
care. If a model performs differently across various
sensitive populations, it could exacerbate existing
health disparities. Future research and deployment
strategies must therefore ensure equitable access
to, and performance of, AI diagnostic tools. This
could be achieved by implementing fairness-aware
machine learning techniques and ensuring diverse
representation in training datasets.

(iii) Accountability for Al-driven decisions: The
interpretable nature of our decision tree helps to
establish clear accountability. When a diagnosis is
supported by the model, clinicians can review the
exact decision rules that led to the recommendation,
enabling human oversight and validation. This is
crucial for medical-legal considerations and for

building trust between patients, clinicians, and the Al
system. The absence of an opaque black box judgment
means accountability shifts toward the informed
clinician using the tool rather than being placed solely
on the algorithm.

(iv) Societal implications: The ability of Al to facilitate
earlier and more accessible AD diagnosis has
significant societal implications. It could lead to
earlier interventions, which could potentially slow
disease progression or improve quality of life, as well
as enabling better resource allocation. However, it also
raises questions about the psychological impact of
earlier diagnosis, the adequacy of support systems, and
the ethical use of predictive information. To harness
the full potential of Al for public health, policymakers
and healthcare providers must proactively address
these challenges.

5.2. Adherence to standardized validation
frameworks

The clinical utility and reproducibility of AI tools in
healthcare depend fundamentally on their development
and validation within standardized frameworks. While
our study is rigorous in its internal validation, it also
acknowledges the broader landscape of regulatory
guidance, such as that put forward by the US Food
and Drug Administration for Al/machine learning-
based medical devices.”? These frameworks emphasize
the meticulous documentation of algorithmic choices,
data provenance, pre-processing steps, dataset splitting
protocols, comprehensive model evaluation, and critically,
external validation strategies.

Many studies on Al model accuracy lack generalizability
because they do not adhere to such rigorous documentation
and validation standards, potentially conflating internal
performance with true real-world utility. Our commitment
to transparency, as demonstrated in the “Materials and
methods” section and the interpretable nature of our
decision tree architecture, aligns with these guidelines by
offering a transparent record of our model’s development
and decision-making processes. Future work will prioritize
aligning our model with these regulatory benchmarks,
conducting prospective validation in diverse external
cohorts, and documenting every stage to ensure its clinical
utility and widespread adoption.

5.3. Limitations and future directions

Despite these promising results, several limitations
must be acknowledged. First, as this study is based on a
retrospective, cross-sectional dataset, it is not possible to
make any claims about predicting the future onset of AD.
Second, while the model’s performance has been validated
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Figure 7. Strengths, weaknesses, opportunities, threats analysis of the interpretable decision tree model for Alzheimer’s disease diagnosis
Abbreviations: ADL: Activities of Daily Living; Al: Artificial intelligence; AUC: Area under the curve; EMRs: Electronic medical records; MMSE: Mini-

Mental State Examination.

on an internal test set, its generalizability to external,
more diverse populations must be established through
further research. Third, the near-perfect separation of
the “forgetfulness” symptom between the AD and control
groups in this dataset may not accurately reflect the more
nuanced and overlapping presentations of the symptom
in a broader clinical population. This could lead to an
overly optimistic estimation of the model’s performance.
Therefore, future work must prioritize prospective
validation in a real-world clinical workflow.

5.4. Strengths, weaknesses, opportunities, threats
(SWOT) analysis

The following section presents a SWOT analysis, the
purpose of which is to provide a comprehensive overview
of the interpretable decision tree model for AD diagnosis.
This structured analysis underscores the model’s inherent
advantages, its current limitations, potential avenues
for future development, and external factors that could
influence its clinical integration (Figure 7).

In summary, this study demonstrates that an
interpretable decision tree model based on a combination
of cognitive and functional data can diagnose AD with a
high level of accuracy, highlighting its potential in a clinical
setting. The findings reinforce the importance of functional
metrics and suggest that transparent, data-driven models
have significant potential as decision support tools to
help clinicians make timely and accurate diagnoses of
this devastating disease. Future research should validate
this model externally and explore hybrid approaches that
integrate these powerful functional features with accessible,
emerging blood-based biomarkers.

6. Conclusion

This study demonstrates that a transparent, rule-based
decision tree classifier can diagnose AD with exceptional
accuracy (91.8%) and discriminatory power (AUC = 0.93).
The study unequivocally establishes that direct measures of
cognitive and functional decline, specifically MMSE, ADL,
and Functional Assessment scores are the most powerful
predictors, capable of eclipsing the influence of traditional
risk factors within a machine learning framework. The
model’s combination of high sensitivity, specificity, and
interpretability highlights its potential as a reliable clinical
decision support tool. This work highlights a viable
pathway toward augmenting current diagnostic practices
with accessible, trustworthy machine learning models,
thereby enhancing the timely and accurate identification
of individuals with AD.
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