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 One of the multivariate statistical analysis techniques that can explain complex 

relationship patterns involving many variables is Structural Equation Modeling  (SEM). 

Variance-Based SEM (VB -SEM), also known as Partial Least Squares  (PLS), is a more 

flexible method in SEM because it is able to overcome various limitations, such as the scale 

of different variable indicators, limited sample counts, and data distribution assumptions. 

PATHMOX is a special strategy in PLS -SEM that is used  to segment structural model 

results to overcome the observed heterogeneity. This study aims to build a structural 

equation model (SEM -PLS) and segment the results of structural equation models using 

the PATHMOX approach. The PATHMOX algorithm is carried out by comparing 

structural models between segments through the  F-global test. The path coefficient is 

estimated with OLS as in multiple linear regression analysis between latent variables 𝑌𝑖 and 

𝑌𝑗. 
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1. Introduction  

SEM is a multivariate statistical analysis method used to 

analyze complex relationship structures involving many 

variables. This method allows the simultaneous analysis of 

various relationships, explaining the causal relationships 

between latent variables,  and accounting for measurement 

errors in model estimation [1]. The SEM model consists of two 

main components: (1) the measurement model, which connects 

observed variables with latent variables through confirmatory 

factor analysis, and (2) structural model, which explains the 

relationships between latent variables us ing simultaneous 

regression equations [2]. 

The SEM model was originally developed based on the 

covariance-based SEM (CB -SEM) approach by [3], [4] . This 

approach starts from a theoretical study that is explicitly 

formulated by the researcher based on a literature review. 

Therefore, CB -SEM is used to confirm models that have been 

developed based on theory with available empirical data [5]. 

However, the use of CB-SEM requires the fulfillment of several 

parametric assumptions, such as observation variables with a 

normal multivariate distribution, independence between 

observations, reflective indicators, and a large enough sample 

number to produce a stable estimate [6].  

To overcome the limitations in fulfilling assumptions in 

covariance-based SEM (CB -SEM), a component -based SEM or 

variance approach was developed, known as Partial Least 

Squares Structural Equation Modeling (PLS -SEM). This 

method was first introduced [7]. PLS-SEM is a more flexible and 

powerful method than CB -SEM, especially because it does not 

require strict data distribution assumptions, can be used on 

small samples, and is able to handle various types of data scales, 

ranging from nominal (category), ordinal, interval, to ratio [6] 

PLS -SEM has been applied in a variety of studies with 

different sample characteristics. In studies involving many 

variables and indicators from diverse populations such as 

gender, marital status, age, and education level, the main 

challenge that often aris es is heterogeneity in the data. This 

heterogeneity can affect the results of the analysis and 
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interpretation of the PLS -SEM model, so it is important to 

understand the types of heterogeneity that exist. In general, 

heterogeneity can be categorized into two main types, namely 

observed heterogeneity and unobserved heterogeneity. 

Observed heterogeneity occurs when the number and definition 

of segments are known in advance, while unobserved 

heterogeneity arises when the source of heterogeneity, both the 

number and the definition, cannot be clearly identified [8]. 

In studies where the variables that are the source of 

heterogeneity are not known beforehand, grouping 

observations into segments a priori is not possible. Empirically, 

several approaches such as FIMIX -PLS, REBUS -PLS, and PLS -

POS have been used to address unobserved heterogeneity. [9] 

used FIMIX -PLS to detect heterogeneity in models containing 

latent variables, focusing on the grouping of elderly data in the 

city of Surabaya. [10] in her research on Modeling the 

Nutritional Status of Toddlers in Southeast Sulawesi Province 

applied PLS -SEM to identify valid indicators and significant 

latent variables on the nutritional status of toddlers, then used 

REBUS -PLS to detect heterogeneity by segmenting data. 

Meanwhile, a study conducted by [11] analyzed the indicators 

of ITS students' online shopping behavior using SEM -PLS and 

PLS -POS to identify student segments based on their online 

shopping behavior. However, when heterogeneity in data comes 

from observed heterogeneity, the PATHMOX approach c an be 

applied. For example, a study by [12] used PATHMOX -PLS to 

analyze the clinical picture of HIV/AIDS patients, aiding in 

segmenting data based on different patient characteristics. 

In the PLS -SEM model, the relationships between latent 

variables can be differentiated into two types: direct 

relationships and indirect relationships. In direct relationships, 

exogenous variables directly affect endogenous variables 

without going through other variables. Meanwhile, in indirect 

relationships, the influence of exogenous variables on 

endogenous variables occurs through one or more mediating 

variables that are intermediates in the relationship. The use of 

mediation variables aims to see whethe r the influence of an 

exogenous variable on endogenous variables becomes stronger, 

weaker, or even insignificant after going through a mediation 

variable [13]. The PATHMOX approach in the PLS -SEM 

model, which allows exogenous variables to affect endogenous 

variables directly without going through other variables, has 

been applied by [12] The study showed that the model used met 

the criteria of validity and reliability, with an R -square value of 

80% in the structural model, which indicates a good model 

suitability. In addition, the measurement model has also been 

proven to meet the necessary statistical criteria. However, the 

application of the PATHMOX approach by involving 

segmentation/indirect relationship variables in the PLS -SEM 

model has never been carried out. In fact, the use of 

segmentation variables has the potential to divide the 

population into segments that have structural differences in the 

relationships between variables, which can provide a deeper 

understanding of the heterogeneity that exists in the population. 

 

2. Method Details 

 

2.1. Structure Equation Modeling  

Combining two statistical techniques factor analysis, which was 

established in psychology/psychometrics or sociology, and 

simultaneous equation models, which were developed in 

econometrics is known as structural equation modeling, or 

SEM. The two component s of the SEM model are 1) the 

measurement component, which uses the confirmatory factor 

model to link observable and latent variables, and 2) the 

structural component, which uses simultaneous regression 

equations to link latent variables. 

2.2. Partial Least Square (PLS)  

Herman Wold created partial least squares, a soft modeling 

technique, in 1985 to address the drawbacks of parametric 

assumptions in covariance-based SEM (CB -SEM). Even in cases 

when there is multicollinearity among exogenous variables, this 

approach can be  applied without assuming a multivariate 

normal distribution. Additionally, it works well with a variety of 

data scales and small sample sizes. PLS is also intended for use 

in scenarios when the measuring model is formative or the 

theoretical underpinnings  are not well established. The 

following is one way to formulate the model (1): 

𝛈 = 𝐁𝛈 + 𝚪 𝛏 + 𝛇 (1) 

The formula for exogenous latent variables with reflecting 

indicators is as follows (2): 

𝐱 = 𝚲𝐱𝝃 + 𝜹 (2) 

And reflective indicators (3): 

𝐲 = 𝚲𝐲𝜼 + 𝜺 (3) 

2.3. PLS Path Modeling Segmentation Tree (PATHMOX)  

With research data that contains numerous segmentation 

variables and no prior knowledge of the factors, PLS Path 

Modeling Segmentation Tree (PATHMOX) is a segmentation 

technique that uses decision trees. Gaston Sanchez presented the 

PATHMOX technique in 20 09 to distinguish between various 

segments. 'MOX' in PATHMOX is said to be derived from the 

Nahuatl (Aztec) language, meaning to split into groups.  

To handle the disparities in data groups seen in PLS-PM (Partial 

Least Squares-Path Modeling), this approach was created. The 

technique creates a segmentation tree by progressively dividing 

https://journals.arcstics.id/nsem


Puspita - Partial Least Square (PLS) Model Estimator with PATHMOX …    

 

 

Vol. 01 | Issue. 01 | June 2026  Journal homepage: https://journals.arcstics.id/nsem | Nexus of SEM 

19 

the data according to the binary segmentation principle. Based 

on the properties of the produced segments, each branch or node 

in this tree has a unique path model. PATHMOX's primary 

objective is to detect variations in path models, not to forecast 

results, in contrast to predictive techniques. This method helps 

identify and differentiate between different PLS-PM models in 

the data.  PATHMOX will divide the data according to 

segmentation variables in the most efficient manner, resulting in 

groups with the most different model structures from one 

another. 

2.4. PATHMOX Algorithm  

The PATHMOX (Path Modeling Segmentation Trees) 

algorithm developed a novel segmentation method for path 

modeling. The way this algorithm operates is by building a path 

model tree with a structure akin to a decision tree, in which every 

node stands for a distinct model for various segments. Using the 

p-value threshold comparison for two parameters as the criteria 

and the F -test for path coefficients as the split criterion, the 

PATHMOX algorithm constructs a binary decision tree for PLS -

PM models. Starting fr om the root node, the method estimates 

the path model for the entire population. The algorithm's steps 

are as follows, with the root node serving as the parent node:  

1) Applying the structural model at the root node to estimate the 

path model for the entire population.  

2) Finding the optimal split: examining the inner model's 

coefficient equality. The model is computed for each partition, 

and all potential binary splits for the latent variable are 

produced.  

3) Using PLS -PM to compute the inner model for every segment 

and determine the associated path coefficients.  

4) Using PLS -PM to compute the inner model for every segment 

and determine the associated path coefficients.  

5) Comparing the inner models using the p -value computation 

and the test of equivalence for path coefficients.  

6) Out of all binary splits across all segmentation variables, 

choose the best split (with the smallest p-value).  

7) A new path model is calculated for every element in the child 

nodes if the p -value is higher than the chosen threshold. A p -

value is deemed statistically significant if it is less than 0.05. 

 

3. Results and Discussion  

The PATHMOX algorithm is a decision tree -based hierarchical 

segmentation method used to identify heterogeneous structures 

in the PLS -SEM model. 

 

The structural model used in this study consists of three 

endogenous latent constructs, namely, , 𝜂1𝜂2and 𝜂3 with two 

exogenous constructs 𝜉1 and . 𝜉2The forms of structural 

equations used are: 

 

𝜂1 = 𝛾11𝜉1+𝜁1  

𝜂2 = 𝛾21𝜉1 + 𝜁2  

𝜂3 = 𝛾31𝜉1 + 𝛾32𝜉2 + 𝛽31𝜂1 + 𝛽32𝜂2 + 𝜁3  

 

With 𝜁𝑖 is an error  that is assumed to be distributed normally 

𝐸(𝜁) = 0 and var.(𝜁) = 𝜎2𝐼 

The matrices that can be obtained are as follows: 

𝜂 = [𝜂1, 𝜂2, 𝜂3]𝑇  

𝜉 = [𝜉1, 𝜉2]𝑇    

B is the vector of the path coefficient: 

 

B = [𝛾11, 𝛾21 , 𝛾31, 𝛾32, 𝛽31, 𝛽32]𝑇  

The structural similarities that are formed are: 

𝜂 = 𝑓(ξ, B) + ζ  
 

It is assumed  that the parent node is divided into two child 

nodes or segments A and B, so that the structural similarity of 

each segment is: 

Segment A: 𝜂𝐴 = 𝑓(𝜉𝐴𝐵𝐴) + 𝜁𝐴  

Segment B: 𝜂𝐵 = 𝑓(𝜉𝐵𝐵𝐵) + 𝜁𝐵   

with and 𝜁𝐴~𝑁(0, 𝜎2𝐼)𝜁𝐵~𝑁(0, 𝜎2𝐼) 

 

Hypothesis testing for both segments can be said that the initial 

hypothesis shows that the equations for segment A and segment 

B are the same, while the counterhypothesis is that the equations 

are different. This is shown with the following matrix shape: 

 

Zero hypothesis: The structural model in segment A and 

segment B is the same 𝐻0 

 

𝐻0 : [
𝜂𝐴

𝜂𝐵] = [
𝜉𝐴

𝜉𝐵] [B] + [
𝜁𝐴

𝜁𝐵]  

Alternative hypothesis: The structural models in segment A and 

segment B are different𝐻1 

𝐻1 : [
𝜂𝐴

𝜂𝐵] = [
𝜉𝐴 0

0 𝜉𝐵] [𝐵𝐴

𝐵𝐵
] + [

𝜁𝐴

𝜁𝐵]  

The following matrix is determined: 

𝑋0 = [
𝜉𝐴

𝜉𝐵]
(𝑛,𝑝)

 , 𝑋 = [
𝜉𝐴 0

0 𝜉𝐵]
(𝑛,2𝑝)

 and  𝐴 = [
𝐼𝑝

𝐼𝑝
]

(2𝑝,𝑝)

 

where p is the number of exogenous latent variables for and is 

an identity matrix ordered 𝜂𝐼𝑝p. Based on the lemma from 
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Lebart (1979) in (Lamberti et al., 2017) testing the statistical test 

F with p and free degrees, namely:(𝑛 − 2𝑝). 

 

𝐹𝐵𝑙𝑜𝑐𝑘 =
(𝑆𝑆𝐻0

− 𝑆𝑆𝐻1
)/𝑝

𝑆𝑆𝐻0
/(𝑛 − 2𝑝)

 

 

After the parent node is divided into two child nodes  based on 

the best segmentation variable, the structural parameters (path 

coefficient) for each segment (child node) are estimated 

separately, using the PLS-SEM algorithm.  

 

The coefficient of the path is then estimated with OLS as in 

multiple linear regression analysis between latent variables 𝑌𝑖 

and is as follows: 𝑌𝑗 

 

𝐘𝐢 = 𝛃𝐢𝐘𝐣 + 𝐮𝐢 

𝐮𝐢 = 𝐘𝐢 − 𝛃𝐢𝐘𝐣 

Then calculate as follows:𝐮𝐢
𝐓𝐮𝐢 

𝐮𝐢
𝐓𝐮𝐢 = (𝐘𝐢 − 𝛃𝐢𝐘𝐣)

𝐓
(𝐘𝐢 − 𝛃𝐢𝐘𝐣) 

= (𝐘𝐢
𝐓 − 𝛃𝐢

𝐓𝐘𝐣
𝐓)(𝐘𝐢 − 𝛃𝐢𝐘𝐣) 

= 𝐘𝐢
𝐓𝐘𝐢 − 𝐘𝐢

𝐓𝛃𝐢𝐘𝐣 − 𝛃𝐢
𝐓𝐘𝐣

𝐓𝐘𝐢 + 𝛃𝐢
𝐓𝐘𝐣

𝐓𝐘𝐣𝛃𝐢 

= 𝐘𝐢
𝐓𝐘𝐢 − 𝟐𝛃𝐢

𝐓𝐘𝐣
𝐓𝐘𝐢 + 𝛃𝐢

𝐓𝐘𝐣
𝐓𝐘𝐣𝛃𝐢 

∂(𝐮𝐢
𝐓𝐮𝐢)

∂𝛃𝐢
= 0 

∂

∂𝐰𝐣

(𝐘𝐢
𝐓𝐘𝐢 − 𝟐𝛃𝐢

𝐓𝐘𝐣
𝐓𝐘𝐢 + 𝛃𝐢

𝐓𝐘𝐣
𝐓𝐘𝐣𝛃𝐢) = 0 

−𝟐𝐘𝐣
𝐓𝐘𝐢 + 𝟐𝐘𝐣

𝐓𝐘𝐣𝛃𝐢 = 0 

𝐘𝐣
𝐓𝐘𝐣𝛃̂𝐢 = 𝐘𝐣

𝐓𝐘𝐢 

(𝐘𝐣
𝐓𝐘𝐣)

−1
(𝐘𝐣

𝐓𝐘𝐣)𝛃̂𝐢 = (𝐘𝐣
𝐓𝐘𝐣)

−1
(𝐘𝐣

𝐓𝐘𝐢) 

So the form of estimation is written as follows: 𝛃̂𝛃̂𝐢 =

(𝐘𝐣
𝐓𝐘𝐣)

−1
(𝐘𝐣

𝐓𝐘𝐢) 

 

After the internal model estimation was carried out for each 

segment of the PATHMOX separation result, a comparison of 

the quality of the structural model (inner model) was carried out 

based on a quality  test. This comparison includes the 

significance of the path  coefficient, as well as the pattern of 

relationships between latent constructs at each node compared 

to the global model. 

 

4. Conclusion  

The Partial Least Squares Structural Equation Modeling  (PLS -

SEM) study with the PATHMOX approach was conducted to 

identify structural heterogeneity in the data through 

segmentation based on non-indicator variables. 

 The best split selection is done to compare between segment A 

and segment B. This comparison is done using the F test, with 

the equation of the F test for both segments. Calculate the inner 

model for each segment, including the estimation of each path 

coefficient using the PLS -SEM method which is estimated 

through the Ordinary Least Squares  (OLS) approach. Compare 

the inner model between segments based on the test of quality, 

which includes the significance of the path and the pattern of 

relationships between latent constructs. Determine  the best 

split based on the smallest p-value as the primary segment for 

each subsequent segmentation variable. 
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  =  (     𝐘  𝐢  𝐓 −     𝛃  𝐢  𝐓     𝐘  𝐣  𝐓 )  (   𝐘  𝐢 −   𝛃  𝐢   𝐘  𝐣 )


  =  (     𝐘  𝐢  𝐓 −     𝛃  𝐢  𝐓     𝐘  𝐣  𝐓 )  (   𝐘  𝐢 −   𝛃  𝐢   𝐘  𝐣 )


  =     𝐘  𝐢  𝐓   𝐘  𝐢 −     𝐘  𝐢  𝐓   𝛃  𝐢   𝐘  𝐣 −     𝛃  𝐢  𝐓     𝐘  𝐣  𝐓   𝐘  𝐢 +     𝛃  𝐢  𝐓     𝐘  𝐣  𝐓   𝐘  𝐣   𝛃  𝐢


  =     𝐘  𝐢  𝐓   𝐘  𝐢 −     𝐘  𝐢  𝐓   𝛃  𝐢   𝐘  𝐣 −     𝛃  𝐢  𝐓     𝐘  𝐣  𝐓   𝐘  𝐢 +     𝛃  𝐢  𝐓     𝐘  𝐣  𝐓   𝐘  𝐣   𝛃  𝐢


  =     𝐘  𝐢  𝐓   𝐘  𝐢 − 𝟐     𝛃  𝐢  𝐓     𝐘  𝐣  𝐓   𝐘  𝐢 +     𝛃  𝐢  𝐓     𝐘  𝐣  𝐓   𝐘  𝐣   𝛃  𝐢


  =     𝐘  𝐢  𝐓   𝐘  𝐢 − 𝟐     𝛃  𝐢  𝐓     𝐘  𝐣  𝐓   𝐘  𝐢 +     𝛃  𝐢  𝐓     𝐘  𝐣  𝐓   𝐘  𝐣   𝛃  𝐢


    ∂  (   𝐮  𝐢  𝐓   𝐮  𝐢 )  ∂   𝛃  𝐢 = 0


    ∂  (   𝐮  𝐢  𝐓   𝐮  𝐢 )  ∂   𝛃  𝐢 = 0


   ∂  ∂   𝐰  𝐣  (     𝐘  𝐢  𝐓   𝐘  𝐢 − 𝟐     𝛃  𝐢  𝐓     𝐘  𝐣  𝐓   𝐘  𝐢 +     𝛃  𝐢  𝐓     𝐘  𝐣  𝐓   𝐘  𝐣   𝛃  𝐢 ) = 0


   ∂  ∂   𝐰  𝐣  (     𝐘  𝐢  𝐓   𝐘  𝐢 − 𝟐     𝛃  𝐢  𝐓     𝐘  𝐣  𝐓   𝐘  𝐢 +     𝛃  𝐢  𝐓     𝐘  𝐣  𝐓   𝐘  𝐣   𝛃  𝐢 ) = 0


  − 𝟐     𝐘  𝐣  𝐓   𝐘  𝐢 + 𝟐     𝐘  𝐣  𝐓   𝐘  𝐣   𝛃  𝐢 = 0


  − 𝟐     𝐘  𝐣  𝐓   𝐘  𝐢 + 𝟐     𝐘  𝐣  𝐓   𝐘  𝐣   𝛃  𝐢 = 0


      𝐘  𝐣  𝐓   𝐘  𝐣     𝛃 ^  𝐢 =     𝐘  𝐣  𝐓   𝐘  𝐢


      𝐘  𝐣  𝐓   𝐘  𝐣     𝛃 ^  𝐢 =     𝐘  𝐣  𝐓   𝐘  𝐢


     (     𝐘  𝐣  𝐓   𝐘  𝐣 )  − 1  (     𝐘  𝐣  𝐓   𝐘  𝐣 )     𝛃 ^  𝐢 =    (     𝐘  𝐣  𝐓   𝐘  𝐣 )  − 1  (     𝐘  𝐣  𝐓   𝐘  𝐢 )


     (     𝐘  𝐣  𝐓   𝐘  𝐣 )  − 1  (     𝐘  𝐣  𝐓   𝐘  𝐣 )     𝛃 ^  𝐢 =    (     𝐘  𝐣  𝐓   𝐘  𝐣 )  − 1  (     𝐘  𝐣  𝐓   𝐘  𝐢 )


    𝛃 ^     𝛃 ^  𝐢 =    (     𝐘  𝐣  𝐓   𝐘  𝐣 )  − 1  (     𝐘  𝐣  𝐓   𝐘  𝐢 )

