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Abstract 

Alzheimer’s disease heterogeneity challenges clinical 

management. This study introduces an integrative 

framework combining Partial Least Squares Structural 

Equation Modeling (PLS-SEM) and Self-Organizing 

Maps (SOM) for patient stratification using National 

Alzheimer’s Coordinating Center data. PLS-SEM 

validated four latent constructs, identifying functional 

disability as the principal predictor of clinical severity, 

with indirect effects mediated by cognitive and social 

activities. Comparing raw indicators against validated 

latent scores, SOM outperformed K-Means and 

hierarchical clustering, exhibiting enhanced robustness 

and clustering quality. Utilizing latent scores, SOM 

delineated three statistically distinct clinical phenotypes: 

a mild phenotype comprising the vast majority, a severe 

phenotype, and a small high-risk phenotype. This 

integrated approach offers a clinically relevant framework 

for precise patient segmentation, facilitating targeted 

therapeutic interventions. 
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1. Introduction 

Alzheimer's disease (AD) is a complex, 

progressive neurodegenerative disorder 

characterized by cognitive decline and behavioral 

changes. Research on AD is often conducted using 

simple statistical methods such as descriptive 

analysis, t-tests, ANOVA, Kruskal-Wallis, and 

Wilcoxon tests to compare clinical or demographic 

factors. For example, non-parametric tests are 

frequently used to compare levels of Alzheimer’s-

related anxiety based on demographic variables, 

while ANOVA is applied to test the effect of 

amyloid burden in pre-symptomatic individuals. 

However, these methods have limitations in 

handling complex multimodal data, as they tend to 

overlook simultaneous interactions among indicators 

and cannot effectively address data heterogeneity [1, 

2]. Conventional clinical assessment methods have 

several drawbacks, including limitations in 

analyzing interacting variables, assumptions of data 

normality that are often unmet in clinical data, and 

the requirement for large sample sizes to achieve 

valid results [3]. 

To address these issues of complexity and 

heterogeneity, this study employs the Structural 

Equation Modeling (SEM) approach. SEM is a 

multivariate statistical technique used to explain 

causal relationships between latent variables, 

account for measurement error, and analyze 

complex interrelationships among various variables 

simultaneously [4]. SEM has two main approaches: 

Covariance-Based SEM (CB-SEM) and Partial 

Least Squares SEM (PLS-SEM) [4]. CB-SEM is 

designed to test or confirm established theories by 

meeting certain goodness-of-fit criteria [5]. This 

method requires strict statistical assumptions, 

including multivariate normality and large sample 

sizes to ensure unbiased parameter estimates [6].  In 

contrast, PLS-SEM employs a variance-based 

approach that provides more flexibility regarding 

normality assumptions and is highly effective for 

small sample sizes [7]. The fundamental difference 

lies in purpose; CB-SEM is intended for theory 

validation, while PLS-SEM is more suitable for 

model exploration and prediction in complex 

research contexts [8]. Therefore, this study employs 

PLS-SEM due to its strong capability in handling 

non-normal data and limited sample sizes [9].  

Previous studies have shown that PLS-SEM is 

effective in integrating various clinical indicators 

and biomarkers to comprehensively model the 

condition of Alzheimer's disease. Analyzing 

Alzheimer’s using PLS-SEM allows for an 

understanding of the causal relationships among 

complex and heterogeneous variables, thus 

providing a more comprehensive picture of the 

patient’s condition compared to conventional 

analysis [3, 10, 11]. Although PLS-SEM offers 

advantages in modeling causal relationships, it has a 
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key limitation in that it is not designed to segment or 

cluster subjects automatically based on similar 

characteristics [12]. In addition, PLS-SEM assumes 

population homogeneity, which makes it less 

effective in identifying hidden heterogeneity, even 

though Alzheimer’s patients often have highly 

variable clinical profiles [5].  

To address these limitations, this study 

integrates Self-Organizing Maps (SOM) as a 

complementary method. SOM is an unsupervised 

neural network capable of mapping high-

dimensional data into a two-dimensional 

representation in the form of a topological map [13]. 

The main advantage of SOM lies in its ability to 

preserve the neighborhood structure of the original 

feature space, enabling patterns of proximity and 

similarity among subjects to be visualized more 

clearly [14]. Additionally, SOM can identify clusters 

or subgroups of patients based on similar 

characteristics, which cannot be achieved through 

PLS-SEM alone [15]. Therefore, this study applies 

an integrated approach by combining PLS-SEM and 

SOM to provide a more comprehensive analysis of 

complex relationships and hidden patterns in the 

data.  

The integration of PLS-SEM and SOM is 

carried out sequentially. First, PLS-SEM is used to 

validate the measurement model and produce 

accurate latent variable scores from Alzheimer’s 

clinical indicators. These validated latent scores are 

then used as input for the SOM algorithm to perform 

topological mapping and patient clustering. This 

integrated approach enables patient segmentation 

based on statistically validated constructs, rather 

than on raw data that might contain noise and 

measurement errors. The main contributions of this 

study include:  

1. Factor analysis influencing the progression of 

Alzheimer’s disease using PLS-SEM, including 

identification of significant indicators and 

analysis of mediation effects. 

2. Segmentation of Alzheimer’s patients using 

SOM, which is proposed as the primary 

clustering method based on unique clinical 

profiles.  

3. Comparative evaluation of SOM performance 

against baseline clustering methods, such as K-

Means and Hierarchical Clustering, to validate 

its effectiveness in identifying distinct clinical 

phenotypes.  

The remainder of this paper is structured as 

follows: Section 2 presents a literature review on 

PLS-SEM and clustering; Section 3 presents 

materials and methods, including dataset description 

and the proposed integrated approach; Section 4 

reports experimental results, structural model 

validation, and SOM optimization; and Section 5 

provides discussion on clinical implications, 

conclusions, and suggestions for future research. 

2. Literature review 

2.1 Structural equation modeling-partial least 

squares (SEM-PLS) 

PLS-SEM is a causal-predictive approach to 

SEM that emphasizes prediction in estimating 

statistical models, whose structures are designed to 

provide causal explanations [9, 16]. The technique 

thereby overcomes the apparent dichotomy 

between explanation as typically emphasized in 

academic research and prediction, which is the 

basis for developing managerial implications [5]. 

2.2 Self organizing maps (SOM) 

Self-Organizing Maps (SOM) represent a 

particular type of neural network designed for 

unsupervised learning, which projects high-

dimensional data into lower-dimensional, 

topologically preserving maps. SOM excels in 

clustering, visualization, and classification tasks, 

enabling intuitive interpretation of complex data 

structures [17, 18].  Modern adaptations include 

visualization enhancements that integrate data 

topology and cluster boundaries to yield deeper 

insights into the underlying data [19].  Hardware 

implementations of SOM and variants such as 

Concurrent Self-Organizing Maps (CSOM) 

enhance computational efficiency and classification 

accuracy, promoting their use in real-time data 

mining applications [20, 21]. 

2.3 Clustering 

Clustering methods identify natural, unlabeled 

groupings within datasets. For instance, K-Means 

divides data into a fixed number of clusters, 

whereas hierarchical clustering creates nested 

groups based on similarity. Widely used in 

bioinformatics, finance, and healthcare, these 

techniques uncover hidden patterns to optimize 

resources and precision medicine. However, big 

data's volume, velocity, and variety pose significant 

computational challenges for traditional algorithms. 

To overcome this, modern parallel clustering 

methods leverage distributed frameworks like 

Apache Spark and Map Reduce to efficiently 

process massive datasets [22]. Different approaches 

offer distinct advantages: partitioning methods are 
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fast but require precise setup; hierarchical models 

offer flexibility at a higher computational cost; and 

density- or grid-based techniques excel at 

managing noise and arbitrary shapes [23, 24].  

Furthermore, extended fuzzy clustering utilizes 

sampling and incremental learning to process 

datasets exceeding standard memory capacities 

[25]. In engineering, clustering organizes data to 

support design optimization, quality control, and 

process planning, highlighting the need for scalable 

and efficient methods [26, 27]. Ultimately, ongoing 

research into scalable, parallel clustering 

algorithms continues to broaden their application, 

driving better data-driven decision-making across 

various disciplines [28, 29, 30]. 

2.4 Clinical clustering alzheimer’s  

In clinical, particularly Alzheimer's disease 

research, the use of integrated PLS-SEM and SOM 

for clustering clinical data offers an advanced 

methodological framework for patient stratification 

and pathway analysis. SOM aids in identifying 

distinct clinical clusters or phenotypes based on 

cognitive, pathological, and disability indicators, 

while PLS-SEM interprets causal mechanisms 

among biological and clinical variables within 

these clusters [31]. Such integration enhances 

understanding of disease heterogeneity, supports 

robust mediation analyses, and aids in developing 

precision diagnostics and targeted interventions. 

This approach addresses challenges with real-world 

health data, including sparsity and imbalance, by 

combining the data-driven strengths of 

unsupervised clustering and the theoretically 

informed causal modeling offered by PLS-SEM 

[31, 32]. 

3. Research methodology 

3.1 Data source 

Data for this retrospective cohort study were 

obtained from the National Alzheimer's 

Coordinating Center (NACC) Uniform Data Set 

(UDS), specifically utilizing the clinical data freeze 

collected between January 2024 and June 2025. To 

ensure analytical reliability and eliminate 

measurement noise in the subsequent PLS-SEM and 

SOM pipeline, the initial dataset underwent a 

rigorous inclusion and exclusion process. Listwise 

deletion was applied to handle missing values and 

uninformative clinical codes. Specifically, patient 

records were strictly excluded if they contained: (1) 

code "-4" (Not available/Not assessed), (2) code "9" 

(Unknown) across any cognitive, social, or 

functional variables, and (3) placeholder values for 

Body Mass Index (BMI) designated as "888.8". 

Following this rigorous preprocessing, the final 

analytical cohort consisted of n = 1,389 patients. 

3.2 Research variables 

In the context of this research, the variables 

suspected to influence the occurrence of AD are 

presented in Table 1. 

3.3 Structural equation modeling (PLS-SEM) 

The structural model, which describes the 

relationship between exogenous and endogenous 

latent variables, is formulated as follows: 

 

𝜂 = 𝛽𝜂 + 𝛾𝜉 + 𝜁               (1) 

 

The formula for exogenous latent variables with 

reflecting indicators is as follows: 

 

𝑋 = 𝜆𝜉 + 𝛿       (2) 

 

And reflective indicators: 

 

𝑌 = 𝜆𝜂 + 𝜀    (3) 

 

Both reflective and formative indicator models are 

evaluated using measurement models, also known as 

outer models. The validity and reliability of the 

outer model with reflected indicators are evaluated. 

Examining the indicators' cross-loading against their 

latent variables is how the evaluation is done. 

Convergent validity, on the other hand, stresses that 

there should be a strong correlation between 

indicators within a single latent variable [20]. The 

loading factor, or the connection between the item 

or component score and the latent variable score it 

creates, is used to evaluate convergent validity in 

PLS with reflective indicators. The loading factor 

should be larger than 0.50, preferably greater than 

0.70, the Average Variance Extracted (AVE) should 

be greater than 0.50, and the communality should be 

greater than 0.70 [34]. The following formula can be 

used to determine the AVE value: 

 

𝐴𝑉𝐸 =
∑ 𝜆𝑖

2𝐼
𝑖=1

∑ 𝜆𝑖
2𝐼

𝑖=1 +∑ 𝑣𝑎𝑟(𝜀𝑖)𝐼
𝑖=1

  (4) 

 

The significance of weight values and 

multicollinearity are the criteria used to evaluate the 

measurement model using formative indicators [35].  
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Table 1. Data dictionary of clinical indicators  

Variable Laten Indicator Range Skala 

Risk Factors (RF) 

Hypertension (X11) 

0: None 

Nominal  1:Active 

2:Inactive 

Diabetes(X12) 

0: None 

Nominal  1:Active 

2:Inactive 

Stroke(X13) 

0: None 

Nominal  1:Active 

2:Inactive 

Obesity(X14) 10.0 – 100.0 Ratio   

Smoking (X15) 
1:No  

Nominal 
2:Yes 

Functional and Social 

Disability (FSD) 

Depression Score (X21) 0 – 15 Ordinal 

Education Level (X22) 

12:High School 

Ordinal 
16: Bachelor 

18: Master 

20: PhD 

Residence Status (X23) 

1: Alone 

Nominal 

2: Partner 

3: Friend 

4: Group 

5: Other 

Leisure Activities (X24) 

0: Normal 

Ordinal 
1: Difficult  

2: Assistance 

3: Dependent 

Game (X25) 

0: Normal 

Ordinal 
1: Difficult  

2: Assistance 

3: Dependent 

Variabel Laten Indikator Range Skala 

Functional and Social 

Disability (FSD) 

 

Game (X25) 

0: Normal 

Ordinal  
1: Difficult  

2: Assistance 

3: Dependent 

Social Engagement (X26) 

0: Normal 

Ordinal  
1: Difficult  

2: Assistance 

3: Dependent 

Cognitive & Social 

Activities (CS) 

Ability to Manage Finances (Y11) 

0: Normal 

Ordinal  
1: Difficult  

2: Assistance 

3: Dependent 

Ability to Remember Important Dates (Y12) 

0: Normal 

Ordinal  
1: Difficult  

2: Assistance 

3: Dependent 

Ability to Shop Independently (Y13) 

0: Normal 

Ordinal  
1: Difficult  

2: Assistance 

3: Dependent 

Clinical Dementia 

Rating (CDR) 
Dementia Severity (Y21) 

0.0: Normal  

Ordinal  

0.5:Questionable 

1.0: Mild 

2.0: Moderate 

3.0: Severe 
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The statistic used to evaluate the inner model is the 

coefficient of determination 𝑅2. The formula used is 

Eq. (5): 

 

𝑅2 =
∑ (𝑌̂𝑑−𝑌̅)2𝐷

𝑑=1

∑ (𝑌𝑑−𝑌̅)2𝐷
𝑑=1

   (5) 

 

According to [36] the measurement model and the 

structural model's combined performance are 

validated using a single metric called Goodness of 

Fit (𝐺𝑜𝐹) . The following equation displays the 

formula to determine the GoF value: 

 

𝐺𝑜𝐹 = √𝐴𝑉𝐸̅̅ ̅̅ ̅̅ × 𝑅2̅̅̅̅    (6) 

 

The model's predictive power is verified using 𝑄 −
𝑆𝑞𝑢𝑎𝑟𝑒  predictive relevance. According to the 

interpretation of the 𝑄  square predictive relevance 

result, the structural model isconsidered to fit the 

data or have pertinent predictions if the 𝑄2 value is 

close to 1 [4]. The following equation displays the 

Q-square formula: 

 

𝑄2 = 1 − (1 − 𝑅1
2)(1 − 𝑅2

2) … (1 − 𝑅𝑗
2) (7) 

 
Hypothesis testing was conducted using the Non-

Parametric Bootstrapping method with 5,000 

resamples. The goal was to obtain stable t-statistics 

and values to test the significance of each pathway. 

Mediation analysis was performed by calculating the 

Variance Accounted For (VAF) value to assess the 

strength of mediation of Cognitive & Social 

variables on the clinical severity level of 

Alzheimer’s. VAF measures the extent of the 

indirect effect compared to the total effect. 

 

𝑉𝐴𝐹 =
𝑎×𝑏

(𝑎×𝑏)+𝑐′   (8) 

3.4 Clustering using self-organizing maps (SOM) 

After the latent variables were constructed and 

validated through the PLS-SEM procedure in the 

previous stage, this study proceeded with cluster 

analysis using the Self-Organizing Maps (SOM) 

algorithm. The SOM algorithm was applied to map 

the multidimensional data of the latent variables into 

a lower-dimensional space in order to identify 

similar patterns or clinical phenotypes of 

Alzheimer’s. The input used in the SOM algorithm 

consisted of latent variable scores generated from 

the PLS-SEM model in section 3.1, which included 

the Risk Factor Score, Cognitive and Social Activity 

Score, Functional and Social Disability Score, and 

Clinical Severity Score. These score data were 

normalized using z-score transformation to ensure 

each variable had a uniform range before being 

entered into the SOM network. The SOM 

architecture consists of two layers: an input layer 

and a competitive output layer. Each neuron 𝑗 in the 

grid is associated with a weight vector 𝑤𝑗  that has 

the same dimension as the input vector 𝑥 . The 

learning process follows a competitive algorithm 

comprising three phases: 

1. Competition: For each input vector 𝑥 , the 

algorithm computes the Euclidean distance to all 

neurons. The neuron with the smallest distance 

is declared the winner or Best Matching Unit 

(BMU), denoted as 𝑐: 

 

𝑐 = arg min
𝑖

‖𝑥 − 𝒎𝑖‖   (9) 

 

2. Cooperation: The BMU determines its 

topological neighbors within a specific radius 

defined by a neighborhood function. 

3. Adaptation: The weights of the BMU and its 

neighbors are updated to move closer to the 

input vector.  

3.5 Baseline clustering methods 

To validate the superiority of the SOM 

framework in identifying distinct Alzheimer's 

phenotypes, this study employed several 

conventional clustering algorithms as baselines:  

1. K-Means Clustering: A well-established 

partitioning algorithm that divides the dataset 

into a pre-defined number of clusters 𝑘 by 

minimizing the within-cluster variance. The 

objective function, known as the Within-

Cluster Sum of Squares (WCSS), is defined as: 

𝐽 = ∑ ∑ ‖𝑥𝑖 − 𝜇𝑗‖
2

𝑖𝜖𝑆𝑗

𝑘
𝑗=1          (10) 

2. Hierarchical Clustering (Ward's Method): An 

agglomerative hierarchical approach that 

sequentially merges clusters to minimize the 

total intra-cluster variance. The increase in Error 

Sum of Squares (ESS) when merging clusters 𝐴 

and 𝐵 is calculated as: 

3.  

    Δ(𝐴, 𝐵) =
𝑛𝐴𝑛𝐵

𝑛𝐴+𝑛𝐵
‖𝑚𝐴 − 𝑚𝐵‖2        (11) 

3.6 Cluster evaluation metrics 

To objectively evaluate and compare the 

performance of the clustering algorithms, the 
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following internal validity and stability metrics were 

utilized: 

1. Silhouette Coefficient: This metric assesses 

clinical separability by comparing intra-cluster 

cohesion with inter-cluster separation. 

 

𝑠(𝑖) =
𝑏(𝑖)−𝑎(𝑖)

𝑚𝑎𝑥(𝑎(𝑖),𝑏(𝑖))
              (12) 

 

2. Davies-Bouldin (DB) Index: Evaluates 

clustering quality by measuring the ratio of 

within-cluster dispersion to between-cluster 

separation. Lower DB Index values signify 

better clustering, indicating compact and widely 

separated clusters: 

3.  

𝐷𝐵 =
1

𝑘
∑ max

𝑗≠𝑖
(

𝑠𝑖+𝑠𝑗

𝑑𝑖𝑗
)𝑘

𝑖=1          (13) 

 

4. Cluster Stability (Jaccard Index): To ensure the 

derived phenotypes are robust against data 

perturbation and not mere statistical artifacts, 

clustering stability was measured across 

multiple resamples. The similarity between two 

cluster sets (𝐶1 𝑎𝑛𝑑 𝐶2) is quantified using the 

Jaccard Index: 

 

𝐽(𝐶1, 𝐶2) =
|𝐶1∩𝐶2|

|𝐶1∪𝐶2|
              (14) 

3.7 Integrated PLS-SEM SOM Framework 

The integration of PLS-SEM and SOM 

techniques enables researchers to capitalize on 

strengths from both approaches PLS-SEM’s 

capability to model complex causal relationships 

and SOM’s power in unsupervised data visualization 

and clustering. This combination facilitates enriched 

data exploration and validation, especially when 

 

 

 
Figure. 1 Parameter estimation of the structural equation 

model 

 

 

handling heterogeneous populations or 

multidimensional constructs where traditional SEM 

might face challenges [38]. The integrated approach 

supports segmenting data into meaningful clusters 

identified via SOM, followed by causal relationship 

modeling and hypothesis testing through PLS-SEM, 

thus bridging exploratory and confirmatory analyses 

in a unified framework [39]. 

4. Results And discussion 

The interaction between latent variables is 

illustrated by the structural equation model. By 

focusing on investigating the structural paths that 

connect latent constructs, hypothesis testing in this 

study is carried out through model specification, 

measurement, parameter estimation, and model 

evaluation. 

4.1 Partial least squares structural equation 

modeling  

4.1.1 Parameter estimation of the measurement and 

structural models in PLS-SEM 

1. The exogenous latent variables, namely risk 

factors and functional and social disabilities, 

have coefficients as follows: Hypertension    

(0.190) ,diabetes (0.515)  stroke (−0.650) , 

Obesity (0.417)  , smoking (0.087) , 

depression score (−0.258) , education 

(0.383) , residential status (0.227) , leisure 

activities (0.820), gaming activities (0.548), 

and involvement in activities (0.655). Leisure 

activities (0.820) and diabetes(0.515)are the 

strongest indicators of the exogenous latent 

variables, while other indicators such as 

hypertension and depression score have low 

or negative contributions, indicating that not 

all indicators significantly reflect the latent 

variables. 

 
Figure. 2 Convergent validity and factor loadings of 

clinical indicators. 
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2. The following are the coefficients for the 

indicators of the endogenous latent variables 

of cognitive and social factors, and clinical 

severity: Ability to Manage Finances 

(0.702) ,Ability to Remember Important 

Dates (0.880), Ability to Shop Independently 

(0.813) , and CDR (1.000) . According to 

these estimation results, these factors have a 

considerable impact on the, cognitive and 

social factors, as well as clinical severity. 

4.1.2 Evaluation of the measurement model (Outer 

model) 

1. Validitas Konvergen 

Factor loadings for the remaining variables 

became significant after the non-significant 

indicators were eliminated from the PLS-SEM 

model.  

All latent variable indicators 

1. The exogenous latent variables, namely risk 

factors and functional and social disabilities, 

have coefficients as follows: diabetes(0.784) 

Obesity (0.632) ,leisure activities (0.839) , 

gaming activities (0.581), and involvement in 

activities (0.684).   

2. The following are the coefficients for the 

indicators of the endogenous latent variables of 

cognitive and social factors, and clinical 

severity: Ability to Manage Finances (0.700), 

Ability to Remember Important Dates (0.879), 

Ability to Shop Independently (0.814) , and 

CDR (1.000).  

 

2. Reliabilitas Konstrak dan AVE 

Table 3 below presents a clear overview of the 

AVE values obtained for the latent variables when 

the self-concept indicators are excluded from the 

model. 

Reliability testing is conducted to assess the 

internal consistency of a construct (latent variable), 

and it is more recommended to use Composite 

 

 
Table 2. Latent variable evaluation and construct 

reliability 

 Laten Variabel AVE Composite 

Reliability 

Risk Factors 0.508 0.671 

Functional and Social 

Disability 

0.503 

 

0.748 

 

Cognitive & Social 0.642 0.842 

Clinical Severity 1.000 1.000 

 

 

Table 3. Discriminant validity using cross-loading criteria 

 𝜉1 𝜉2 𝜼𝟏 𝜼𝟐 

𝜉1 0.712       

𝜉2 0.043 0.709     

𝜼𝟏 0.079 0.688 0.801   

𝜼𝟐 0.031 0.581 0.630 1.000 

 
 

Table 4. Inner model predictive relevance and 

explanatory power 

Latent Variable 𝑅2 𝑄2 

Cognitive & Social 0.476 0.298 

Clinical Severity 0.438 0.433 

 
 
Reliability. In general, a construct is considered to 

have adequate reliability if the Composite 

Reliability value is ≥ 0.70 [3]. 

 

3. Validitas Diskriminan 

Based on the cross-loading criteria, each 

indicator exhibits a higher correlation with its own 

latent variable than with other latent variables, 

thereby confirming that discriminant validity has 

been satisfied. 

Discriminant Validity Cross-loading is used to 

assess discriminant validity testing on reflective 

indicators [16]. Discriminant validity is considered 

good if the correlation of each indicator with its own 

latent variable is higher than its correlation with 

other latent variables.  

4.1.3 Evaluation of the structural model (Inner model) 

Several metrics are evaluated, such as predictive 

significance determined by the coefficient of 

determination for endogenous latent variables. In 

Table 5, nilai 𝑄2 > 0  values for all endogenous 

constructs are greater than zero, indicating adequate 

predictive relevance of the model. The 𝑅2  values 

 

 
Table 5. Path coefficients and hypothesis testing results 
Hyp Path 𝛽 SE T  Result 

H1 RF ⟶ 

CSA 

0.049 0.021 2.356 Accept 

H2 RF 

⟶CDR 

-

0.016 

0.021 0.759 Reject 

H3 FSD ⟶ 

CSA 

0.686 0.026 26.104 Accept 

H4 FSD ⟶ 

CDR 

0.280 0.044 6.431 Accept 

H5 CSA 

⟶CDR 

0.438 0.038 11.588 Accept 
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Table 6. Confidence intervals for structural paths 

Path 𝛽 2.5% 97.5% 

RF⟶ CSA 0.049 0.009 0.090 

RF ⟶CDR -0.016 -0.051 0.029 

FSD ⟶ CSA 0.686 0.636 0.739 

FSD ⟶ CDR 0.280 0.194 0.365 

CSA ⟶CDR 0.438 0.365 0.511 

 

 

indicate moderate explanatory power for both 

Cognitive & and Clinical Severity, suggesting that a 

substantial proportion of variance in these constructs 

is explained by the model. 

4.1.4 Path coefficients and hypothesis testing 

Hypothesis testing was conducted using a 

bootstrapping procedure with 5.000 sub-samples to 

assess the significance of the structural paths. The 

significance of the relationships was determined 

based on T-statistics and P-values, where a T-

statistic greater than 1.96 indicates a supported 

hypothesis. The proposed hypotheses for this study 

are as follows: 

 

1. H1: Risk Factors significantly influence 

Cognitive and Social Activities. 

2. H2: Risk Factors significantly influence Clinical 

Severity. 

3. H3: Functional and Social Disability 

significantly influences Cognitive and Social 

Activities. 

4. H4: Functional and Social Disability 

significantly influences Clinical Severity. 

5. H5: Cognitive and Social Activities significantly 

influence Clinical Severity. 

 

The results show that Risk Factors (RF) 

influence Cognitive-Social Activity (H1) but do not 

have a direct impact on the Level of Clinical 

 
Table 7. Mediation analysis of cognitive and social 

factors 

Mediation  Paths  Original 

Path  

Direct RF⟶ CSA 0.049 

RF ⟶CDR 0.006 

FSD ⟶ CSA 0.686 

FSD ⟶ CDR 0.581 

CSA ⟶CDR 0.438 

Indirect RF⟶ CSA⟶ CDR 0.022 

FSD ⟶ CSA ⟶CDR 0.301 

Total 

Indirect 

RF ⟶CDR 0.022 

FSD ⟶ CDR 0.301 

Severity (H2), indicating the presence of an indirect 

pathway of influence. Conversely, Functional 

Disability (FSD) emerges as the dominant predictor 

that significantly increases clinical severity (H4) and 

triggers a decline in social activity (H3). These 

findings are reinforced by the significant effect of 

Cognitive-Social Activity on clinical severity (H5), 

confirming that a decline in social interaction 

markedly worsens patients’ symptoms. 

The 95% Confidence Interval (CI) results further 

support the hypothesis testing. For the supported 

paths (H1, H3, H4, and H5), the interval between 

2.5% and 97.5% does not include zero, confirming 

that the effects are statistically significant. 

Conversely, the path from RF to CDR (H2) includes 

zero within its interval [-0.051, 0.029], indicating a 

non-significant relationship. 

4.1.5 Mediation analysis 

This analysis examines the mediating roles of 

Cognitive and social factors. Based on the path 

analysis, it was found that the direct effect of Risk 

Factors (RF) on CDR is positive, at 0.006. Although 

this direct effect is quite small, the indirect effect 

through the CSA mediator is recorded at 0.022. The 

VAF calculation result for the RF pathway reaches 

78.6%, which falls within the range of partial 

mediation but is close to the threshold for full 

mediation (>80%). This indicates that most of the 

effect of risk factors (RF) on the severity of 

dementia (CDR) does not occur directly, but rather 

through a decline in cognitive and social function 

(CSA). Meanwhile, the variable Functional and 

Social Disability (FSD) has a total effect that is 

positive and significant on CDR. This indicates that 

the higher the level of functional and social 

difficulties experienced by an individual (scores 

approaching 3), the higher the difficulty scores on 

the CSA and CDR factors. The VAF calculation 

 
Table 8. Clustering performance comparison across 

algorithms 

Data 

Type 

Clustering Silhouett

e 

DB 

index 

Stabilit

y 

Raw 

Indicator

s 

K Means 0.3603 1.735

5 

0.754 

Hierarchica

l Ward 

method 

0.3066 2.024

1 

0.892 

SOM 0.3889 1.410

0 

0.558 

Latent 

Variable 

Scores 

(PLS-

SEM) 

K Means 0.5910 1.053 0.504 

Hierarchica

l Ward 

method 

0.6051 0.971 0.706 

SOM 0.6181 0.892 0.825 
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result for the FSD variable is 34.1%, which falls 

within the 20%-80% range, confirming the 

occurrence of Partial Mediation. This means that 

functional disability (FSD) can worsen the condition 

of dementia (CDR) through two pathways: directly 

due to physical limitations, and indirectly through a 

decline in cognitive and social abilities. 

4.2 Clustering results and validation 

Following the validation of the structural model 

PLS-SEM, the latent variable scores for each 

respondent were extracted to serve as the primary 

input for the clustering analysis. This sequential 

approach ensures that the identified phenotypes are 

derived from statistically validated constructs, 

effectively filtering out clinical noise and 

measurement errors inherent in raw indicators. To 

establish methodological superiority and ensure the 

robustness of the findings, a two-fold comparative 

analysis was conducted. First, clustering 

performance was evaluated using raw clinical 

indicators as a baseline. Second, the same 

algorithms were applied to the latent variable scores 

to demonstrate the efficacy of the integrated PLS-

SEM and SOM framework in enhancing patient 

segmentation quality. 

As presented in Table 9, the comparative 

analysis demonstrates that clustering algorithms 

applied directly to raw clinical indicators show 

suboptimal performance marked by vulnerability to 

noise and high dimensionality. This is evidenced by 

low Silhouette coefficients (all below 0.40) and 

elevated Davies-Bouldin (DB) indices (all 

exceeding 1.40), indicating poor cluster separation 

and cohesion. Although the Hierarchical Ward 

method showed high stability (0.892) on raw data, it 

had the lowest Silhouette value (0.3066), implying 

consistent replication of clusters with poor 

separation and high overlap, thus clinically less 

meaningful. 

In contrast, employing latent variable scores 

extracted via PLS-SEM as input features markedly 

improved clustering quality in all baseline 

algorithms. These latent scores, derived from 

statistically validated constructs, effectively reduced 

clinical noise and measurement errors from raw 

indicators. The Self-Organizing Maps (SOM) 

algorithm, when applied to the latent variable scores, 

outperformed both K-Means and Hierarchical 

Ward's method across all evaluation indices. 

Specifically, SOM recorded the highest Silhouette 

coefficient (0.6181), signifying precise clinical 

phenotype formation with clear separation 

boundaries, and the lowest DB index (0.8920), 

indicating optimal intra-cluster cohesion and inter-

cluster separation. Additionally, SOM showed the 

strongest reproducibility with a Jaccard Stability 

Index of 0.825, outperforming K-Means (0.504) and 

Hierarchical Ward (0.706) methods under the latent 

score condition. 

These findings collectively validate that 

integrating PLS-SEM to extract latent variables 

prior to clustering effectively enhances patient 

segmentation quality by filtering measurement noise 

and modeling complex non-linear heterogeneity. 

Moreover, the SOM framework provides 

methodological superiority in clustering clinical 

phenotypes, achieving improved cluster separation, 

cohesion, and stability over conventional clustering 

algorithms applied either on raw data or latent 

scores. This validates the application of the 

combined PLS-SEM and SOM approach as a robust 

and reliable method for patient phenotyping in 

heterogeneous diseases such as Alzheimer's disease 

[40, 41]. 

4.2.1 SOM training and visualization 

The U-Matrix (Unified Distance Matrix) 

visualization illustrates the topological distance 

between adjacent neurons on the SOM grid. As 

depicted in Figure 3, the vast majority of the map is 

dominated by green nodes, which represent areas of 

low inter-neuron distance and high data 

homogeneity. This extensive "valley" accurately 

reflects Cluster 1 (Mild Phenotype), encompassing 

85.8% of the patient cohort, indicating that the 

majority of patients share highly similar, low-

severity clinical profiles. 

In stark contrast, the top edge of the map 

features isolated neurons transitioning into yellow, 

orange, and white hues, representing exceptionally 

 

 
Figure. 3 Topological distance visualization using SOM 

U-Matrix 
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Figure. 4 Component planes analysis across clinical 

latent constructs 

 

 

high distance values (exceeding 40). These high-

value nodes act as topological boundaries or "walls" 

that distinctly separate the extreme outlier cases 

namely Cluster 2 (Severe Phenotype) and Cluster 3 

(High-Risk Phenotype) from the general population. 

This massive distance gradient visually validates the 

sharp clinical escalation present in the severe and 

high-risk phenotypes, demonstrating the SOM's 

efficacy in detecting and isolating minority 

subgroups with highly divergent disease 

manifestations. 

4.2.2 Component planes analysis 

The component planes analysis reveals distinct 

spatial distribution patterns across the SOM grid for 

the four latent constructs: Risk Factors (X1), 

Functional and Social Disability (X2), Cognitive & 

Social Activities (Y1), and Clinical Severity (Y2). 

The superimposed black boundary lines clearly 

delineate the three identified clusters. 

The largest topological region (Cluster 1), 

covering the upper and right sections of the map, 

displays uniformly dark purple hues across all 

planes, visually confirming the low disease burden 

of the Mild Phenotype. In the bottom-left region 

(Cluster 2), there is a strong co-localization of high 

values (indicated by yellow and light green hues) 

across the X2, Y1, and Y2 planes. This spatial 

convergence visually confirms the PLS-SEM 

structural findings, demonstrating that patients with 

severe functional impairments concurrently exhibit 

high cognitive decline and clinical severity. 

Conversely, the bottom-right region (Cluster 3) 

displays an isolated peak of high values strictly 

within the X1 (Risk Factors) plane, while remaining 

dark in the clinical severity planes. This 

configuration perfectly isolates the high-risk 

demographic subgroup that possesses severe 

underlying risk factors but has not yet manifested 

severe clinical dementia. 

4.2.3 Cluster identification and validation 

Based on the optimization of SOM mapping and 

latent score extraction, the 1,389 Alzheimer’s 

patients in this study were classified into three 

clinically distinct phenotypes: 

1. Cluster 1 (Mild Phenotype, n = 1,193): This 

cluster encompasses the vast majority of the 

cohort (85.8%). Patients in this group exhibit the 

lowest average age (70.50 years) and display 

negative mean Z-scores across all clinical latent 

variables. This indicates a very low disease 

burden regarding risk factors, functional 

impairment, cognitive decline, and clinical 

severity. These findings suggest a milder disease 

manifestation with a favorable prognosis, 

manageable with standard care protocols. 

2. Cluster 2 (Severe Phenotype, n = 157): 

Consisting of 11.3% of the cohort, this group 

represents patients with the oldest average age 

(73.90 years). This phenotype is characterized 

by a sharp and critical escalation in disease 

burden, demonstrating exceptionally high scores 

in Functional and Social Disability (2.27), 

Cognitive-Social decline (1.92), and Clinical 

Severity (1.64). The massive effect sizes in 

these domains confirm a clinically distinct, 

high-severity cohort requiring intensive medical 

intervention. 

3. Cluster 3 (High-Risk Phenotype, n = 39): 

Representing a small minority (2.8%) with an 

average age of 70.10 years, this subgroup is 

uniquely distinguished by an extraordinarily 

high Risk Factor score (4.43). Despite this 

extreme risk profile, their functional impairment 

(0.174), cognitive decline (0.284), and clinical 

severity (0.055) remain only slightly above the 

 
 

Table 9. ANOVA results and effect sizes for cluster 

validation 

Path F Palue P Value 𝜂2 

Age 10.06 4.5𝑒 − 05 0.0143 

Risk Factors 917.7 < 2𝑒 − 16 0.5698 

Functional and 

Social 

Disability 

1355 < 2𝑒 − 16 0.6617 

Cognitive & 

Social 

631.9 < 2𝑒 − 16 0.4770 

Clinical 

Severity 

366.7 < 2𝑒 − 16 0.3460 
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cohort average. This suggests a transitional or 

high-risk phenotype where underlying risk 

factors (such as severe hypertension or obesity) 

are highly elevated, but extensive clinical 

dementia has not yet fully manifested. 

4.2.4 Statistical Validation of Clusters 

The ANOVA results indicate that all variables 

exhibit highly significant differences across clusters 

(𝑝 <  0.001), substantiating the clusters’ statistical 

legitimacy. However, given the large sample size 

(𝑁 =  1389), reliance on 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠 alone can be 

misleading, as even negligible differences may 

attain statistical significance. To address this 

limitation, effect sizes were quantified using Eta 

Squared (𝜂2) , which expresses the proportion of 

total variance in each variable explained by cluster 

membership [42, 43]. 

Following Cohen’s seminal benchmarks [42] 

effect sizes interpreted via Eta Squared (𝜂2) broadly 

correspond to the following thresholds: Small effect 

(η² ≈ 0.01), Medium effect (η² ≈ 0.06), and Large 

effect (η² ≈ 0.14). These thresholds serve as 

practical guidelines widely adopted in clustering 

validation to assess the substantive significance of 

group differences beyond mere statistical 

significance [43]. Applying these criteria to the 

clinical results reveals critical insights: 

1. Age (𝜂2 = 0.0143) : Despite achieving 

statistical significance, Age's effect size is 

decidedly small, accounting for approximately 

1.4% of the variance between clusters. This 

minimal proportion suggests that Age exerts a 

negligible influence on cluster differentiation 

and is not a principal factor driving the 

formation of the phenotypes. 

2. Risk Factors (𝜂2 = 0.5698)  and Functional & 

Social Disability (𝜂2 = 0.6617): Both variables 

reveal extraordinarily large effect sizes, 

explaining over 56% and 66% of the variance, 

respectively. These values far exceed 

conventional large-effect benchmarks, marking 

RF and FSD as the dominant clinical 

dimensions underpinning the clustering 

structure. Such massive effect sizes imply robust 

discriminative capacity and reinforce their 

centrality in defining the disease phenotypes. 

3. Cognitive & Social Activities (𝜂2 = 0.4770) : 

CSA demonstrates a large effect size consistent 

with strong between cluster variability, 

elucidating nearly 48% of the variance. This 

underscores its significant contribution to 

internal cluster separability. 

4. Clinical Severity (𝜂2 = 0.3460) : CDR’s 

medium to large effect size indicates meaningful, 

albeit comparatively lower, cluster 

discrimination, accounting for roughly 35% of 

the variance. 

While 𝜂2  provides a useful measure of explained 

variance, it is essential to acknowledge potential 

limitations, including upward bias in small samples 

[44]. Although omega squared ( 𝜔2 ) is often 

considered a more conservative estimate, 𝜂2 remains 

highly robust and acceptable in one-way ANOVA 

for effect size reporting, particularly in large cohorts 

like this study [45]. The conjoint presence of highly 

significant ANOVA results and substantial effect 

sizes for the four clinical variables confers strong 

empirical support for the internal validity of the 

clustering solution. The data clearly indicate that 

cluster separation is principally driven by the latent 

disease constructs (RF and FSD), with 

complementary contributions from cognitive decline 

(CSA) and severity (CDR). Importantly, the fact that 

Age does not materially differentiate the clusters 

highlights the biological and pathological—rather 

than merely demographic—nature of the cluster 

distinctions. Furthermore, these quantitative 

validations align with the topographic precision 

observed in the SOM U-Matrix, confirming that the 

clusters represent meaningful phenotypic subtypes 

within Alzheimer's disease progression, not mere 

artifacts of statistical noise. 

5. Conclusion 

This study demonstrates the advantages of an 

integrated analytical approach by combining PLS-

SEM and SOM to map the clinical phenotypes of 

Alzheimer’s patients. The main findings of this 

study highlight that using latent variable scores as 

clustering inputs is superior to using raw clinical 

indicators. The proposed approach successfully 

improves segmentation quality significantly, as 

evidenced by an increased Silhouette Score of 

0.6181 and the achievement of very high 

topographic precision with a Quantization Error 

(QE) of 0.0865. Through this integration, the model 

is able to filter out clinical noise and capture 

complex non-linear heterogeneity, resulting in a 

more stable and statistically valid three-cluster 

classification (Mild, Severe, and High Risk 

Phenotypes). The results of ANOVA and effect size 

(𝜂2) analyses confirm that the resulting phenotypes 

have profound clinical relevance, wherein functional 

disability is identified as a primary driver operating 

through cognitive-social pathways. Overall, this 
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methodology offers a robust and promising 

framework in patient segmentation.  
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