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Abstract

Alzheimer's disease (AD) is one of the leading causes of brain degeneration, memory impairment and physical functionality of elderly people around the world. In addition, this disease might impact patients’ family members and the financial, economic, and social aspects of their societies. Such prevailing disease necessitates the diagnosis and prognosis of its inception, development and progression as early as possible. Researchers have recently investigated different statistical, data analytics and machine learning approaches to detect such disease at an earlier stage in order to help patients to recover from it successfully and with the minimal harm. This paper reports the empirical study employing data analytics and statistics performed on the Alzheimer’s Disease Neuroimaging Initiative longitudinal data repository (ADNI). Furthermore, the study highlights several factors such as gender, age, education, race, ethnicity and marital status that influence the diagnosis of AD through its progression from cognitively normal (CN) status to mild cognitive impairment (MCI) clinical state and eventually the dementia disease. Additionally, this study aimed to investigate and assess the role and effect of demographic factors of patients on the prognosis, prevalence and development of AD in older people. This effect was assessed using several statistical techniques including descriptive analytics, cross-tabulation distributions, Chi-square tests, ANOVA analyses and Box plots visualizations on the ADNI dataset.  Moreover, a considerable significant relationships has been observed between some demographic factors and the progression of AD through the three clinical states (CN, MCI, Dementia) that can significantly assist in the diagnosis and determination of AD in older patients.
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1. Introduction

Alzheimer's disease (AD) is a progressive neurological condition that causes brain’s atrophy (shrinkage) and death of cells in the brain (Diogo et. al., 2022). Furthermore, AD often causes dementia, which is characterized by a persistent decline in mental, behavioral, and social abilities and impairs a person’s ability to perform independent functions. On the other hand, AD starts by a Cognitively Normal (CN) individual who might progress to mild cognitive disorders (MCI) that indicates the earliest stage that may point to potential conversion toward AD. After that, in later stages he/she becomes demented (Donaghy et. al., 2023). Meanwhile, the decline in the patients’ cognitive abilities is divided into three states: cognitively normal patients (CN), mild cognitive impairment (MCI), and dementia. The management of AD depends on treatment options that can slow the progression of the disease through early interventions. The primary question addressed by this study endeavors to identify the influence of demographic factors (gender, age, education, race, ethnicity and marital status) on the possibility of transition of the disease from cognitively normal (CN) to mild cognitive impairment (MCI) to the riskiest state of dementia.  Research on Alzheimer's disease (AD) diagnosis through statistical and machine learning approaches has been widely carried out by scholars in the last decade, particularly with the advancement in data analytics and data science techniques. However, this paper introduces a systematic data analytics and statistical approaches to understanding and preparing the data for processing towards the diagnosis of Alzheimer's disease (AD), that is considered preamble for the development and evaluation of machine learning (ML) models.

Young et. al. (2013) studied the prediction of conversion from mild cognitive impairment (MCI) to Alzheimer's disease (AD) using multimodal probabilistic classification technique based on data from the Alzheimer's Disease Neuroimaging Initiative (ADNI) database. They have implemented the Bayesian Gaussian process  classification method on multimodal data to produce probabilistic predictions of  chances of converting to AD from  MCI patients.  Consequently, the study showed that the model performance has an accuracy of 74%  higher than support vector machine (SVM) model for predicting conversion using ADNI dataset. Albright (2019) employed a preprocessing  and neural networks (NN) algorithm using clinical data from 1737 patients for forecasting the progression of Alzheimer’s disease. The study results revealed that the NN model was effective at predicting the progression of AD, both in patients who were initially cognitively normal (CN) and in patients suffering from mild cognitive Impairment (MCI). Six ML algorithms were trained and evaluated using ROC-AUC that had a score of 0.967 indicating best performing model to predict the future diagnosis of normal, MCI, or dementia      .Finally, the study concluded that the ML system would be useful to identify patients at early stages of AD and who are therefore good candidates for clinical trials for AD therapeutics. Khan and Usman (2019) utilized the demographics, categorical clinical and Neuropsychological datasets from National Alzheimer’s Coordination Center (NACC) to develop prediction model for Alzheimer’s Disease (AD).  Firstly, they have preprocessed the data using data imbalance and feature selection techniques. Consequently, Six ML algorithms have been used to evaluate the performance of a classifier in predicting the potential AD patients based on criteria of recall, AUC and computational training time of algorithm. The study found that Naïve Bayes (NB) classifier improve AD detection with (96.4%) accuracy using Clinical data category, highlighting the potential of NB for disease prediction over other methods. Ezzati et. al. (2020) employed predictive models of Alzheimer’s Disease through six machine learning methods using data from Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset. They investigated the accuracy of different ML methods (decision trees, support vector machines, K-nearest neighbor, ensemble linear discriminant, boosted trees, and random forests)  and different features to classify participants with normal cognition from participants with AD. The study revealed that Ensemble linear discriminant models using different  features showed the best performance in classification of CN versus AD participants with 93% accuracy of prediction. Park et. al. (2020) constructed and validated data-driven machine learning models to predict future incidence of AD for prediction of incidence of Alzheimer’s Disease using health data in elders above 65 years from Korea. They trained, tested and validated three machine learning techniques (random forest, support vector machine and logistic regression) on 40,736 cases containing 4,894 clinical and demographics features. The study showed that logistic regression predicted hemoglobin level, age and urine protein level for AD risk prediction, whereas the machine learning models showed good performance in prediction with AUC of 0.775, based on “definite AD” and “probable AD” outcomes.
Thabtah et. al. (2020) performed data analytics study using statistical analysis and machine learning techniques, to develop classification models to demonstrate the progression in ADs over time. They investigated the  correlation of cognition test scores and the progression of Alzheimer’s disease based on ADNI data set. The study revealed that  that participants who are diagnosed with Alzheimer’s disease over time indicating no change in cognitive ability, and that a degradation in the participant’s cognitive ability over time is consistent with the progress of Alzheimer’s disease. They have used Four ML algorithms to build models to predict if a patient diagnosed with MCI will progress to AD based on cognition scores and demographic features. Performance metrics such as Accuracy, precision, and recall were evaluated for each model, and t-test was used to determine if differences in model performance across feature sets was statistically significant. The study concluded that ll classification models had unsatisfactory precision and recall rates and couldn’t be confidently used as a predictor of MCI to AD progression, which the authors have attributed to the imbalanced data in the class label. Yuan and Kennedy (2023) implemented A Big-Data Machine Learning Approach based on environmental and demographic factors measures for classifying Alzheimer’s from cognitively-normal state. They used data from the National Alzheimer’s Coordinating Center (NACC) and geospatial data to train a neural network (NN) classifier and evaluate the model’s performance. Their study revealed that the classification model has reached (95%) accuracy indicating a high predictive power of diagnosis the Cognitively-Normal from AD-inclined.

Petreska et. al. (2024) analyzed the demographic, lifestyle, genetic and clinical data along with machine learning for Prediction of Alzheimer's Disease (AD) using the Exploratory Data Analysis (EDA) to identify the relationships between AD risk factors and its progression. They applied multi-modal data analyses including descriptive statistics, comparative analysis, correlation analysis,  and predictive modeling. Additionally, Seven supervised and unsupervised ML algorithms were explored and compared to evaluate the accuracy and performance of detecting Alzheimer's disease. The study revealed that the cognitive performance, age, gender, family history, employment status, and lifestyle factors such as smoking and alcohol consumption are associated with the risk of AD. Their study has been concluded with evaluating the performance of ML techniques based on the metrics of accuracy, precision, recall, F1-score, and ROC-AUC in a bid for creating accurate predictive models for detection of Alzheimer's disease. Chakraborty et. al. (2024) analyzed set of novel AI techniques based on ML methodologies for early detection of Alzheimer’s Disease (AD) using datasets from OASIS and ADNI as inter-dataset approach. They have trained and tested the three ML models (Light Gradient Boosting Machine (LGBM),  K-nearest neighbor algorithm, and Gaussian Naive Bayes algorithm) on the hybrid dataset. The findings demonstrated that LGBM achieved a 99.63% accuracy rate for 5-class ADNI classification and a 95.75% accuracy rate by Multilayer Perceptron (MLP) for 3-class OASIS classification. Moreover, Explainable AI techniques have been incorporated to better demonstrate the behavior of the trained models. Aqil et. al. (2024) applied the time series forecasting and predictive modeling for predicting Alzheimer’s Disease (AD) progression based on integrated data involves demographic information, cognitive test scores, and proteomics data. They proposed a multimodal time-series forecasting system based on Temporal Graph Network (TGN) encoder, k-nearest neighbors (KNN) and Cumulative Bayesian Ridge. Their approach was then implemented on ADNI dataset and revealed 0.88 AUC diagnostic accuracy value of disease identification for patients features and neuroimaging data. Akter et. al. (2025) used electronic health record (EHR) data and demographic factors (e.g., age, race, marital status, sex), to utilize machine learning for early prediction of Alzheimer’s Disease (AD). They developed and validated machine learning (ML) models using Six different ML classification models: GBT, LightGBM, RF, XGBoost, LR, and AdaBoost   based on the metrics of AUC, accuracy, sensitivity, specificity, and F1 score to interpret predictions. Their study revealed that the  Gradient-Boosted Trees (GBT) classifier achieved the best and superior performance in predicting AD and found the following key predictive features ( depressive disorder, age, heart disease, anxiety,  sleep apnea, and headache). D'Amore et. al. (2025) predicted and differentiated Alzheimer's progression by gender differences using explainable machine learning based on clinical features data. Their ML model have used SHAP and LIME utilizing the neuropsychological and sociodemographic data and trained on a large dataset of 2407 subjects from the ADNI open dataset  to  support early detection of AD and improve the prediction accuracy.  The study revealed the significance of risk predictors in AD diagnosis and progression, with gender-based differences that in turn advancing personalized diagnostic and curative approaches.

Taking into the consideration of the recent literature reports, our study aimed at employing data analytics, in particular statistical, descriptive analyses, ANOVA, Chi-square, Cross-tabulations and Box plots to uncover the particularities of Alzheimer's disease by:
• Go deeply into descriptive statistics for providing the characteristics of patients’ demographics.
• Examine thoroughly the comparative analysis of patients’ demographics across the three levels of AD progression (CN, MCI, Dementia) so as to offering insights into potential differentiating factors.
• Investigate the relationships and associations between specific demographics and Alzheimer's disease in a bid for exploring statistically significant differences. 

On a more specific level, this study included participants diagnosed with AD from ADNI Database as a source of AD patient data. However, the data used in the preparation of this article were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (https://adni.loni.usc.edu). Based on this study, a fundamental step in data analysis is data preprocessing that includes several tasks such as handling missing data, addressing outliers,  using visualizations and statistical techniques to detect patterns and anomalies, examining the distribution of key variables through histograms, coding of categorical variable, dimensionality reduction, data visualization and transforming raw data into appropriate formats for further analysis. 
As part of Pre-processing, it also became increasingly important to point out that cross tabulation, Chi square, ANOVA and visualizations serve as useful techniques for visually illustrating relationships and correlations among variables within a database. In addition, they provide a visual representation of data patterns, assisting the identification of potential insights for further analysis.

2. Methodology

2.1. Dataset
The paper draws upon data from the Alzheimer's Disease Neuroimaging Initiative (ADNI) database. The sample includes  14627 subjects aged 54 to 91 years and 7 demographic features were categorized, defined and coded as represented in the below Fig.1.  


	
	Definition
	Type
	Coding

	DX
	Level of diagnosis of AD

	Categorical
	0--- CN
1--- MCI
2---Dementia

	PTGENDER
	The gender of patient
	Categorical
	1--- male
2--- female

	PTETHCAT
	The ethnicity of patient
	Categorical
	1--- Not Hisp/Latino
2--- Hisp/Latino

	PTRACCAT
	The race of patient
	Categorical
	1--- White
2--- Black
3--- Asian
4--- More than one

	PTMARRY
	The marital status of patient
	Categorical
	0--- Never married
1--- Married
2--- Divorced
3--- Widowed

	PTEDUCAT
	The educational level of patient
	Numeric
	

	AGE
	The age of patient
	Numeric
	



Fig.1 Definitions and coding of demographics in the dataset

Missing values has been identified among various variables. The diagnostic group variable (DX) had the highest percentage of missing values (29%), while the two variables ( ethnicity and race ) has less than 1% missing values. Cases of missing values has been excluded. Imputation procedures haven’t been conducted.
2.2 Descriptive Statistics
One of the key aspects of the data analysis is the demographic analysis that reveals the following statistics: 

The underneath figures from Fig.2 to Fig.7 provide insights about descriptive statistics of demographics in the dataset that could be valuable for further understanding of the patients’ profiles. It shows that the majority of patients tend to have mild cognitive disorders (MCI) with (31%) that indicates the earliest stage that may point to potential conversion toward AD, then CN (24%) and Dementia (16%). The dataset used in this study comprised of 14627 instances of both men and women inclined to male participants with (56%), aged between 54 and 91. Moreover, most of the patients are non-Hispanic/Latino with (97%), white race with (93%), and married with (77%).


	
Statistics
	
	

	
	DX
	PTGENDER
	PTETHCAT
	PTRACCAT
	PTMARRY
	PTEDUCAT
	AGE

	N
	Valid
	10384
	14627
	14558
	14574
	14573
	14627
	14623

	
	Missing
	4243
	0
	69
	53
	54
	0
	4

	Mean
	.88
	1.44
	1.03
	1.11
	1.29
	16.05
	73.515

	Median
	1.00
	1.00
	1.00
	1.00
	1.00
	-
	-

	Mode
	1
	1
	1
	1
	1
	-
	-

	Skewness
	.190
	.224
	5.537
	4.743
	1.508
	-0.507
	-.163

	Std. Error of Skewness
	.024
	.020
	.020
	.020
	.020
	.020
	.020

	Minimum
	0
	1
	1
	1
	0
	4
	54

	Maximum
	2
	2
	2
	4
	3
	20
	91




Fig.2 Descriptive statistics of demographics in the dataset
	DX

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	CN
	3517
	24.0
	33.9
	33.9

	
	MCI
	4569
	31.2
	44.0
	77.9

	
	Dementia
	2298
	15.7
	22.1
	100.0

	
	Total
	10384
	71.0
	100.0
	

	Missing
	System
	4243
	29.0
	
	

	Total
	14627
	100.0
	
	



Fig.3 Frequencies of demographic variable: DX


	PTGENDER

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	Male
	8127
	55.6
	55.6
	55.6

	
	Female
	6500
	44.4
	44.4
	100.0

	
	Total
	14627
	100.0
	100.0
	



Fig.4 Frequencies of demographic variable: GENDER

	PTETHCAT

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	Not Hisp/Latino
	14125
	96.6
	97.0
	97.0

	
	Hisp/Latino
	433
	3.0
	3.0
	100.0

	
	Total
	14558
	99.5
	100.0
	

	Missing
	System
	69
	.5
	
	

	Total
	14627
	100.0
	
	




Fig.5 Frequencies of demographic variable: ETHNCITY

	PTRACCAT

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	White
	13595
	92.9
	93.3
	93.3

	
	Black
	574
	3.9
	3.9
	97.2

	
	Asian
	256
	1.8
	1.8
	99.0

	
	More than one
	149
	1.0
	1.0
	100.0

	
	Total
	14574
	99.6
	100.0
	

	Missing
	System
	53
	.4
	
	

	Total
	14627
	100.0
	
	



Fig.6 Frequencies of demographic variable: RACE

	PTMARRY

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	Never married
	459
	3.1
	3.1
	3.1

	
	Married
	11195
	76.5
	76.8
	80.0

	
	Divorced
	1216
	8.3
	8.3
	88.3

	
	Widowed
	1703
	11.6
	11.7
	100.0

	
	Total
	14573
	99.6
	100.0
	

	Missing
	System
	54
	.4
	
	

	Total
	14627
	100.0
	
	



Fig.7 Frequencies of demographic variable: MARRITAL STATUS 
Statistical tests were conducted to assess associations and differences among diagnostic groups and demographics. 
· Age : we conducted a one-wat ANOVA to compare mean ages in CN, MCI and Dementia groups.
· Education: we also conducted  ANOVA test to observe years of education within the diagnostic groups.
· Categorical variables: we conducted Chi-square tests to identify the relationship between diagnostic groups and gender, ethnicity, race and marital status.
Analysis of variance (ANOVA) is primarily used to compare the means of three or more groups to determine whether there is a statistically significant difference between them. In other words, ANOVA allows us to determine whether the differences we observe between the means are merely random, or whether they reflect true differences between the groups represented by those means. In this study, ANOVA was used to determine if there are statistically significant differences between the means of different groups and if there is a significant effect of an independent variable on a dependent variable.

3. Results and Discussion
3.1 Age Differences Across Diagnostic Groups
Regarding the analysis of age variable between the three groups of clinical cognitive status (CN, MCI and Dementia), the analysis of ANOVA showed that Mean age across groups were: Dementia> CN> MCI , which indicates that dementia participants tends to be older as presented in the Fig.8.
	Descriptives

	AGE

	
	N
	Mean
	Std. Deviation
	Std. Error
	95% Confidence Interval for Mean
	Minimum
	Maximum

	
	
	
	
	
	Lower Bound
	Upper Bound
	
	

	CN
	3516
	73.415
	6.0960
	.1028
	73.213
	73.616
	55.0
	90.3

	MCI
	4566
	73.028
	7.4536
	.1103
	72.812
	73.244
	54.4
	91.4

	Dementia
	2298
	74.319
	7.3763
	.1539
	74.017
	74.621
	55.0
	90.9

	Total
	10380
	73.445
	7.0220
	.0689
	73.310
	73.580
	54.4
	91.4



Fig.8 ANOVA Descriptives of AGE and DX

The Tests of Homogeneity of Variance (Levene’s Test) showed that the Levene Statistic (based on mean) = 97.41, p < .001, which indicates that the variances in age across groups are not equal. In other words the results indicate that age variability differs by each clinical cognitive status as presented in the Fig.9.
	Tests of Homogeneity of Variances

	
	Levene Statistic
	df1
	df2
	Sig.

	AGE
	Based on Mean
	97.407
	2
	10377
	<.001

	
	Based on Median
	96.745
	2
	10377
	<.001

	
	Based on Median and with adjusted df
	96.745
	2
	10180.101
	<.001

	
	Based on trimmed mean
	96.800
	2
	10377
	<.001



Fig.9 The Tests of Homogeneity of Variance (Levene’s Test)
The results  of ANOVA test in Fig.10 show a statistically significant difference in age across the three groups (F(2, 10377) = 26.008, p < .001). However, the effect size is small very small and minimal. Where only around 0.5% of the variance in age can be associated with cognitive status group.
	ANOVA

	AGE

	
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	Between Groups
	2552.473
	2
	1276.237
	26.008
	<.001

	Within Groups
	509213.665
	10377
	49.071
	
	

	Total
	511766.139
	10379
	
	
	

	ANOVA Effect Sizesa

	
	Point Estimate
	95% Confidence Interval

	
	
	Lower
	Upper

	AGE
	Eta-squared
	.005
	.003
	.008

	
	Epsilon-squared
	.005
	.002
	.008

	
	Omega-squared Fixed-effect
	.005
	.002
	.008

	
	Omega-squared Random-effect
	.002
	.001
	.004

	a. Eta-squared and Epsilon-squared are estimated based on the fixed-effect model.


Fig.10 ANOVA Test


3.2 Educational Differences Across Diagnostic Groups
As regards the analysis of education variable between the three groups of clinical cognitive status (CN, MCI and Dementia), the analysis of ANOVA showed that average years of education across groups were: CN>MCI>Dementia as presented in the Fig.11.
	Descriptives

	PTEDUCAT

	
	N
	Mean
	Std. Deviation
	Std. Error
	95% Confidence Interval for Mean
	Minimum
	Maximum

	
	
	
	
	
	Lower Bound
	Upper Bound
	
	

	CN
	3517
	16.48
	2.611
	.044
	16.40
	16.57
	6
	20

	MCI
	4569
	15.98
	2.829
	.042
	15.89
	16.06
	4
	20

	Dementia
	2298
	15.45
	2.898
	.060
	15.33
	15.57
	4
	20

	Total
	10384
	16.03
	2.799
	.027
	15.98
	16.09
	4
	20



Fig.11 ANOVA Descriptives of EDUCATION and DX

The Tests of Homogeneity of Variance (Levene’s Test) showed that the p-values for all versions of Levene’s test are less than .001, that indicates significant differences in variances across the three diagnostic groups. However, the assumption of homogeneity of variance is violated, as such, Welch ANOVA should be used instead as presented in the Fig.12.
	Tests of Homogeneity of Variances

	
	Levene Statistic
	df1
	df2
	Sig.

	PTEDUCAT
	Based on Mean
	16.509
	2
	10381
	<.001

	
	Based on Median
	10.284
	2
	10381
	<.001

	
	Based on Median and with adjusted df
	10.284
	2
	10268.342
	<.001

	
	Based on trimmed mean
	14.177
	2
	10381
	<.001



Fig.12 The Tests of Homogeneity of Variance (Levene’s Test)

The results  of ANOVA test in Fig.13 indicate a statistically significant difference in years of education across the diagnostic groups (F(2, 10381) = 98.189, p < .001). However the effect size is small  (η² = .019), education only explains around 1.9% of the variance across all groups. Moreover, note that there is a violation of homogeneity of variances (as shown by Levene’s test).
	ANOVA

	PTEDUCAT

	
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	Between Groups
	1509.853
	2
	754.927
	98.189
	<.001

	Within Groups
	79814.596
	10381
	7.689
	
	

	Total
	81324.449
	10383
	
	
	



	ANOVA Effect Sizesa

	
	Point Estimate
	95% Confidence Interval

	
	
	Lower
	Upper

	PTEDUCAT
	Eta-squared
	.019
	.014
	.024

	
	Epsilon-squared
	.018
	.013
	.024

	
	Omega-squared Fixed-effect
	.018
	.013
	.024

	
	Omega-squared Random-effect
	.009
	.007
	.012

	a. Eta-squared and Epsilon-squared are estimated based on the fixed-effect model.


Fig.13 ANOVA Test

Cross-tabulation is used to display and summarize the relationship between two categorical variables. This analysis allows users to understand how data is distributed across different categories of variables, helping to identify potential patterns and associations between these variables. Fig.14 presents the results of cross-tabulation between gender and level of diagnosis of AD as healthy individuals CN count (1836 females with percent 52.2%, 1681 with 47.8% percent of males), patients with MCI count (1805 females with percent 39.5%, 2764 with 60.5% percent of  males), and those diagnosed with AD count (992 females with percent 43.2%  , 1306 with 56.8% percent of males).

	

	
	PTGENDER
	Total

	
	Male
	Female
	

	DX
	CN
	Count
	1681
	1836
	3517

	
	
	Expected Count
	1947.8
	1569.2
	3517.0

	
	
	% within DX
	47.8%
	52.2%
	100.0%

	
	MCI
	Count
	2764
	1805
	4569

	
	
	Expected Count
	2530.5
	2038.5
	4569.0

	
	
	% within DX
	60.5%
	39.5%
	100.0%

	
	Dementia
	Count
	1306
	992
	2298

	
	
	Expected Count
	1272.7
	1025.3
	2298.0

	
	
	% within DX
	56.8%
	43.2%
	100.0%

	Total
	Count
	5751
	4633
	10384

	
	Expected Count
	5751.0
	4633.0
	10384.0

	
	% within DX
	55.4%
	44.6%
	100.0%



	Case Processing Summary

	
	Cases

	
	Valid
	Missing
	Total

	
	N
	Percent
	N
	Percent
	N
	Percent

	DX * PTGENDER
	10384
	71.0%
	4243
	29.0%
	14627
	100.0%



Fig.14 DX * PTGENDER Cross tabulation 


Fig.15 presents the results of cross-tabulation between ethnicity and level of diagnosis of AD as healthy individuals CN count (3371 Not Hisp/Latino with percent 96.5%, 123 with 3.5% percent of Hisp/Latino), patients with MCI  count 4406 Not Hisp/Latino with percent 96.8%, 147 with 3.2% percent of  Hisp/Latino), and those diagnosed with AD count 2231 Not Hisp/Latino with percent 97.6%  , 56 with 2.4% percent of Hisp/Latino).


	DX * PTETHCAT Crosstabulation

	
	PTETHCAT
	Total

	
	Not Hisp/Latino
	Hisp/Latino
	

	DX
	CN
	Count
	3371
	123
	3494

	
	
	Expected Count
	3383.8
	110.2
	3494.0

	
	
	% within DX
	96.5%
	3.5%
	100.0%

	
	MCI
	Count
	4406
	147
	4553

	
	
	Expected Count
	4409.4
	143.6
	4553.0

	
	
	% within DX
	96.8%
	3.2%
	100.0%

	
	Dementia
	Count
	2231
	56
	2287

	
	
	Expected Count
	2214.9
	72.1
	2287.0

	
	
	% within DX
	97.6%
	2.4%
	100.0%

	Total
	Count
	10008
	326
	10334

	
	Expected Count
	10008.0
	326.0
	10334.0

	
	% within DX
	96.8%
	3.2%
	100.0%



Fig.15 DX * PTETHCAT Cross tabulation 

Fig.16 presents the results of cross-tabulation between race and level of diagnosis of AD as healthy individuals CN count (3205 white with percent 91.4%, 202 with 5.8% percent of black, 56 with 1.6% percent of Asian, 45 with 1.3% percent of More than one ), patients with MCI  count (4278 white with percent 94.2%, 142 with 3.1% percent of black, 79 with 1.7% percent of Asian, 42 with 0.9% percent of More than one), and those diagnosed with AD count 2160 white with percent 94%, 77 with 3.4% percent of black, 44 with 1.9% percent of Asian, 17 with 0.7% percent of More than one). Specifically, the vast majority of all 3 categories(CN, MCI and Dementia) comprised of White participants. Black participants were more represented in the CN group (5.8)% than other groups, and had the largest deviations, where the actual frequency in the MCI group (142) was lower than expected (184.8), and in the CN group (202) it was higher than expected (142.7). Asian participants had the least deviations, and had a relatively consistent representations across all stages (1.6%-1.9%). The least represented group across all groups were those with More than one race, under (1.5%) in all groups

	DX * PTRACCAT Crosstabulation

	
	PTRACCAT
	Total

	
	White
	Black
	Asian
	More than one
	

	DX
	CN
	Count
	3205
	202
	56
	45
	3508

	
	
	Expected Count
	3269.3
	142.7
	60.7
	35.3
	3508.0

	
	
	% within DX
	91.4%
	5.8%
	1.6%
	1.3%
	100.0%

	
	MCI
	Count
	4278
	142
	79
	42
	4541

	
	
	Expected Count
	4232.0
	184.8
	78.6
	45.6
	4541.0

	
	
	% within DX
	94.2%
	3.1%
	1.7%
	0.9%
	100.0%

	
	Dementia
	Count
	2160
	77
	44
	17
	2298

	
	
	Expected Count
	2141.6
	93.5
	39.8
	23.1
	2298.0

	
	
	% within DX
	94.0%
	3.4%
	1.9%
	0.7%
	100.0%

	Total
	Count
	9643
	421
	179
	104
	10347

	
	Expected Count
	9643.0
	421.0
	179.0
	104.0
	10347.0

	
	% within DX
	93.2%
	4.1%
	1.7%
	1.0%
	100.0%



Fig.16 DX * PTRACCAT Cross tabulation 

Fig.17 presents the results of cross-tabulation between marital status and level of diagnosis of AD as healthy individuals CN count (185 never married with percent 5.3%, 2524 with 71.9% percent of married, 353 with 10.1% percent of divorced, 449 with 12.8% percent of widowed ), patients with MCI  count (101 never married with percent 2.2%, 3506 with 77.3% percent of married, 418 with 9.2% percent of divorced, 510 with 11.2% percent of widowed), and those diagnosed with AD count 47 never married with percent 2%, 1907 with 83% percent of married, 102 with 4.4% percent of divorced, 242 with 10.5% percent of widowed).


	DX * PTMARRY Crosstabulation

	
	PTMARRY
	Total

	
	Never married
	Married
	Divorced
	Widowed
	

	DX
	CN
	Count
	185
	2524
	353
	449
	3511

	
	
	Expected Count
	113.0
	2694.0
	296.3
	407.6
	3511.0

	
	
	% within DX
	5.3%
	71.9%
	10.1%
	12.8%
	100.0%

	
	MCI
	Count
	101
	3506
	418
	510
	4535

	
	
	Expected Count
	146.0
	3479.7
	382.7
	526.5
	4535.0

	
	
	% within DX
	2.2%
	77.3%
	9.2%
	11.2%
	100.0%

	
	Dementia
	Count
	47
	1907
	102
	242
	2298

	
	
	Expected Count
	74.0
	1763.3
	193.9
	266.8
	2298.0

	
	
	% within DX
	2.0%
	83.0%
	4.4%
	10.5%
	100.0%

	Total
	Count
	333
	7937
	873
	1201
	10344

	
	Expected Count
	333.0
	7937.0
	873.0
	1201.0
	10344.0

	
	% within DX
	3.2%
	76.7%
	8.4%
	11.6%
	100.0%



Fig.17 DX * PTMARRY Cross tabulation 


3.3 Box Plot Analyses
A box plot is used in statistics to summarize and visually display the distribution of data, especially when comparing multiple data sets. The plot provides information about central tendency, spread, symmetry, and outliers in the data. Additionally, it provides a visual summary of the data, including the five main values (minimum, first quartile, median, third quartile, and maximum).

In order to examine the association between age and clinical cognitive status (level of diagnosis of AD), a box plot chart was conducted. The results in Fig.18 showed an upward trend with decline in cognitive function. Specifically, Dementia group participants tend to be older than those in CN and MCI groups. Whereas  the MCI group has the widest interquartile range (IQR), indicating more age variability within this group. Eventually, it is concluded that the results showed positive relationship between age and disease severity as older participants are more likely to present in the MCI and Dementia groups.
[image: img.png]

Fig.18 DX * AGE Box Plot

In a bid to examine the association between education and clinical cognitive status (level of diagnosis of AD), a box plot chart was conducted. The results in Fig.19 showed that the median in the CN group is narrower and higher, while the median of the MCI and Dementia groups are lower. Moreover, the results showed a clear inverse relationship between cognitive status and years of education, where participants with normal cognitive function are more likely to have more years of education, while participants with MCI and dementia have less years of education.


Fig.19 DX * PTEDUCAT Box Plot

[image: img.png]
3.4 Chi-Square Tests of Independence
The chi-square test is used to determine whether there is a statistically significant association between two categorical variables. In other words, the test aims to determine whether the actual data observations differ significantly from the values expected under the hypothesis that there is no relationship between the variables. In order to examine the association between gender and clinical cognitive status (level of diagnosis of AD), a Chi-square test of independence was conducted. The results in Fig.20 showed statistical significance, χ²(2, N = 10,384) = 132.19, p < .001, which indicates an association between gender and cognitive status. Males are overrepresented in MCI (48.1%), while females were overrepresented in CN (39.1%). And underrepresented in MCI group. The Dementia group showed less deviations, yet still contributed in overall significance. These findings suggest that gender might be associated with the probability of receiving a MCI diagnosis.



	Chi-Square Tests

	
	Value
	Df
	Asymptotic Significance (2-sided)

	Pearson Chi-Square
	132.185a
	2
	<.001

	Likelihood Ratio
	132.061
	2
	<.001

	Linear-by-Linear Association
	64.261
	1
	<.001

	N of Valid Cases
	10384
	
	

	a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 1025.29.


Fig.20 DX * PTGENDER Chi-Square Test 
In order to examine the association between ethnicity (Not Hispanic/Latino, Hispanic/Latino) and clinical cognitive status(level of diagnosis of AD),  a Chi-square test of independence was conducted. The results in Fig.21 showed  none statistically significant χ²(2, N = 10,334) = 5.34, p = .069, indicating no evidence of association between ethnicity and genitive status. Taking in consideration that Hispanic/Latino participants has a very low proportion of all participants in this sample.
	Chi-Square Tests

	
	Value
	df
	Asymptotic Significance (2-sided)

	Pearson Chi-Square
	5.342a
	2
	.069

	Likelihood Ratio
	5.592
	2
	.061

	Linear-by-Linear Association
	4.855
	1
	.028

	N of Valid Cases
	10334
	
	

	a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 72.15.


Fig.21 DX * PTGETHCAT Chi-Square Test 

A Chi-Square test of independence was conducted to investigate the association between race (White, Black, Asian, More than one race), and clinical cognitive status. The test provided a statistically significant result, χ²(6, N = 10,347) = 44.75, p < .001, which indicates an association between gender and cognitive status. The significant association in this sample suggests that race and diagnostic stage are not independent as presented in Fig. 22.
	Chi-Square Tests

	
	Value
	df
	Asymptotic Significance (2-sided)

	Pearson Chi-Square
	44.750a
	6
	<.001

	Likelihood Ratio
	42.921
	6
	<.001

	Linear-by-Linear Association
	10.366
	1
	.001

	N of Valid Cases
	10347
	
	

	a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 23.10.


Fig.22 DX * PTRACCAT Chi-Square Test 

A Chi-Square test of independence was conducted to investigate the association between marital status (Never Married, Married, Divorced, Widowed) and clinical cognitive status as presented in Fig. 23. The test showed a statistically significant association, χ²(6, N = 10,344) = 156.88, p < .001, which suggests that marital status is not independent of clinical cognitive status. Married participant proportion were : CN<MCI<Dementia. Never married group were overrepresented in CN group compared to MCI and dementia. Divorced participants representations were: CN>MCI>Dementia. Widowed participants were relatively consistent across all groups.
	Chi-Square Tests

	
	Value
	Df
	Asymptotic Significance (2-sided)

	Pearson Chi-Square
	156.878a
	6
	<.001

	Likelihood Ratio
	160.939
	6
	<.001

	Linear-by-Linear Association
	11.687
	1
	<.001

	N of Valid Cases
	10344
	
	

	a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 73.98.



Fig.23 DX * PTMARRY Chi-Square Test

 4. Summary and Conclusion

The analysis conducted showed that (1) there is a significant association between (age, education) and cognitive status; (2) cognitive status has also a significant association with gender, race, and marital status but not with ethnicity.(3) there is a higher tendency of MCI or Dementia for people with older age, less years of education, male gender, and unmarried status. Given the severe consequences of Alzheimer's disease (AD) on patients, their families and the society, it is becoming more and more critical to mitigate the risk of its commencement and progression through the early diagnosis and timely treatment. The primary objective of this study is conducting the preprocessing and analytics statistical approaches of patients' demographic data in the diagnosis of Alzheimer's disease through progression from CN state to MCI and eventually the dementia. This paper involved several statistical analyses and techniques that assisted in the exploration and investigation of statistical differences and effects for assessing the risk of developing Alzheimer's disease, especially where patients demographics plays a significant role, specifically the gender, age, education, ethnicity, race and marital status.  Meanwhile, the statistical techniques have differentiated the progression of AD by demographics of patients and found that the gender, race, and marital status showed statistically significant associations with clinical cognitive status, however ethnicity did not indicate any association. Additionally, it was revealed a statistically significant difference in age and years of education across the three diagnostic groups (CN, MCI, Dementia). These correlations provide insights that could be valuable for further research, interventions, and understanding factors associated with the cognitive status and highlight the complex interaction between demographics and cognitive state (CN, MCI, Dementia). However, the application of advanced statistical and multimodal techniques allowed us to gain valuable insights into this complex disease and  improved the predictive associations in diagnosing Alzheimer's dementia based on the available data in the ADNI database. Our study highlights the essential role of demographic data in investigating a patient’s current cognitive state (normal, MCI, or dementia) that can correlate demographic data with the progression of AD in the future. It is worth noting that the study offers significant insight into the application of preprocessing and analytics statistical approaches for dementia prediction, providing a basis for future research focused on enhancing and broadening the used techniques.  These techniques could be used to identify patients having high AD risk before they are diagnosed with MCI or dementia and who would therefore determine good nominee for clinical tests and AD treatments. 
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