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Abstract—Early prediction of dementia, a long-term progres-
sive disease, has always been a challenge. In recent years,
advances in artificial intelligence have led to new computer-
aided diagnostic tools. However, these methods often offer limited
interpretability due to their simplistic binary outputs and black-
box algorithms, restricting their use. In this work, we addressed
aforementioned shortcomings by assigning clinically meaningful
categories to a longitudinal cohort dataset and using an inter-
pretable random forest algorithm to train the prediction model.
Our results show that the model predicts various categories
effectively. We further applied an advanced machine learning
explanation framework to analyse the predictions, revealing the
impact of some key risk factors on the prediction and varying
interaction patterns between these factors when predicting dif-
ferent development stages of dementia.

Index Terms—brain health, dementia, risk factors, machine
learning

I. INTRODUCTION

Dementia is a complex neurodegenerative disorder known to
be associated with a variety of symptoms including cognitive
decline, which results in loss of independence and function
[1]. Alzheimer’s disease (AD) is the most common type of
dementia and it is estimated to account for over 70 percent of
dementia cases [2]. While AD has no cure, there is adequate
evidence that points to the fact that the pathophysiological
process a result of accumulation of amyloid in the brain
begins up to 20 years before the clinical manifestation of
the disease. This evidence has led to categorisation of the
stages of dementia based clinical manifestation to facilities
early detection.

This categorisation is important is it provides a framework
for early detection. The framework enables clear characteri-
sation of the various stages of the disease process for early
detection and intervention. While clinical trials involving the
stages of mild to moderate dementia have failed to demon-
strate clinical usefulness, it is believed that early detection
of dementia risk from the preclinical stage will have clinical
benefit.

Computational approaches such as Machine Learning have
demonstrated to have the potential to accurately predict the

dementia risk and assist in the diagnosis of AD [3]. However,
majority of these approaches have focused on the later stages
of the disease, missing the critical window. A recent research
by Danso et al. [4] focused on early detection up to 14 years
of dementia onset. The authors defined dementia risk based
on family history and apolipoprotein E type 4 allele status.

In this work, we develop an explainable early de-
tection machine learning model based on the Amy-
loid/Tau/Neurodegeneration (ATN) classification framework
[5]. The ATN approach offers the possibility to define the
stages of the dementia based on the pathophysiological pro-
cess, and this accounts for the accumulation of amyloid in the
brain. We further apply a framework to explore the interaction
between the factors responsible for driving the risk at each
stage. We believe that this approach offers a robust and
reliable alternative to the early detection of dementia and to
understanding the behaviour of risk factors to develop possible
intervention strategies.

II. METHODOLOGY

A. Data Description and Preprocessing

The data we used in this research was obtained from a
multicenter, longitudinal cohort study (LCS) established by
the European Prevention of Alzheimer’s Dementia Consortium
(EPAD) [6]. Data used in this work were obtained from the
EPAD LCS V.IMI dataset, which contains a total of 2,096
participants and 5 times of visit. The statistics of participants’
demographic data are listed in Table I.

In the dataset, a wide range of demographic, cognitive,
clinical, neuroimaging, and biomarker data is collected. As
the main focus of our research is to explore how the different
risk factors contribute to the prediction of AD and how these
factors interact with each other, we selected features used for
modelling according to domain knowledge about risk factors.
In detail, we extracted the following features from the dataset:

• Sociodemographic: age, sex, handedness, years of educa-
tion, marital status

• Vital: body mass index (BMI), systolic blood pressure



TABLE I: Statistics of the demographic data

Feature Category Count Proportion (%)

Sex
Female 1175 56.06
Male 920 43.89

Unknown 1 0.05

Age
50-55 150 7.16
56-65 753 35.92
66-75 931 44.42
76-85 251 11.97
86-90 10 0.48

Unknown 1 0.05

Ethnicity
Caucasian/white 1595 76.10

Hispanic 10 0.48
Asian 8 0.38
Others 11 0.52

Unknown 472 22.52

Years of Education
0-10 360 17.18

11-15 834 39.79
16-20 816 38.93
21-32 75 3.58

Unknown 11 0.52

• Medical history: family dementia history, hypercholes-
terolemia, hypertension, anaesthesia, depression, head in-
jury, cancer, diabetes, mild cognitive impairment (MCI),
dyslipidemia, anxiety, stroke, insomnia

• Genetic: apolipoprotein E (APOE) gene
• Lifestyle: smoking, drug abuse, current health, physical

activity, physical fitness

We constructed the dataset for this study by extracting
essential features from various tables within the extensive
EPAD dataset, using subject IDs and visit counts as primary
keys to merge them into a cohesive set of records. We compute
certain features, such as BMI from height and weight, from
the original data. After isolating these necessary features and
removing irrelevant ones, we address any missing values in the
data. Considering that each column has less than 5% missing
values, we simply use the statistic from the corresponding
column for missing value imputation. We filled missing data
in continuous columns with column means and in categorical
columns with the most frequent category. For features that
has specific medical meaning and could not be imputed in
any reasonable approach (for example, the APOE gene), we
discarded records that missed the values of these features.

In order to simplify the features and enable the machine
learning algorithm to produce better classifiers [7], we applied
a series of discretisation to the features. We represented “sex”
as a binary feature (1 for female, 0 for male). Similarly,
“family dementia history” was coded as 1 for yes and 0 for
no. We binarized all medical history variables to indicate the
presence (1) or absence (0) of each condition. Additionally,
“smoking” and “drug abuse” were encoded with binary values
where 0 signifies never and 1 indicates past or current use.

We streamlined the “physical activity” variable, which

originally had six categories, into a binary feature indicating
whether an individual engages in physical exercise at least
twice per week; a value of 1 signifies a potential risk of insuf-
ficient activity [8]. For “physical fitness” and “current health,”
initially rated on a five-point scale from ’very good’ to ’poor,’
we adopted binary coding: 0 for ‘satisfactory’ or better and 1
for ‘relatively poor’ or worse. Additionally, we condensed the
four-category “marital status” feature—comprising ‘married
or cohabiting,’ ‘single,’ ‘divorced,’ and ‘widowed’—into a
single binary indicator where 0 represents individuals without
partners and 1 those with partners.

We binarized “years of education” (1 for ⩽ 10 years and
0 for > 10 years), “BMI” (1 for ⩾ 25 and 0 for < 25),
and “systolic blood pressure” (1 for ⩾ 140 mmHg and 0
for < 140 mmHg) to denote a higher or lower risk for
dementia according to [8], [9]. Regarding the APOE gene,
we focused on the impact of the type 4 allele (ϵ4), a primary
genetic risk factor for Alzheimer’s disease (AD), as identified
by [10]. Consistent with findings from [11], which indicated
an increased AD risk in individuals carrying one or two ϵ4
alleles—with a greater risk associated with two copies—we
coded the presence of APOE ϵ4 alleles as 0 (no copies), 1
(one copy), and 2 (two copies) to reflect their respective risks.

B. Class Labelling and Problem Formulation

We used the ATN framework to label each record in the
dataset. In line with [5], we divide the records into differ-
ent groups based on the normal (+) or abnormal (-) CSF
Aβ42 values (labelled “A”), CSF p-tau values (labelled “T”)
and neurodegeneration or neuronal injury (labelled “N”). We
considered CSF Aβ42 < 1000 pg/mL and CSF p-tau > 27
pg/mL as A+ and T+ respectively, which had been validated
by [12] right on the EPAD LCS data set. To determine
neurodegeneration (N), we used the average medial temporal
lobe atrophy (MTA) since the experiment in [12] showed that
the average MTA score has good distinguishability in the data.
For participants < 65 years of age, an average MTA score ⩾ 1
was considered positive; for participants ⩾ 65 years of age,
an average MTA score ⩾ 1.5 was considered positive [13].
According to [5], we defined A-T-N- as healthy controls (HC),
A+ samples with any combination of T and N types as AD
continuum, and all of the other samples as suspected non-AD
pathologic change (SNAP). We removed records that contain
missing values in the features used in this process.

After the preprocessing and labelling procedure, there are
2,180 records in the dataset for this research. Now the re-
search problem can be formulated as: given a dataset D =
[(x1, y1), (x2, y2), . . . , (xN , yN )], where xi is a record of
features and yi is the label, we want to train a classification
model f(x) → RC , which predicts the class c ∈ C =
{HC,SNAP,AD Continuum} of a given record x.

C. Model Implementation

We choose the random forest [14] technique for our classi-
fication task. It includes an ensemble of decision trees and
incorporates feature selection and interactions naturally in



the learning process [15], which provides unique benefits for
handling our dataset, characterised by a small sample size
and a relatively high-dimensional feature space. Previous work
[16] has shown the random forest outperformed many more
advanced algorithms like the neural network on tabular data.

We applied cross-validation on the training set to get the
optimal hyperparameter settings of the random forest, used
machine learning algorithms to train the model, and reported
the model’s evaluation performance on the test set. For this
purpose, we split the preprocessed data into a training set
(records from visit 1, 75% of the whole dataset) and a test
set (records from visits 2-5, 25% of the whole dataset). The
distributions of classes of the training and test sets are similar
to the distribution of the original dataset. Table II displays the
category distributions pre- and post-split.

The distribution of different classes in the training data is
not balanced, which may harm the classifier’s generalisation
performance. Two techniques are often used to solve data
imbalances: re-sampling and cost-sensitive learning. For the
latter, a cost matrix provided by a domain expert is required
and this is not easy to achieve [17]. In this case, we balanced
the training data using resampling methods. We developed four
prediction models employing distinct resampling strategies:
Model A utilises original training data without modification;
Model B is trained on the random oversampled data; Model C
incorporates the SMOTE-NC algorithm [18] for resampling;
and Model D adopts the balanced random forest approach
[19], which balances each bootstrap sample through random
undersampling. We trained Models A, B, and C with the
standard random forest algorithm on resampled datasets. For
Model D, we applied an ‘minority’ undersampling strategy
that excludes only the minority class.

D. Evaluation Metrics

As we were dealing with imbalanced data, simply using
accuracy tends to provide misleading evaluation because when
computing accuracy in multi-class classification, accuracy is
simply the fraction of correct classifications and is mainly
affected by the classification performance of the majority class.
We applied a series of metrics for the evaluation and compari-
son of our models based on the number of True Positive (TP),
False Negative (FN), False Positive (FP), and True Negative
(TN) in the prediction of the classifiers. Although these are
defined in the binary classification scenario, we could easily
apply them to our multi-class classification problem: when
considering the classification performance of the classifiers in
one class, we could treat this class as the positive class and

TABLE II: Data distribution in the preprocessed dataset

Class Total (%) Train (%) Test (%)

HC 1175 (53.90) 891 (53.93) 284 (53.79)
SNAP 281 (12.89) 223 (13.50) 58 (10.98)
AD Continuum 724 (33.21) 538 (32.57) 186 (35.23)

Total 2180 1652 (75.78) 528 (24.22)

all of the other classes as the negative class. In this case, a k-
class problem turns into k binary classification problems, and
all widely used metrics are available.

Sensitivity and specificity (1) are a pair of metrics widely
used in medical diagnosis [20]. When considering an example
of a medical test for diagnosing a condition, sensitivity refers
to the test’s ability to correctly detect ill patients who do have
the condition, while specificity refers to the test’s ability to
correctly reject healthy patients without a condition.

Sensitivity =
TP

TP + FN
, Specificity =

TN
TN + FP

(1)

We also calculated the F1 score (3) for each class, which
measures the comprehensive performance in positive class de-
tection by considering both accuracy (precision) and coverage
(recall). For the overall performance, we calculated the macro-
average F1 score and area under the receiver operating curve
(AUROC) which is ideal for imbalanced data [21]. The macro-
average is not sensitive to data imbalance while each class has
equal contribution to the metric [22].

Precision =
TP

TP + FP
, Recall =

TN
TN + FP

(2)

F1 Score =
2× (Precision × Recall)

Precision + Recall
(3)

E. Explainability

The interpretability of machine learning models is treated
as important as the prediction accuracy for most life science
problems. For dementia prediction, clinicians and researchers
are curious about how risk factors contribute to the prediction
and the interactions between factors. We applied the SHapley
Additive exPlanation (SHAP) framework [23] to enhance in-
terpretability, building on the inherent clarity of random forest
predictions. SHAP is a method for interpreting predictive
models that is based on Shapley values from cooperative game
theory. The Shapley value is a method of fairly distributing
the total profit of the game, ensuring that the contribution of
each player (feature) is fairly evaluated. For each feature, its
Shapley value is the average of its contribution to the predicted
outcome of all possible feature combinations.

In the case of disease modelling, each risk factor is consid-
ered as a ‘player’ and a ‘team’ of the risk factors ‘cooperatives’
to drive the overall risk of disease. In practice, the contribution
of the risk factor to the prediction (so-called SHAP value)
is the mean marginal contribution of a risk factor value
across all possible risk factor coalitions. The framework could
show the positive or negative relationship for each variable
with the target which surpasses simple feature importance
methods. SHAP interaction values extend on this by breaking
down the contributions into features’ main and interaction
effects. Specifically, we used TreeExplainer [24] to interpret
our random forest classifiers.

III. RESULTS

Table III summarises the performances obtained when we
applied four different models to the unseen test set. In terms of



TABLE III: Classification metrics comparison

Sensitivity (%) Specificity (%) F1 Score (%) F1 Score (%) AUROC

Model HC SNAP AD HC SNAP AD HC SNAP AD macro-average macro-average

A 85.56 22.41 59.14 57.79 99.15 83.92 77.14 34.67 62.68 69.32 0.795
B 83.45 58.62 68.81 74.59 95.32 86.84 81.30 59.65 71.31 75.57 0.842
C 71.48 65.52 69.89 79.91 88.09 84.80 75.75 50.00 70.65 70.27 0.845
D 61.27 67.24 61.29 78.69 82.77 80.12 67.84 45.05 61.54 61.74 0.802

−0.2 0.0 0.2 0.4
SHAP val e (impact on model o tp t)

depression
diabetes

anaesthesia
marital_stat s
hypertension

hypercholesterolemia
systolic_bp

physical activity
sex
bmi
mci

smoking
family_dementia_history

age
e4_allele

Fe
at
 r
e 
va
l 
e

(a) Healthy Control

−0.2 0.0 0.2
SHAP val e (impact on model o tp t)

mci
marital_stat s

depression
anaesthesia

hypercholesterolemia
bmi

hypertension
physical activity

diabetes
sex

systolic_bp
smoking

family_dementia_history
e4_allele

age

Fe
at
 r
e 
va
l 
e

(b) Suspected non-AD pathological change

−0.25 0.00 0.25
SHAP value (impact on model output)

year _education
handedne  
anae the ia

bmi
marital_ tatu 

phy ical activity
mci

hyperten ion
 y tolic_bp

hyperchole terolemia
family_dementia_hi tory

 moking
 ex
age

e4_allele

Low

High

Fe
at
ur

e 
va

lu
e

(c) AD Continuum

Fig. 1: SHAP summary plots

sensitivity, Model A achieved an optimal sensitivity of 85.56%
in categorising the HC category. Whereas, Model D and C
outperformed in classifying SNAP and AD Continuum with
sensitivities of 67.24% and 69.89%, respectively.. In terms of
specificity, Model A excelled in the classification of SNAP
with 99.15%. When it comes to the F1 score, Model B shows
the best balanced and strongest performance in all categories,
culminating in the highest macro-average F1 score of 75.57%.
In terms of the macro-average AUROC, Model B and Model
C stand out for their high overall performance. Although a
permutation test [25] performed shows statistical significance
(P < 0.05) of the difference in AUROC between Models B
and C, the difference is relatively minor.

Model A is trained using the original dataset and performs
good in most of the metrics, indicating that the original dataset
is a good representative for this classification task.

Model B uses random oversampling to increase the numbers
of samples of SNAP and AD Continuum classes, leading to
significant improvements in most of the metrics compared to
Model A. The highest F1 score shows this model is more
reliable and balanced, effectively avoiding misdiagnoses and
missed diagnoses.

Model C employs the SMOTE-NC algorithm for oversam-
pling by generating minority class samples and enhancing
model performance across all metrics. However, this comes
at the cost of reduced performance of the majority category,
suggesting that while oversampling enhances detection of less
frequent classes, it may also introduce noise that hampers
recognition of the majority class.

Model D uses random undersampling to balance the sam-

ple sizes across categories, matching the count of minority
categories. While this improves the sensitivity in SNAP cate-
gory, it leads to lower metrics in other categories, suggesting
that valuable information loss from undersampling diminishes
model performance.

Despite variations in performance across categories, Model
B consistently achieves high scores in most metrics, partic-
ularly excelling in per-class and overall F1 score. It also
shows superior sensitivity for the AD Continuum, which is
our primary concern, and achieves the highest specificity in
identifying Healthy Control, accurately differentiating them
from those with potential dementia. We use the predictions
from Model B in the interpretation and discussion below.

IV. DISCUSSION

Observing the risk factors known as model features as
ranked by the best performing model, Fig. 1 shows the ranking
of the features in terms of importance and impact. The figures
illustrate the varying importance and impact of features across
the three categories. While APOE ϵ4 alleles, age, smoking and
family dementia history are consistently ranked among the top
5 important risk factors, the position of these features varies
between the classes. APOE ϵ4 alleles and age are always in the
top 2 position. Smoking is ranked higher than family dementia
history in AD Continuum category, whereas the ranking of
these factors is different and remains the same in the Healthy
Control and SNAP classes.

On the other hand, the impact values of these risk factors on
different categories also appear to differ, with APOE ϵ4 having
relatively high impact on AD Continuum class. Furthermore,
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Fig. 2: SHAP dependence plots for age and sex
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Fig. 3: SHAP dependence plots for age and smoking
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Fig. 4: SHAP dependence plots for age and ϵ4 allele

while age seems to have uniform distribution of impact among
the HC and AD Continuum, the impact seems to be higher in
the AD Continuum class. Also, focusing on how these features
interact with age, a variety patterns of behaviours emerge. For
example, it can be seen from Fig. 2 the interaction between
sex and age among the Healthy Controls suggests high impact
on males with over 70 years, but the reverse is observed in
the AD Continuum group, where females have higher impact,
suggesting females have high risk compared to men after age
of 70 years. While this is consistent with several findings in
the literature [26], [27], our work has highlighted the age at
which the risk is elevated in females.

Similarly, the interaction and impact of smoking and age
on risk (Fig. 3) appears to be heterogeneous and diverse
among the Health Control group. However, different pattern
is observed in the SNAP and AD Continuum groups. While
non-smoking appears to have higher impact on risk among the
SNAP group before the age of 70 years, there is significant
impact of age over 70 years. However, the reverse of this
phenomenon is observed among the AD Continuum groups
(Fig. 3c), where smoking appears to have a higher impact up
to the age of 70 years but the impact of this is reduced after
the age of 70 years.

Fig. 4 shows the interaction between age and number of



ϵ4 alleles during the prediction. Compared to the distribution
shown in Fig. 4c, the SHAP interaction values are more
densely clustered and centred around zero in Fig. 4b, sug-
gesting that the interaction between age and the number of ϵ4
alleles does not have a strong discriminatory power in predict-
ing non-AD pathologic change. The plot for AD Continuum
shows a more dispersed distribution of SHAP values with a
slightly higher density of positive values, indicating that the
age-ϵ4 allele interaction might have a more pronounced effect
in this group compared to the other two. This aligns with
the understanding that APOE ϵ4 is a significant risk factor
for AD [10], while its significance in other dementias is less
well-defined.

V. CONCLUSION

This paper discussed work which focused on development
of an explainable machine learning model based on Ran-
dom Forest algorithm and the ATN dementia classification
framework. The ATN framework offered the opportunity to
explore pathological process dementia and the influence of
this process on the interaction of risk factors. several models
we developed and evaluated with the best model achieving
high performance prediction accuracy comparable to the best
models reported in the literature. Furthermore, employing the
the SHAP explainable framework, we explored the interaction
of risk factors and their impact of dementia risk. While some
of the interactions observed are consistent with the body of
knowledge, new patterns of interaction and impact on the
various risk groups emerged from this work, which require
further investigation.
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V. González-Castro, D. Anblagan, S. Danso, S. Muñoz-Maniega, D. Job,
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