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Abstract 
	 Alzheimer’s disease is a progressive neurodegenerative disease, which has implications for the health of people and 
is the key to targeted treatment. Interventions are the timely detection of the potential risk factors at the population level. 
The paper utilized big data analytics for self-reported BFRSS data for evaluating cognitive decline predictors in Alzheimer’s 
disease. Software such as Apache was used to implement machine learning models, such as linear for scaling processed data. 
These include the regression, random forest, and clustering for identifying the higher-risk groups. The random Forest model 
displayed moderate predictive power (R 2 = 0.4697, RMSE = 17.35), outperforming Linear Regression. Clustering resulted 
in the identification of populations with mental health burden and geographic differences. Results emphasize the importance 
of mental health, socioeconomic status, and regional differences as risk factors for Alzheimer. Big data frameworks for 
population health analytics and supports targeted public health interventions.
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1. Introduction
	 Alzheimer’s is widely recognized as one of the 
leading causes of cognitive decline among the aging 
population. It has been a major challenge to the healthcare 
systems all over the world. The identification of risk 
factors of the disease at an early stage is of importance in 
prevention and intervention measures. The prior clinical 
research mainly depends on small and controlled datasets, 
hence limiting their ability to capture population-level 
trends.
With the increasing availability of large-scale health 
datasets, machine learning and big data analytics provide 
new opportunities to explore complex relationships 
between demographic, behavioral, and geographic factors. 
The Behavioral Risk Factor Surveillance System (BRFSS) 
offers a comprehensive dataset capturing self-reported 
health behaviors across the United States.
According to recent studies, there are approximately 6.7–
6.9 million Americans who are aged 65 years and older 
and are surviving Alzheimer’s dementia. This figure is 
projected to more than double to about 13–14 million by 
2050–2060, in the absence of effective preventive therapies 
(Fu et al., 2025; You et al., 2022). AD is currently among 

the main causes of death in older adults, and the reported 
death cases are increasing by more than 140% since 2000, 
in contrast to a reduction in mortality from stroke, heart 
disease and HIV(“2024 Alzheimer’s disease facts and 
figures,” 2024).
Numerous studies highlight cardiovascular risk factors, 
depression, sleep disturbances, metabolic conditions and 
lifestyle factors as the significant sources of cognitive 
decline and progression to AD (You et al., 2022). According 
to some studies, the variances in terms of race, ethnicity, 
geography and socioeconomic status are described as the 
Black and Hispanic older adults in the United States have 
a greater risk of Alzheimer’s dementia than non-Hispanic 
White older adults and the prevalence of dementia and 
mortality varies across regions, with higher incidence 
often reported in the Midwest and Southern States (Weuve 
et al., 2017)
Additionally, the digitization of health information has 
created outstanding opportunities for the analysis of AD 
risk and progression using large scale datasets. Now, 
administrative claims, electronic health records (EHRs), 
national cohorts, and surveillance systems can explore 
longitudinal information on diagnoses, medications, 
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laboratory values, social factors and health behaviors for 
a higher number of individuals (Park et al., 2020). Many 
ML and other methods have been used for predicting 
the incident AD, model progression from mild cognitive 
impairment (MCI), and identifying disease sub-phenotypes 
and trajectories. These methods have provided successful 
predictive performance, identified novel risk indicators 
and supported the potential of big data analytics for early 
detection in public health for the purpose of dementia (You 
et al., 2022).
Although some significant evidence indicates that AD 
threatens global health, there is limited access to large-scale, 
population-level survey data and distributed computing to 
simultaneously model cognitive impairment risk, anxiety, 
demographic and regional patterns (You et al., 2022), the 
currently used Machine Learning techniques are mainly 
based on clinical or healthcare datasets. They cannot be 
successfully used for population-based health planning, 
while the variance-focused research uses traditional 
methods that do not make full use of multidimensional 
data (Kramer et al., 2024). These limitations highlight the 
need for more comprehensive, data-driven approaches 
to support policymakers and public health professionals 
in identifying at-risk populations and designing targeted 
interventions.
Thus, this study aims to identify key predictors of cognitive 
decline associated with Alzheimer’s disease and evaluate 
the effectiveness of machine learning models in predicting 
risk patterns. Additionally, clustering techniques are used 
to segment populations and uncover hidden patterns that 
may inform targeted interventions.

2. Materials and Methods
2.1 Dataset & Preprocessing
	 The study utilizes a dataset from the CDC 
regarding Alzheimer’s Disease and Healthy Aging 
(2015–2022), which comprises 284,142 records across 
31 variables. It consists of demographics, health variables 
and geographical variables. For constructing the analytical 
environment, software Apache Spark 3.3.0 was used, 
that helped in the removal of duplicates and missing 
values in core columns, which were processed in the data 
cleaning, ultimately leading to a refined dataset of 169,435 
records. The most significant variables were demographics 
(LocationDesc, LocationAbbr, YearStart, YearEnd), health 
indicators (Class, Topic, Question, Data, Data-Value-Type), 
statistical (Low-Confidence-Limit, High-Confidence-
Limit) variables, stratification (Stratificationcategory1, 

Stratification1, Stratificationcategory2, Stratification2), 
geographic (Geolocation) and other identifier (RowId, 
ClassID, TopicID, QuestionID, LocationID) variables. 
The dataset recorded health indicators in various arenas, 
such as mental health, general health, caregiving, cognitive 
deterioration, screenings and vaccinations, nutritional and 
physical exercise, and smoking and alcohol consumption.

2.2 Exploratory Data Analysis
	 Exploratory data analysis of numeric columns, 
count, mean, standard deviation, and percentile were 
calculated using the in-built support functions of Spark. 
To evaluate the relationships between Data_Value, Low 
confidence limit and High confidence limit, correlation 
matrices have been produced. Frequency distributions 
were studied in the case of categorical variables in 
columns of Class, Topic, LocationDesc, Stratification1 and 
Stratification2. After converting DataFrames to Pandas, 
Matplotlib and Seaborn are used for visualization of pie 
charts, bar plots, box plots, and stacked bar charts. These 
demonstrated how the health classes were distributed, the 
geographic differences in the availability of data, stratifying 
age groups, racial/ethnic representation, and how health 
topics are related to the range of values of data.

2.3 Feature Engineering and Modeling
	 Categorical variables (e.g., LocationDesc, Class, 
Stratification) were transformed using Spark’s String 
Indexer, while rare categories (frequency <10) were 
consolidated to ensure model stability. VectorAssembler 
was used for integrating features into a single feature 
vector. The paper applies three modeling techniques, 
linear regression for establishing a baseline for variance 
explanation. Secondly, Random Forest regression (a 
nonlinear technique) was applied to capture nonlinear 
interactions with hyperparameter optimization through 
grid search (maxDepth = 10, numTrees = 50); Thirdly, 
the application of K-Means allowed the identification of 
natural subgroups within the population. K was selected 
based on interpretability and exploratory analysis. The 
evaluation of clusters was based on the demographics and 
the health-related characteristics. 

2.4 Predictive Modeling
	 RandomSplit was used with a constant seed to 
split the dataset into training (80%) and testing (20%) sets 
to ensure reproducibility. Apache Spark MLlib was used 
to implement three machine learning techniques. For the 
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linear regression model, performance was evaluated using 
Root Mean Squared Error (RMSE) and the coefficient of 
determination (R²). A random forest regressor was used 
to capture nonlinear relationships and interactions in the 
data. Maximum depth (maxDepth) and number of trees 
(numTrees) were optimized by means of grid search. 
The best values (maxDepth = 10, numTrees = 50) were 
determined according to the performance of the model. 
The identification of the natural subgroups in the data 
was executed with K-Means clustering with k = 3. The 
silhouette score was used to assess the performance of 
clustering. In all models, the assembled feature vector was 
input, and Data_Value was the target variable.

2.5 Model Evaluation
	 Model performance was evaluated using 
standardized metrics. The regression models used RMSE 
for determining the average prediction error, whereas R² 
was used for measuring the extent of variance explained 
by the model. For analyzing clusters, the silhouette score 
measures both cohesion and separation. Model performance 
metrics were used to compare the different approaches to 
evaluate the advantages of more complex algorithms and 
hyperparameter tuning. Random Forest model was used 

to assess the feature importance. It was assessed using 
Spark’s built-in environment to ensure effective distributed 
computation and reproducibility. 

3. Results
3.1 Descriptive Statistics
	 The descriptive statistics in Table 1 reflect the 
processed and cleaned data. As a result, the final dataset 
contained 169435 records, which spread across 10 main 
analytical domains. The major variables that were presented 
in this table are the data value, the lower and upper 
confidence limits. This offers the basic understanding of 
the central tendency and variability of the health indicators. 
Table 1 shows the key metrics for data values, which reveal 
a mean of 38.74% with a standard deviation of 23.70. The 
table further showed the difference between the minimum 
0 and maximum 100 values, along with the interquartile 
range (25th percentile at 19.2 and 75th percentile at 55.2). 
This indicates the significance of variables in health 
indicators among the surveyed populations. The confidence 
limits portrayed a consistent distribution, with the average 
of lower and upper confidence limits being 33.80% and 
44.03%, respectively.

Table 1 Descriptive Statistics of Healthcare Indicators

Metric N Mean Std. 
Deviation

Min 25% 50% 75% Max

Data_Value 169,435 38.74 23.69 0.0 19.2 34.0 55.2 100.0
Low_Confidence_Limit 169,435 33.80 22.97 0.0 15.3 28.2 47.7 99.6
High_Confidence_Limit 169,435 44.03 24.39 1.3 23.5 40.3 63.1 100.0

	 For evaluating the internal consistency and 
interdependency of the numeric variables, the correlation 
matrix was generated by Spark’s statistical function, 
as shown in Figure 1, which analyses the correlation 
heatmap, reveals the exceptionally strong positive linear 
relationships among the metrics. 
Particularly, it shows that the Pearson correlation coefficient 
between data value and the lower confidence limit was 
0.98, whereas the correlation coefficient between data 
value and the higher confidence limit was 0.97. In addition 
to this, the correlation between lower and upper confidence 
bounds was observed to be 0.96. These higher coefficients 
indicate the primary health outcome to be tightly coupled 
with their statistical or mathematical confidence intervals. 
The observed trends across demographic and geographic 
groups are statistically reliable and internally coherent.

3.2 Geographic Patterns
	 Figure 2 shows the geographic distribution of 
Alzheimer-related health data frequencies across the 
United States and its territories. It demonstrates the patterns 
that reveal the significant regional disparities in health 
surveillance and disease burden: (1) High-Frequency 
Regions: The most numerous health indicators were 
recorded in the Northeast (e.g., New York, Connecticut, 
Pennsylvania), certain Southern states (e.g., Oklahoma, 
Texas, Arizona), California, and the District of Columbia: 
(2) Low-Frequency Regions: Conversely, lower frequencies 
were observed in US territories (e.g., Guam, Puerto Rico, 
Virgin Islands), several Western states (e.g., Alaska, Hawaii, 
Nevada, Utah), as well as West Virginia and Maine. These 
patterns highlight critical public health concerns such as 
(1) Surveillance vs. Burden which is observed through 
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the trends that indicate either actual regional differences 
Alzheimer’s or variations/prevalence in the activity levels 
of regional health surveillance systems; (2) The “Stroke 
Belt” Connection which shows geographic analysis 
that identified a high concentration of risk factors in the 
Southeastern United States. Specifically, states within the 
“Stroke Belt”, including Alabama, Mississippi, Louisiana, 
and Arkansas, exhibited the highest levels of Alzheimer-
associated outcomes, such as mental distress and activity 
limitations; (3) Socioeconomic and Clinical Drivers were 
spotted through these Southeastern hotspots for diagnosing 
patterns of cardiovascular (CV) disease. This suggests 
that vascular risk factors and limited healthcare access 
contribute to cognitive aging. While lower prevalence 
values in Western and Northeastern states (such as Colorado 
and Utah) are attributed to healthier lifestyle determinants 
and better healthcare accessibility, (4) It helped in the 
identification of the targeted intervention through these 
geographic hotspots which became essential to implement 
data driven and location specific public health intervention 
to address the intersection of CV health and cognitive or 
neurodegenerative decline.

3.3 Demographic Variances
	 Figure 3 shows the age-based stratification of the 
health indicator that is analyzed in the study. The relevant 

demographic variances are centered on the following key 
findings: First, Highest Burden of Disease: individuals 
aged 65 years and older exhibit the highest percentage of 
health indicators compared to other groups. This age sector 
is considered to face cognitive decline and its related risk 
factors; Second, Stratification Order defines data which 
reveals a clear trajectory in the frequency of recorded 
health indicators, giving first rank to the 65+ age group. 
The overall group follows it, and finally, the 50-64 years of 
age group. Third, Public health performance versus risks 
denotes the relevance to focus on the 65+ demographics. 
While this group shows the highest rate of screenings 
and vaccinations for reflecting the effective public health 
outreach for older adults yet, they also portray the largest 
average values for critical risk factors, which include high 
blood pressure, physical activity and subjective cognitive 
decline. Finally, these results suggest that older adults 
remain the primary target for data-driven interventions due 
to their elevated risk profile.  Additionally, mental distress 
appears to be a significant predictor of cognitive decline, 
potentially contributing beyond the effects of age alone.

	 Furthermore, the factors were examined for the 
distribution of health indicators and their role across 
different population groups. Those factors are race, 
ethnicity, and gender. The health challenges have been 

Figure 1 Correlation matrix
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Figure 2 Geographic Distribution

Figure 3 Age Demographic Stratification
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portrayed and highlighted among these groups, as shown 
in Figure 4. It also demonstrates a clear hierarchy in the 
representation of racial and ethnic groups across all age 
brackets: (1) Highest Representation: White non-Hispanic 
individuals constitute the largest portion of the dataset; (2) 
This shows the gradual decrease in the representation of 
data through observed analysis with other groups Black 
non-Hispanic, Hispanic, Asian/Pacific Islander, and finally 
Native American/Alaskan Native individuals.
This suggests that black and Hispanic older people 
experience a higher risk of the disease compared to the 
white due to mental distress, functional limitations, 
and poor-rated health. These also exist across different 
disparities, which state the social determinant of health and 
limited or biased health care access to be the main factors.

3.4 Gender Stratification
	 Females, compared to men, report higher 
prevalence of disease-related issues, particularly those 
linked to mental health conditions and cardiovascular 
(CV) risk factors. On the other hand, males are associated 
with other factors of smoking and alcohol consumption, 
which contribute to increased health risks (Figure 4). The 
analysis helped in the development of culturally sensitive 
and community-based intervention strategies. Both genders 
faced different health concerns, allowing public health 
officials to address better the unique limitations these 
communities face in the early detection and prevention 
services of reported diseases. 

Figure 4 Racial, Ethnic and Gender Demographic Stratification

3.5 Interdependency Analysis 
	 An interdependency analysis between the health 
categories and geographic locations, which reveals that 
mental health is the most represented health class across 
nearly the entire United States of America. Moreover, the 
data in Figure 5 indicates that health classes related to 
cognitive decline and caregiving are most dominant in the 

United States, characterized by a higher elderly population.

	 The distribution of health classes across specific 
age groups is shown in Figure 6. It examines the screenings 
and vaccinations to be significantly more prevalent in the 
65+ age group. Figure 6 shows the lower consistency 
of health indicators related to smoking and alcohol 
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Figure 5 Health Classes vs Location

Figure 6 Health Classes by Age
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consumption across all age groups.

	 Figure 7 shows the topics Distribution across 
Health Classes by Data Value Range, which illustrates 
how health topics are categorized based on their recorded 
data value ranges (Low, Medium, and High). The data for 

mental health has been explored, and it can be seen that 
data points fall within a lower range, whereas the chronic 
disease-related areas showed more equal distribution. This 
can be observed by data spread more equally across the 
low, medium and high ranges.

Figure 7 Topics Distribution across Health Classes by Data Value Range

	 The analysis offers four main critical areas in 
terms of public health benefits and clinical research. This 
addresses the demographic disparities for elevated risks 
among the black and Hispanic populations and the burden 
faced by them. The discovery of key predictors showed 
that mental distress is a strong factor in cognitive decline. 
The targeting of modifiable risk factors helped in providing 
focused care in the healthcare sector. The scalability of 
data processing implements the mass scale health analytics 
for population-level insights. 

3.4 Predictive Model Performance
	 This study applied the predictive model for 
evaluating the performance of machine learning algorithms 
to predict future health outcomes based on historical data, 
for example, the likelihood of cognitive decline. The 
critical determination was followed by examining the 
risk factor of reported disease and the interrelationship 
among different health indicators. It was found that mental 

distress is a stronger predictor of cognitive decline than 
conventional predictors like age and ethnicity. Moreover, 
predictive modeling also gave a quantitative evaluation of 
the extent to which the variation in health outcomes might 
be approximated to have been explained by the chosen 
features, which is why it might be used in early detection 
and health planning.
To attain this, two main regression methods were 
applied, and they include Linear Regression and Random 
Forest Regression. The findings show that the ensemble 
learning model, Random Forest, was better than the 
Linear Regression model. Additional improvements in 
performance were achieved through hyperparameter 
optimization, as summarized in Table 2.

	 However, the R² meant that there remains much 
of the unexplained data which is expected given the use 
of self-reported BRFSS data. This introduced the potential 
noise, bias and response variability. In addition to this, the 
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outcomes are predicted at the population level, which is 
more complex compared to clinical controlled datasets 
with precise biomarkers. Despite these barriers, the 
importance of models remains the same, as they identify 
broader population trends and risk patterns. Such insights 
are particularly useful for implementing public health 
planning and early intervention rather than individual-
level prediction.

3.5 K-means clustering 
	 This is the machine learning algorithm for 

partitioning data into distinct, non-overlapping subgroups. 
It was utilized for identifying three natural risk profiles 
within the dataset. It helps in understanding the data better. 
The analysis of clustering results has been valuable for 
designing data-driven and targeted interventions aimed at 
high-risk populations. K = 3 was selected as the ability to 
complement the regression models. As shown in Figure 
8, clustering results reveal distinct patterns in subgroups 
enabling the public health officials to move beyond the 
broader generalization for developing interventions for 
each cluster.

Table 2 Comparison of Models

Figure 8. Clustering of Feature Component vs. Data_Value

Model RMSE R2
Linear Regression 20.4591 0.2474
Random Forest (initial) 17.5905 0.4544
Random Forest (tuned) 17.3542 0.4697

	 Figure 8 plots the first component of the feature 
vector (which includes indexed data for location, health 
class, and age/racial stratifications) on the x-axis against 
the Data_Value (the health indicator percentage) on the 
y-axis. Where color-coded clusters: The data points are 
divided into three distinct clusters, each represented by a 
different color. This separation demonstrates that there are 

significant variations in health indicator patterns across the 
dataset. The yellow stars in the plot represent the centroids 
or “cluster centers”. These centroids indicate the average 
feature values and Data_Value for all points within that 
specific cluster, serving as the mathematical “middle” of 
each subgroup.



International Journal of Medical Discoveries
Volume 2, Issue 2
ISSN: 3067-7912

39

3.6 Statistical Significance and Findings
	 The quality of the clustering model was evaluated 
using the silhouette score, which was found to be 0.7360.. 
Figure 1 shows (Largest): 57,297 data points (33.8%), 
representing the most common risk profile in the dataset. 
Cluster 0: 43,683 data points (25.8%). Cluster 2: 35,869 
data points (21.2%). This means that the cluster is compact 
and well separated, and the individuals within each group 
share similar characteristics, although they are different 

from other groups. The population distributions show 
the reported characteristics for 169435 records, which 
were analyzed. Clustering is useful for promoting the 
interpretability of data for developing targeted public 
health interventions. They identify the specific high risks 
in the groups as compared to depending on generalized 
trends. Consequently, K-Means clustering proves useful 
for uncovering of hidden patterns in population health 
data.

Figure 9. Cognitive Decline Prevalence

Figure 10. Cognitive Decline Rates in Males Vs Females
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3.7 Cognitive Decline Analysis
	 Figure 9 demonstrates the significant geographic 
differences in cognitive decline across the United States. 
The highest prevalence of cognitive decline was reported in 
the Southeastern region, such as Alabama, Mississippi and 
Louisiana. Whereas, the states with the lowest prevalence 
are reported to be Colorado, Utah and Minnesota. The 
trends and health disparities in cardiovascular (CV) have 
been corresponding with the geographic pattern shown in 
Figure 9.

	 The analysis shows that males (12.1%) and 
females (12.8%) had almost similar prevalence rates, as 
shown in Figure 10.

	 Although females have slightly higher rankings, 
the results show that gender does not play a significant 
role in prevalence as compared to other variables such as 
geography or clinical risk factors. The critical examination 
of clinical and demographic risk factors was carried out 
for the reported disease in various age groups. Figure 11 
shows the average prevalence of different health topics. 
This involves the mental health, physical exercise and 
clinical screening. Individuals aged 65 years and older 
exhibit the highest average values across health indicators. 
In contrast to this, the age group of 50 to 64 years and the 
general population show a two-fold tendency. While, the 
65+ group is more engaged in positive health behaviors, 
including screenings and vaccinations, it also carries a 
greater burden of chronic risk factors.

Figure 11. Plotting of Average Data Value of Risk Factors by Age Group

	 Figure 12 shows the analysis of particular clinical 
and behavioral issues. Among the high-risk population 
(65 years and older), the figure reveals significant highs in 
three categories: high blood pressure, physical inactivity 
(no leisure-time physical activity), and subjective cognitive 
decline.

	 In addition, Table 3 also discusses the prevalence 
of particular modifiable health behaviors and their strong 
relationship with cognitive decline. High blood pressure 
shows the highest prevalence (48.3%), followed by obesity 
(32.7%) and physical inactivity (28.6%). Other notable 
risk factors include a history of depression (18.9%), 

current smoking (15.8%), and subjective cognitive decline 
(12.4%). These are interesting results that highlight the 
significant role played by lifestyle and vascular factors that 
are amenable to change in affecting the risk of Alzheimer’s 
disease, which forms a strong empirical basis to support 
specific health-based intervention in the population to 
reduce age-related cognitive impairment.

	 The summary of critical analysis presented in Table 
3 highlights key factors associated with cognitive decline. 
Individuals aged 65 years and older represent the most 
affected population group. They have become an important 
group for reported diseases. They are reported to have high 
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Figure 12. Risk Factors

Table 3. Relationship between Health Behavior and Average Data Value (%)

Health Behavior Average Data Value (%)
Subjective Cognitive Decline 12.4
No leisure-time physical activity 28.6
Obesity 32.7
Current smoking 15.8
High blood pressure 48.3
Lifetime diagnosis of depression 18.9

blood pressure and physical activity. This study offers 
insight into the direction of preventive healthcare strategies 
for slow cognitive aging. In particular, discrepancies are 
observed between higher vaccination rates and persistent 
clinical risks, for example, obesity and hypertension. 
This reveals the gap in management of chronic disease 
and calls for the need for intervention strategies. This 

also includes the contrast across genders for supporting 
the monitoring of disparities. However, the same gender 
reports similar results. These results leverage a data-driven 
basis to develop culturally sensitive and community-based 
intervention strategies. This further involves the early 
detection approaches for reducing the burden of cognitive 
decline.
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4. Discussion
	 This study provides important insights into 
Alzheimer’s-related risk factors across geographic, 
demographic, and clinical dimensions, highlighting 
patterns of cognitive decline among older adults in the 
United States. States such as Alabama, Mississippi, 
Louisiana, and Arkansas have the highest prevalence of 
health outcomes related to Alzheimer’s. This includes 
the mental distress, activity limitation and poor self-rated 
health. This pattern is consistent with the well-documented 
“Stroke Belt” region and reflects underlying disparities in 
cardiovascular (CV) health and healthcare access, may 
contribute to both cardiovascular and cognitive decline 
(Sawyer et al., 2023). This helps in emphasizing the needs 
of targeted public health intervention strategies, which are 
significant for addressing the intersection of cardiovascular 
(CV) health and cognitive aging, since higher rates of 
cognitive impairment are reported in these areas. Whereas, 
the countries with lower prevalence are Western and 
Northeastern states, such as Colorado, Minnesota, and 
Utah. This is most likely due to lifestyle differences, access 
to healthcare facilities and socioeconomic conditions (Jia 
et al., 2020). 
The black population are more likely to suffer from 
cardiovascular (CV) factors compared to the white 
aging population (Gupta, 2021). These inequalities 
prevailed across geographic regions. This indicates that 
the systematic factors, for example, unequal preventive 
care access, social determinants of health and potential 
genetic differences, play an important role in cognitive 
outcome. The mandatory and necessary culturally tailored 
interventions are due to the increased risk among the 
minority populations. This addresses the specific barrier 
for early detection and preventive services (Gupta, 2021).
The age group analysis confirms that the population above 
65 years has a greater burden of cognitive decline and related 
risk factors. The highest average data value is reported in 
this age group for all health indicators (Wooten et al., 2023). 
Though this age group demonstrates higher representation 
in screenings and vaccinations, it indicates the successful 
public health outreach. Problems or barriers like physical 
inactivity and high blood pressure are common. The risk of 
disease has increased due to mental stress, which has stood 
as a powerful predictor of the disease. This aligns with the 
increased acknowledgement of a bidirectional link between 
mental health and cognitive function, where chronic stress, 
depression, and anxiety may accelerate cognitive decline 
through neuroinflammatory and physiological pathways, 

while early cognitive impairment may also contribute to 
psychological distress. The findings show the need for 
the incorporation of mental health diagnostic tools into 
standard cognitive evaluations (Wooten et al., 2023).

4.1 Public Health Implications
	 This study has identified key indicators related 
to Alzheimer’s, demonstrating the clear geographic 
and demographic variations. These patterns are closely 
linked to underlying cardiovascular (CV) risk factors and 
disparities in healthcare access found in the Southeastern 
Stroke Belt belt states. On the other hand, several western 
and northeastern states have exhibited lower burdens, may 
be attributed to higher economic status with better access 
to preventive care. The healthier lifestyle factors are linked 
to reduced CV risks (Dubois et al., 2020). These findings 
suggest that the healthcare access, vascular risk profiles 
and neighborhood conditions can shape the cognitive 
health. The critical disparities have been persisting across 
racial and ethnic lines. Greater mental stress, functional 
limitations and poorer self-rated health have been reported 
in older Hispanic and non-Hispanic adults compared 
to non-Hispanic White populations, even though the 
geographic location has been adjusted. The evidence 
that mental health and cognitive decline are strongly 
related, making depression, anxiety and chronic stress 
major factors contributing to Alzheimer’s through neuro 
inflammatory and vascular mechanisms (Byers & Yaffe, 
2011). Moreover, the machine learning risk models, such 
as R2 = 0.47, may help in the identification of high-risk 
populations. Yet external validation is critical for ensuring 
that they do not exacerbate existing disparities. 

4.2 Methodological Considerations and Limitations
	 This study has considerable amont of limitations. 
The self-reported data can introduce bias, which can 
underestimate the true disease burden (Xie & Wang, 
2020). Additionally, missing data may introduce selection 
bias, particularly if the data are not missing at random. The 
cross-sectional nature of the study does not allow causal 
inferences. The longitudinal data should be utilized for 
understanding the disease to identify the relation between 
risk factors and the disease itself. The lack of genetic 
markers, biomarkers and clinical information limits the 
predictive performance of the machine learning algorithm. 
The dataset-specific nature of the analysis limits the 
findings of research since it cannot be generalized to other 
datasets (You et al., 2022).
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Machine learning algorithms and pipelines provide scalable 
and efficient approaches for extracting and collecting data 
for Alzheimer’s datasets. In contrast, the hyper parameters 
of this research have produced modest improvements. 
The absence of external validation in machine learning 
predictive algorithms for disease has been a barrier to 
clinical generalization. The findings indicate that strong 
clustering and model performance do not necessarily 
translate into clinical utility, underscoring the importance 
of biological and clinical validation (Jahan et al., 2023). 
The future implication should include the embedding of 
EHR records, which include the genetic data, biomarker, 
longitudinal tracking and ongoing model refinement. This 
helps in the alignment with the data and trends of the 
coming generation to predict and mitigate risk in patient 
care of reported diseases. 

4.3 Future Recommendations
	 Future recommendations include the research 
or studies to move beyond the survey-based data for 
integrating the multiple approaches with the detailed 
clinical assessments. This includes the neuroimaging, 
cognitive testing and cerebrospinal fluid biomarkers 
(Vilkaite et al., 2024). 
The combination of data is recommended. This research 
utilized Spark, which is a distributed computing framework 
for combining the biological data with demographic and 
behavioral information. It improves the individualized risk 
prediction and biomarker discovery while including the 
genetic markers such as APOE4. This helps in modifiable 
lifestyle risks (Bi et al., 2020). 
The future research should include longitudinal studies or 
designs for establishing the causal links and evaluation of 
the modifiable factors that influence the cognitive decline 
over time, for example, physical activity, smoking and 
hypertension management (Jia et al., 2020; Welberry 
et al., 2025). Advanced machine-learning approaches, 
including deep learning models (CNNs, RNNs, and 
transformers) (Akter et al., 2022), can be employed for 
capturing complex and nonlinear patterns, which are often 
overlooked by traditional models. However, the real-time 
surveillance systems integrate with geospatial analytics can 
support continuous monitoring of emerging trends and risk 
patterns or it can strengthen disease support community-
based intervention strategies (Mar et al., 2020).

5. Conclusion
	 Alzheimer is a leading cause of cognitive decline 

and poses a significant threat to healthcare systems. 
Machine learning models have been utilized in this 
research to analyze the larger-scale population health 
data for identifying the risk factors of the disease. This 
study analyzed over 284,000 records from the Behavioral 
Risk Factor Surveillance System (BRFSS) and identified 
significant geographic and demographic disparities, 
including high-risk concentrations in the Southeastern 
United States, notable racial and ethnic differences and a 
strong link between mental distress and cognitive decline. 
Random forest demonstrated moderate performance (R² 
= 0.4697; RMSE = 17.35), while K-Means clustering 
enabled the identification of distinct population-level risk 
profiles. This helped in the identification of various risk 
profiles to enhance interpretability.
The findings include implications for public health needs. 
They highlighted the need for a potential intervention to be 
created for targeted location-specific populations. Those 
that are culturally sensitive and allow the incorporation of 
the mental health screening into geriatric care. In light of 
limitations such as the exclusion of longitudinal and self-
reported data sets and the lack of genetic and multimodal 
clinical markers. This study aims to provide a framework 
to employ the utilization of distributed computing to 
analyze complex health datasets. Future research should 
focus on incorporating longitudinal designs and the 
incorporation of multiple approaches. This also includes 
the embedding of the latest machine learning models to 
improve the predictive accuracy. These findings supports 
early detection and prevention strategies to improve the 
management of Alzheimer’s disease and concludes the 
potential of big data analytics and machine learning to 
understand diseases and invent new healthcare approaches.
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