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Abstract: Dementia, including Alzheimer’s disease, is a neurodegenerative illness characterized by
progressive impairment of cognitive functions, posing a significant global health threat. Physical
exercise is widely recognized for its preventive role, providing benefits for both body composition and
brain health. This study aimed to explore the relationship between physical exercise, body composition,
and the progression of dementia. The analysis was conducted using clinical and neuroradiology data
from the Alzheimer’s Disease Neuroimaging Initiative (ADNI). Our study mainly focused on crucial
parameters such as Body Mass Index (BMI), Skeletal Muscle Index (SMI), and MRI biomarkers,
including hippocampal volume and white matter integrity. We grouped the participants according
to the similarities of their body compositions through clustering techniques. Then, atrophy-related
changes in the brain structures were computed using the Kullback-Leibler divergence. Our findings
suggest that higher BMI and greater muscle mass may slow down brain atrophy, suggesting a protective
effect on the brain. Based on these results, preserving muscle mass and metabolic health through
resistance and aerobic exercise appears crucial in reducing the risk of dementia. Body composition
interventions may slow neurodegenerative changes and promote brain health. This is an essential
piece of information about prevention strategies, especially for individuals at risk of dementia who
may benefit from following structured physical activity strategies.

Keywords: dementia progression; physical activity; Kullback-Leibler divergence; clustering analysis;
neuroimaging biomarkers

1. Introduction

Physical activity is widely acknowledged as a key factor in preventing and managing neurode-
generative conditions such as dementia and Alzheimer’s disease. Among these, Alzheimer’s disease
(AD) represents the most prevalent neurodegenerative disorder, characterized by progressive cognitive
impairment and the eventual development of dementia [13]. Epidemiological studies have consistently
demonstrated that regular physical activity delays the progression of dementia-related symptoms
and enhances cognitive performance [28]. Evidence from randomized controlled trials indicates that
aerobic exercise improves mental performance in individuals with Alzheimer’s disease, particularly in
domains such as working memory and spatial abilities, while also promoting neuroplasticity in brain
regions, including the hippocampus [1,2]. Furthermore, research suggests that sustained physical
activity mitigates degenerative alterations in white matter integrity among older adults. This effect
is particularly evident in APOE-4 allele carriers, a genetic variant associated with a higher risk of
developing Alzheimer’s disease [3].

Body mass index (BMI) and body composition, intrinsically linked to physical activity levels, also
represent significant determinants of dementia risk. Empirical evidence indicates that individuals with
higher BMI and greater fat mass are at an elevated risk of cognitive impairment and neurodegeneration.
The findings from [4] highlight that individuals with elevated BMI and increased body fat percentages
often exhibit reduced levels of physical activity, further exacerbating their susceptibility to metabolic
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and neurodegenerative disorders [26,27]. Conversely, studies suggest that overweight or obese
individuals who engage in regular physical activity experience notable cognitive benefits, likely
attributable to enhanced cerebral perfusion and reduced systemic inflammation, both of which are
exercise-induced effects [5,23].

The evidence further suggests that low muscle and high-fat mass are linked to diminished
cognitive function, likely due to the metabolic and inflammatory dysregulation associated with such a
body composition. The findings published in the European Review for Medical and Pharmacological
Sciences emphasize that enhancing body composition through regular physical activity, particularly
by increasing muscle mass and reducing adiposity, may be a critical factor in dementia prevention.
This improvement supports better metabolic health and enhances neurovascular function, potentially
delaying the onset and progression of neurodegenerative conditions [6].

Our study aims to evaluate the relationship between physical activity and the progression of
dementia by employing clustering techniques and the Kullback-Leibler divergence analysis. Applied
to MRI data, these methods enable the identification of structural brain changes, such as hippocampal
atrophy and reduced white matter integrity, associated with varying levels of physical activity.

2. Materials and Methods
2.1. Method Ouverview

This examination is concerned with the association between physical exercise and body composi-
tion and how dimensional adjacencies impact the progression of dementia using clustering mechanisms
and probabilistic divergence measures. To this end, an integrated methodological framework will
be applied to combine clinical, demographic, and neuroimaging datasets to understand these inter-
relationships better. The data were sourced from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI), a publicly accessible resource offering high-resolution MRI scans and clinical evaluations. The
key variables included:

-  Body Mass Index (BMI): Calculated as weight in kilograms divided by height in square meters,
BMI is a standard measure for assessing body composition and classifying individuals into weight
categories.

—  Skeletal Muscle Index (SMI): Defined as skeletal muscle mass normalized by height squared,
SMI provides a standardized metric for evaluating muscle mass relative to body size. The
complementary nature of BMI and SMI enables a detailed analysis of the influence of body
composition on neurodegenerative processes, particularly dementia progression.

These parameters were selected for their relevance in differentiating physical profiles and their
potential to elucidate the relationship between body composition and health outcomes.

Data preprocessing included z-score normalization to ensure comparability, multiple imputations
to address missing data, and generating probability distributions for neuroimaging biomarkers, such
as hippocampal volume and white matter integrity. Clustering methods were applied to stratify
participants based on BMI and SMI, facilitating the identification of subgroups with distinct physical
profiles. The k-means algorithm, optimized through k-means++ initialization to improve centroid
placement and convergence, was chosen for its robustness and computational efficiency in handling
continuous variables like BMI and SMI. To determine the optimal number of clusters, the Elbow
Method was used to plot the within-cluster sum of squares (WCSS) against the number of clusters,
identifying the point of diminishing returns for optimal data compactness and interpretability. The
resulting clusters provided a foundation for exploring the association between physical profiles and
neuroimaging outcomes.

To further analyze inter-cluster differences, Kullback-Leibler divergence was employed as a
measure of dissimilarity between the probability distributions of neuroimaging biomarkers across
clusters. This probabilistic approach quantified variations in brain structure and elucidated the
potential role of physical activity in modulating neurodegenerative changes.
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Cross-validation techniques were used to test the robustness of clustering results, while external
metrics such as the Adjusted Rand Index assessed cluster stability. Differences in neuroimaging and
clinical outcomes across clusters were statistically evaluated using Analysis of Variance (ANOVA) and
post hoc tests for rigorous interpretation of findings.

2.2. Dataset Characteristics

The Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset is a publicly accessible resource
available through the ADNI website [9]. This dataset provides a comprehensive collection of data on
individuals involved in Alzheimer’s disease research, encompassing healthy controls, individuals
with mild cognitive impairment (MCI), and patients diagnosed with Alzheimer’s disease. The dataset
includes high-resolution neuroimaging data (such as structural MRI scans), clinical assessments
(including cognitive and diagnostic tests), and demographic information (e.g., age, gender, and
education level). The present dataset has been painstakingly preprocessed for research purposes,
handling missing values and converting categorical variables into numerical representations to enhance
data analysis capabilities. Each subject is assigned an anonymous unique ID to ensure participant
privacy and allow longitudinal evaluation of change over time and across visits and assessments. The
ADNI dataset represents a critical tool for understanding the progression of Alzheimer’s disease and
its relationship to demographic, clinical, and imaging markers.

The dataset encompasses a variety of features that provide comprehensive information about the
health status of participants. These include:

—  Magnetic Resonance Imaging (MRI) data that provide high-resolution scans of the brain, visualiz-
ing its structure and detailed anatomical regions used to assess brain volume, cortical thickness,
and other neurodegenerative changes characteristic of Alzheimer’s disease;

-  Body Mass Index (BMI), calculated as weight in kilograms divided by height in square meters,
which is a standard measure for assessing body composition and classifying individuals into
weight categories, including underweight, normal weight, overweight, and obese;

—  Muscle mass estimates that refer to inferred values derived from physical examinations, imaging
proxies, or other relevant clinical indicators, as direct muscle mass measurements are not explicitly
provided;

—  Demographic characteristics such as age, gender, education, and ethnicity enable analyses of how
these factors influence the progression of Alzheimer’s disease;

—  Clinical assessments that include cognitive tests, medical histories, and diagnostic evaluations,
offering valuable insights into participants” mental health and the severity of neurodegenerative
conditions.

Each record in the dataset corresponds to a unique participant and includes data collected at
multiple time points, enabling comprehensive longitudinal studies to monitor disease progression.
Integrating neuroimaging, clinical, and demographic data establishes the ADNI dataset as a critical
tool for exploring the complex relationships between Alzheimer’s disease, BMI, muscle mass, and
other key health indicators. The dataset’s temporal aspect provides invaluable insights into the
dynamic processes underlying neurodegeneration and its association with body composition and
other physiological factors.

2.3. Clustering Analysis

Clustering algorithms are essential in unsupervised machine learning, enabling grouping data
points based on patterns or inherent structures without predefined labels [10]. This study uses
clustering to identify subgroups within the dataset that share similar physical and neuroimaging
characteristics. In principle, all clustering methods differ with unique approaches and assumptions.
Yet, most clustering techniques can also be turned to different datasets with the relevant pre-processing
and careful adjustments of parameters. Clustering analysis can be divided into four main approaches:

e hierarchical clustering,
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e  density-based clustering,
e  probabilistic clustering,
*  partitioning clustering.

Hierarchical clustering forms one nested hierarchy of clusters using agglomerative (bottom-up)
or divisive (top-down) strategies, enabling data analysis at many different granularity levels. This
method is particularly suitable when the number of clusters is unknown or when relationships among
clusters at multiple scales are of interest [19].

Density-based methods such as DBSCAN (Density-Based Spatial Clustering of Applications with
Noise) group points based on dense regions in the feature space, identifying clusters of arbitrary
shapes while isolating noise as outliers. This makes DBSCAN effective for datasets with non-linear
cluster boundaries, though its performance can degrade with varying cluster densities [20]. Model-
based clustering assumes that data are generated from a mixture of probability distributions, often
Gaussian, and seeks to optimize these models to represent the data best. This approach accommodates
overlapping clusters but relies on accurate model assumptions [21].

Probabilistic methods assume that data points are generated from a mixture of probability dis-
tributions, typically Gaussian. The clustering process involves estimating distribution parameters to
represent the dataset accurately. The Expectation-Maximization (EM) algorithm is an example of a
probabilistic approach. It alternates between two steps: the Expectation (E) step, where data points
are probabilistically assigned to clusters based on current model estimates, and the Maximization (M)
step, where the distribution parameters are updated to maximize the likelihood of the observed data.

Partitioning methods such as k-means direct the data into a fixed number of clusters by minimizing
the within-cluster sum of squares; the spatial compactness of the resulting clusters will ensure that the
partition is suitable. Due to its effectiveness and simplicity, k-means is commonly used in applications
dealing with large continuous numerical data sets. However, the algorithm operates on the assumption
of spherical clusters of equal size. It is susceptible to the initial placement of centroids, a limitation
that can be alleviated through advanced initialization methods such as k-means++ [22]. Despite these
limitations, the scalability and interpretability of k-means make it a popular choice in many domains,
including medical and health-related research.

K-means clustering was selected for this study due to its ability to efficiently handle the continu-
ous features: Body Mass Index (BMI) and Skeletal Muscle Index (SMI). The algorithm’s reliance on
minimizing within-cluster variance aligns with group participants based on similar physical charac-
teristics. The k-means++ initialization method enhanced the algorithm’s robustness by reducing the
sensitivity to random centroid initialization, ensuring more consistent convergence.

The k-means algorithm operates by iteratively partitioning the dataset X = {xy,x2,...,x,},
comprising n data points into k clusters C = {Cy, Cy, ..., C}. The algorithm minimizes the within-
cluster sum of squares (WCSS) to optimize the compactness of the clusters, with the objective function
defined as formula 1 [11]:

k
min} Y- [Jxi = pl® (1)
jzlxiEC]‘

where: ji; represents the centroid of cluster C;, computed as the mean of all data points assigned to
that cluster according to the formula 2:

1
W= =7 ) % )
|C]| xlEC]-

The algorithm alternates between two steps:

—  assigning each data point x; to the nearest cluster centroid based on Euclidean distance, and
—  updating the cluster centroids by recalculating the mean of all assigned points.
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The process iterates until the centroids stabilize or a predefined maximum number of iterations is
reached.

This study’s clustering was based on two key physical characteristics: BMI and SMI. BMI,
calculated as weight in kilograms divided by height in square meters, is a standard measure used to
assess body composition and categorize individuals into underweight, normal weight, overweight,
and obese groups. Skeletal muscle mass index (SMI) is a measure that has been defined as the skeletal
muscle mass normalized by height squared; it is a standard measure of muscle mass relative to body
size and gives information regarding body composition. This cluster of features was chosen because
of its differentiating use in physical profiles and possible destinations in health outcomes, including
dementia progression.

Normalization was performed using z-score transformation, standardizing the features to have
a mean of zero and a standard deviation of one to ensure comparability between BMI and SMI as
depicted in formula 3:

2 = Xi— M (3)

where x; is the feature value, u is the mean, and ¢ is the standard deviation.

The normalization step was applied, as k-means clustering relies on Euclidean distance, which is
sensitive to the scale of the features.

The optimal number of clusters k was determined using the elbow method. This method involves
plotting the WCSS for different values of k and identifying the point where the rate of decrease slows
significantly, indicating a balance between compactness and interpretability. The silhouette score was
calculated to validate the optimal number of clusters further, providing an additional measure of
cluster separation and cohesion. Based on this analysis, different cluster schemas were selected, each
representing distinct patterns in BMI and SMI. These schemas provide a meaningful stratification of
participants, facilitating subsequent analysis of their relationship with dementia progression.

2.4. Kullback-Leibler Divergence Measure

The Kullback-Leibler (KL) divergence was first introduced in [7]. It is also known as the Kull-
back-Leibler distance, cross-entropy, information divergence, and information for discrimination [8].
Kullback-Leibler (KL) divergence measures the difference between two probability distributions, i.e.,
it quantifies how one distribution P diverges from another Q [24,25,30]. Formally, KL divergence is
defined as shown in Equation 4.

Dk (P||Q) = ) P(i) logil-) (4)
i Q (l )

where: P(i) represents the probability of observing a specific feature (e.g., hippocampal volume) in the
target distribution, and Q(7) denotes the corresponding probability in the reference distribution.

KL divergence quantifies the relative entropy between these distributions, with larger values
indicating more significant divergence. The measure is non-negative (Dx1, > 0), with a zero value
when the distributions are identical. It is asymmetric, meaning Dk (P||Q) # Dkr(Q|/P), which
emphasizes the importance of choosing an appropriate reference distribution. Unlike summary metrics
such as mean or variance, KL divergence evaluates the entire shape of the distributions, capturing
nuanced variations in atrophy patterns across groups. This is relevant for detecting the effects of
physical activity on brain structures like the hippocampus, where the impact may manifest as small
but significant differences in atrophy progression.

The distributions were extracted from preprocessed MRI scans, where voxel intensities or regional
volumes were normalized to create valid probability distributions that sum to one. In the context of
this study, KL divergence was applied to analyze:

(A) intersubject variability;
(B) intrasubject variability.
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(A) The intersubject variability was analyzed to evaluate differences in hippocampal atrophy distri-
butions between groups with varying physical activity levels. The target distribution, P, represented
individuals with higher physical activity levels, while the reference distribution, Q, corresponded
to sedentary individuals. By computing Dk (P||Q), the divergence highlights the extent to which
physical activity mitigates brain atrophy.
(B) The Intrasubject variability was analyzed to compare MRI images of the same patient to analyze
dementia progression and track how the divergence between active and passive groups evolves. The
target distribution, P, represented the current state of the brain (the MRI taken at a later time point). In
contrast, the reference distribution, Q, corresponded to the baseline state of the brain (the MRI taken at
an earlier time point). A higher Dy, value indicates greater divergence, suggesting more significant
structural changes, which may correspond to disease progression. Conversely, a lower Dk, value
indicates minimal divergence, suggesting stability in brain structure over time.

As a result, our study offers more profound insights into the temporal dynamics of dementia
progression and neuroprotection.

3. Results and Discussion

The following methodological steps were carried out to examine the relationship between Body
Mass Index (BMI) values and brain alterations observed in MRI scans:

1. Initially, a dataset comprising patients who underwent body weight, height, and musculature
measurements was curated. To be included, patients were required to have undergone multiple
assessments, with the initial examination indicating minimal changes and subsequent assessments
reflecting advanced stages of dementia or Alzheimer’s disease.

2. Cluster analysis was performed using numerical data, including calculated BMI values and
muscularity scores, forming up to five distinct clusters.

3. The Kullback-Leibler divergence was computed separately for each patient’s first and final MRI
images.

4. The mean Kullback-Leibler divergence value within each cluster was calculated to evaluate
whether participants” physical characteristics corresponded to the progression of brain changes.

The study employed cluster analysis on numerical data, focusing on BMI and muscle test scores,
to explore patterns across different cluster configurations. The elbow method and the silhouette score
were utilized to determine the optimal number of clusters. The scores were computed for clusters of
two, three, four, and five. The results of the silhouette score are displayed in Figure 2 and Table 1.

Table 1. Silhouette scores for clustering schemas with two, three, four, and five clusters.

Two clusters Three clusters Four clusters Five clusters
Avg. Max Avg. Max Avg. Max Avg. Max
score score score score score score score score

0.6502 0.7357 0.5118 0.6569 0.4391 0.5397 0.7193 0.8126

0.3950 0.5613 0.3627 0.5378 0.5079 0.6799 0.3887 0.5460
0.6352 0.7596 0.3627 0.5378 0.5580 0.7100

0.7369 0.8290 0.4152 0.6417

0.4391 0.5397

0.5287 0.5382 0.5538 0.5641
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Figure 1. The overview of the experimental research process and methodology.

Figure 2. The results of the silhouette score in different clustering schemas.

When analyzing the silhouette score about the overall average score of the entire dataset, the
optimal number of clusters is two. This is because these clusters are the only ones with a maximum
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score exceeding the dataset as the whole’s average. For three clusters, one cluster’s score is equal to
the average. In the case of four clusters, the scores for two are close enough to warrant consideration.
However, when examining five clusters, the scores for two are too low to be significant.

The results derived from the workflow illustrated in Figure 1 are presented in Table 2 for two
clusters, Table 3 for three clusters, and Table 4 for four clusters. Each table details the results for
individual participants, with the average values for each cluster summarized in the final row.

Figures 3, 4 and 5 illustrate visual representations of the clusters. Each point represents an
individual participant, with color intensity corresponding to the calculated Kullback-Leibler divergence
value. The results are categorized into five groups based on divergence values:

- divergence values below 0.02 are represented in light green;

- divergence values ranging from 0.02 to less than 0.05 are shown in dark green;
- divergence values between 0.05 and 0.15 are depicted in blue;

- divergence values from 0.15 to less than one are marked in orange;

- divergence values equal to or exceeding one are highlighted in red.

Table 2. Overview of BMI, muscle test values, and Kullback-Leibler divergence results, including average values
calculated across two clusters.

First cluster Second cluster

BMI Muscle Divergence BMI Muscle Divergence
24.98 1 0.00136 27.66 1 0.05977
22,6 1 0.02796 26.26 2 0.06558
17.71 2 0.05187 28.59 2 0.01234
21.3 1 0.03948 30.41 1 0.03011
23.82 1 0.02492 30.1 1 0.05837
24.74 1 0.01155 26.46 1 0.02117
22.65 1 0.01257 35.93 1 0.02827
24.75 1 1.53896 27.5 1 0.03298
24.99 1 0.65867 33.37 2 0.01563
22.67 1 0.00483 27.9 1 0.00188
21.87 1 0.37601 27.38 2 0.20965
23.97 1 0.08842 25.12 1 0.45746
23.89 1 0.07241 26.07 1 0.04343
23.77 1 0.04603 27.29 1 0.1067
22.32 1 0.3091 31.37 1 0.10691
24.37 1 0.0068 27.44 1 0.07368
22.59 1 0.14368 29.05 2 0.10412
23.83 1 0.18746 26.63 1 0.03395
24.48 1 0.21873 26.19 1 0.15898
24.61 1 0.01618 26.47 1 0.00457
26.86 2 0.03252
25.08 1 1.41732
23.3 1.05 0.19185 28.14 1.27 0.13979
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First cluster Second cluster

Figure 3. The visual representation of the experimental research results for two clusters.

Table 3. Overview of BMI, muscle test values, and Kullback-Leibler divergence results, including average values
calculated across three clusters.

First cluster Second cluster Third cluster
BMI Muscle Diw. BMI Muscle Diw. BMI Muscle Diw.
24.98 1 0.00136 27.66 1 0.05977 26.26 2 0.06558
22.6 1 0.02796 30.41 1 0.03011 28.59 2 0.01234
17.71 2 0.05187 30.1 1 0.05837 33.37 2 0.01563
21.3 1 0.03948 26.46 1 0.02117 27.38 2 0.20965
23.82 1 0.02492 35.93 1 0.02827 29.05 2 0.10412
24.74 1 0.01155 27.5 1 0.03298 26.86 2 0.03252
22.65 1 0.01257 27.9 1 0.00188
24.75 1 1.53896 25.12 1 0.45746
24.99 1 0.65867 26.07 1 0.04343
22.67 1 0.00483 27.29 1 0.1067
21.87 1 0.37601 31.37 1 0.10691
23.97 1 0.08842 27.44 1 0.07368
23.89 1 0.07241 26.63 1 0.03395
23.77 1 0.04603 26.19 1 0.15898
22.32 1 0.3091 26.47 1 0.00457
24.37 1 0.0068 25.08 1 1.41732
22.59 1 0.14368
23.83 1 0.18746
24.48 1 0.21873
24.61 1 0.01618
23.3 1.05 0.19185 27.98 1 0.16472 28.59 2 0.07331
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First cluster Second cluster

Third cluster

Figure 4. The visual representation of the experimental research results for three clusters.

Table 4. Overview of BMI, muscle test values, and Kullback-Leibler divergence results, including average values
calculated across four clusters.

First cluster Second cluster Third cluster Fourth cluster
BMI Musc. Diw BMI Musc. Diw BMI Musc. Diw BMI Musc. Diw

24.61
23.3 1

0.01618
5  0.19185 26.65 1 0.20099 28.59 2 0.07331 31.95 1 0.05592

24.98 1 0.00136 27.66 1 0.05977 26.26 2 0.06558 30.41 1 0.03011
22.6 1 0.02796 26.46 1 0.02117 28.59 2 0.01234 30.1 1 0.05837
17.71 2 0.05187 27.5 1 0.03298 33.37 2 0.01563 35.93 1 0.02827
21.3 1 0.03948 27.9 1 0.00188 27.38 2 0.20965 31.37 1 0.10691
23.82 1 0.02492 25.12 1 0.45746 29.05 2 0.10412
24.74 1 0.01155 26.07 1 0.04343 26.86 2 0.03252
22.65 1 0.01257 27.29 1 0.1067
2475 1 1.53896 27.44 1 0.07368
24.99 1 0.65867 26.63 1 0.03395
22.67 1 0.00483 26.19 1 0.15898
21.87 1 0.37601 26.47 1 0.00457
23.97 1 0.08842 25.08 1 1.41732
23.89 1 0.07241
23.77 1 0.04603
22.32 1 0.3091
24.37 1 0.0068
22.59 1 0.14368
23.83 1 0.18746
24.48 1 0.21873
1
.0
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First cluster Second cluster

Third cluster Fourth cluster

Figure 5. The visual representation of the experimental research results for four clusters.

The comparison of patients grouped into two clusters reveals that individuals with a higher Body
Mass Index (BMI) exhibit fewer brain changes over time. Moreover, these individuals achieve higher
scores on muscle strength assessments.

The analysis of three clusters indicates that patients within the same cluster consistently exhibit
higher BMI values and superior muscle test scores. These findings suggest a positive association
between elevated BMI and a lower degree of brain changes.

The cluster analysis was extended to encompass four clusters, preserving the subgroup of patients
with the lowest BMI and low muscle scores alongside those with higher BMI and superior muscle
scores. Within the cohort of patients with average BMI values, individuals with relatively higher BMI
were distinguished to form the fourth cluster. Interestingly, according to the divergence measure, this
newly formed group demonstrated the most favorable outcomes.

Nevertheless, the classification of patients into separate subgroups showed that those with a
moderate BMI and less physical activity exhibited the most significant differences in brain structure.
These observations endorse the fact that the combined state of lower BMI and reduced muscle mass is
the least beneficial condition for brain changes that occur in dementia or Alzheimer’s disease.

The comparison of results across clusters indicates a positive association between higher Body
Mass Index (BMI) scores and a slower progression of structural brain changes. It should be noted that
increased physical activity may lead to weight gain during specific lifestyle transitions, particularly
following an athletic career, potentially resulting in elevated BMI values [12]. Considering this,
alongside the longitudinal trajectory of brain changes, individuals with higher BMI in older age may
have engaged in more excellent physical activity during their youth compared to those with lower
BMI values.

4. Conclusions

The research aimed to investigate the impact of physical activity on the development of chronic dis-
eases, with a particular focus on brain changes associated with Alzheimer’s disease.
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A clustering analysis was performed to group patients into varying numbers of clusters based on
data reflecting their physical condition. As the number of clusters increased, a more distinct correlation
was observed between physical condition indicators and the progression of brain changes associated
with Alzheimer’s disease or dementia.

The results from the two-cluster analysis provided limited insights, as dividing patients into only
two groups did not allow for detailed conclusions. Nonetheless, a consistent subgroup of patients
was identified from the beginning: this group exhibited the lowest average Body Mass Index (BMI)
and predominantly achieved a physical test score of 1. When the data were analyzed using a three-
cluster division, the first cluster remained consistent with the grouping from the prior two-cluster
analysis. The second cluster included patients with the highest BMI values, who also displayed
elevated muscle tissue indices. Comparing the mean Kullback-Leibler divergence values between
clusters revealed no statistically significant differences between the lowest and average BMI groups.
In contrast, a considerable difference emerged when these two groups were compared with the third
cluster, indicating that patients with higher BMI values experienced a slower disease progression.

The final methodology focused on creating four distinct clusters. One of these clusters remained
unchanged. During this process, patients were further divided into three clusters, grouping individuals
with an average BMI of 28.59 and a muscle index of 2. A subgroup from the original second cluster
comprised patients with the highest average BMI. The average Kullback-Leibler measure revealed
that participants in this subgroup exhibited the slightest degree of brain tissue changes. Interestingly,
participants assigned to the second cluster demonstrated the most unfavorable outcomes.

Analysis of outcomes across varying numbers of clusters revealed a clear differentiation in results.
The following methodological steps were carried out to examine the relationship between Body Mass
Index (BMI) values and brain alterations observed in MRI scans. This observation corroborates earlier
findings of fitting excess weight, which could reduce mortality risk in old age through protective
influences against osteoporotic fractures and cognitive decline. Furthermore, higher body weight may
serve as an energy reserve, protecting against protein-energy malnutrition. [14].

The concept of "frailty” pertains to the overall health status of older adults. Frailty is theoretically
characterized as a clinically identifiable condition marked by heightened vulnerability due to age-
related declines in physiological reserve and function across multiple systems, which impair the ability
to manage routine or acute stressors [15]. Studies have proposed that excess body weight may protect
against mortality in individuals experiencing moderate or severe frailty [16].

The findings suggest that older adults with higher BMI values may have been more active in
physical activity during their youth. This hypothesis is reinforced by evidence that resistance training
significantly influences body composition and muscle strength in older adults [17]. Since muscle tissue
is denser than fat, higher muscle mass can result in an elevated BMI [18]. Within this framework, a
higher BMI in older adults is more advantageous than a particularly low BMIL

Considering this assumption, the research findings—based on a comparison of brain tomography
images taken at the start and conclusion of the study—highlight inappropriate clustering that reinforces
the thesis. Through various clusters, the experiments were able to conduct a closer exploration of
possible physical activity levels as inferred from the muscle tissue test values by the participants.

In summary, a high BMI was likely enough to invite neuroanatomical changes analogous to
those caused by aging processes typical of Alzheimer’s disease. Studies highlighting the influence of
physical activity during youth, combined with an analysis of BMI in older age, further reinforce this
thesis.

Future research should explore a more extensive dataset, incorporating a broader range of
demographic, clinical, and lifestyle variables to validate the observed relationships between BMI,
muscle mass, and neurodegenerative processes. Longitudinal studies with repeated MRI assessments
and advanced imaging techniques could provide deeper insights into the temporal dynamics of
brain atrophy. Additionally, integrating genetic markers such as APOE-e4 status and more detailed
physical activity records could enhance the understanding of protective factors against dementia.
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Developing advanced clustering algorithms and applying deep neural networks may also improve
patient stratification and disease progression prediction accuracy. These efforts could contribute to
designing more personalized intervention strategies to mitigate cognitive decline in older adults.
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