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 Structural Equation Modeling (SEM) includes measurement and structural model for hypothesis 
testing. The results yielded from structural model is unlikely to be valid if a poor loading of an 
indicator is selected. The impact of these erroneous result on standardized loading is disregard. 
Thus, knowing how poor loading can affect the validity of measurement model is a crucial issue. 
This paper attempts to compare the standardized loadings result between two prominent SEM 
methods (CBSEM and PLS-SEM) using three varied of simulation models (TRA, Loyalty and 
UTAUT model) to investigate their effects on reliability and validity of measurement model. The 
data for each model were generated using R software by setting the value of standardized loading 
and the construct correlations (N=50, 100, 200 and 500). The value of standardized loadings was 
set to 0.60 for each construct in the model while the construct correlations were set in the range 
between 0.45 to 0.65. Then, the AMOS 21.0 and ADANCO 2.0 were used to perform the statisti-
cal analysis. It shows that good standardized loading can increase the reliability and validity of 
construct representation. CBSEM is particularly yielded valid and unbiased estimation under con-
firmatory condition (established theory) compared with PLS-SEM. The results are illustrated with 
empirical examples. This paper provides updated evidence about CBSEM and PLS-SEM when 
assessing the measurement model. 
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1. Introduction 
 

 

Many of the major concepts of interest in the standard social science and management research cannot be directly measured, 
but can only be assessed by hypothesizing the relationship between latent variable and other variables (item or manifest 
variable). As a consequence, measurement theory that relates latent variable and variables must be interrelated (Edwards & 
Bagozzi, 2000). This approach has been called ‘effect indicator’ or reflective construct which has gained popularity in many 
fields (Bollen, & Diamontopoulos, 2015). Major writings have focused on this type of modeling (Bollen & Lennox, 1991) in 
their specific research project due to less computational demand. By doing so, there are many more assessments needed to be 
satisfied before moving to hypothesize model. Previously, there are many literatures that showed the bias and inconsistency 
estimates frequently occurred with PLS-PM in research projects (Rönkko & Evermann, 2013; Rönkko et al., 2016; Antonakis 
et al., 2010; Aguirre-Urreta & Marakas, 2014; Marcoulides & Saunders, 2006; Goodhue, Lewis, & Thompson, 2012) from 
their simulation. However, their simulation results were unsuitable for social science scholars who use the SEM method for 
hypothesis testing. In additions, the results shown from their findings are very broad which makes it difficult to understand. 
Regarding on this matter, this study attempts to focus more specifically on evaluating the measurement model in terms of the 
construct reliability and validity. Apart from that, the three established model were used for simulation purpose with different 
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sample size to provide more comprehensive findings. Then, the two competitive methods were compared across sample size 
and population model. From this point of view, there are three objectives need to be conducted. First, the researchers intend 
to determine the biasedness of standardized loadings across sample size and model. Second, the reliability of each construct 
was compared between the CBSEM and PLS-SEM. Third, the convergent validity using Average Variance Extracted (AVE) 
approach were also compared. Lastly, the findings and recommendation are critically discussed.  
 
2. Methodology 
 
2.1 Standardized loading 
 
One of the central assumptions of the application of SEM is that all the constructs must be included in the model which is 
based on the measurement theory (Aguirre-Urreta, Rönkko, & Marakas, 2016). This requirement is discussed not only in 
methodological literature (Kline, 2016; Westland, 2015; Mertens et al., 2017) but it also presents in guidelines and recom-
mendations offered to researchers in the applied sciences (Aimran et al., 2017; Mohamad et al., 2019). For instance, the 
acceptable variable retained in the model must be above 0.60 of factor loading and sometimes it can be lower than that 
depending on their rationale. Though there is an extensive agreement that the omission of a relevant effect indicator is essential 
in SEM, the consequence of doing so have not been carefully considered. Since the consistent method is required to warrant 
this value. As noted by Jarvis et al. (2003), dropping effect indicator may change the meaning of the variables. Thus far, 
CBSEM is the best choice for this situation since this method is free from inconsistency estimates. The factor loading in PLS 
method is based on the weight vector as follows, 
 
ѿ= ∑ , (1) 

 

which concludes that the weight vector is proportional to parameter value of factor loadings. This tradition is followed for the 
mode A that focus to reflective measurement model. 
 
3. Research model for simulation 
Fig. 1, Fig. 2, and Fig. 3 present the three population models that will be tested with two different methods of SEM. These 
population models were chosen due to their popularity in management and information research. As a matter of fact, these 
models were indeed classified as confirmatory model where the position and role of each construct and indicator are correctly 
specified. Thus, the data were generated for three population models using R software. The value of standardized loadings for 
each model is set to 0.60 as it is regarded as the minimum threshold in determining the strength of indicator to their respective 
construct. Also, the four items were embedded on each construct to pass the minimum requirement of construct nature. In 
terms of the sample size, four conditions were tested at 50, 100, 200 and 500. 
 

 

 

 

Fig. 1: TRA Model  Fig. 2. Loyalty Model 
 

 

 

 Fig. 3. UTAUT Model  
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Table 1 
Standardized and Raw Bias Loadings 

 Value of Standardized Loading Raw Bias of Standardized Loading 
 CB-SEM PLS-SEM CB-SEM PLS-SEM 

MODEL ITEM 50 100 200 500 50 100 200 500 50 100 200 500 50 100 200 500 
 
 
 
 
 
 
 
 
 
 
 
TRA 

X11 .341 .449 .640 .637 .594 .701 .745 .741 -0.43 -0.25 0.07 0.06 -0.01 0.17 0.24 0.24 
X12 .649 .538 .617 .546 .729 .550 .738 .693 0.08 -0.10 0.03 -0.09 0.22 -0.08 0.23 0.16 
X13 .665 .602 .492 .552 .756 .739 .647 .701 0.11 0.00 -0.18 -0.08 0.26 0.23 0.08 0.17 
X14 .546 .457 .552 .592 .699 .693 .689 .704 -0.09 -0.24 -0.08 -0.01 0.17 0.16 0.15 0.17 
X21 .673 .617 .624 .561 .727 .739 .735 .697 0.12 0.03 0.04 -0.06 0.21 0.23 0.23 0.16 
X22 .590 .661 .595 .580 .742 .742 .730 .717 -0.02 0.10 -0.01 -0.03 0.24 0.24 0.22 0.20 
X23 .720 .563 .585 .554 .786 .698 .693 .700 0.20 -0.06 -0.03 -0.08 0.31 0.16 0.16 0.17 
X24 .627 .671 .557 .587 .769 .773 .703 .699 0.05 0.12 -0.07 -0.02 0.28 0.29 0.17 0.17 
X31 .359 .599 .534 .539 .632 .718 .689 .690 -0.40 0.00 -0.11 -0.10 0.05 0.20 0.15 0.15 
X32 .804 .482 .499 .499 .773 .655 .681 .648 0.34 -0.20 -0.17 -0.17 0.29 0.09 0.14 0.08 
X33 .426 .582 .578 .634 .596 .755 .696 .742 -0.29 -0.03 -0.04 0.06 -0.01 0.26 0.16 0.24 
X34 .626 .613 .616 .676 .779 .682 .717 .766 0.04 0.02 0.03 0.13 0.30 0.14 0.20 0.28 
X41 .554 .508 .624 .621 .738 .632 .718 .747 -0.08 -0.15 0.04 0.04 0.23 0.05 0.20 0.25 
X42 .404 .804 .608 .563 .645 .840 .730 .709 -0.33 0.34 0.01 -0.06 0.08 0.40 0.22 0.18 
X43 .854 .569 .661 .535 .746 .714 .771 .664 0.42 -0.05 0.10 -0.11 0.24 0.19 0.29 0.11 
X44 .430 .579 .652 .624 .739 .703 .759 .726 -0.28 -0.04 0.09 0.04 0.23 0.17 0.27 0.21 
X51 .575 .634 .566 .470 .831 .693 .712 .628 -0.04 0.06 -0.06 -0.22 0.39 0.16 0.19 0.05 
X52 .442 .557 .565 .549 .746 .717 .707 .702 -0.26 -0.07 -0.06 -0.08 0.24 0.20 0.18 0.17 
X53 .437 .661 .486 .589 .579 .767 .657 .710 -0.27 0.10 -0.19 -0.02 -0.04 0.28 0.10 0.18 
X54 .855 .533 .574 .620 .740 .703 .682 .734 0.43 -0.11 -0.04 0.03 0.23 0.17 0.14 0.22 
Y11 1.03 .646 .624 .569 .846 .788 .741 .693 0.72 0.08 0.04 -0.05 0.41 0.31 0.24 0.16 
Y12 .362 .669 .622 .617 .601 .758 .746 .735 -0.40 0.12 0.04 0.03 0.00 0.26 0.24 0.23 
Y13 .556 .527 .570 .619 .823 .702 .693 .742 -0.07 -0.12 -0.05 0.03 0.37 0.17 0.16 0.24 
Y14 .435 .750 .531 .610 .658 .773 .666 .722 -0.28 0.25 -0.12 0.02 0.10 0.29 0.11 0.20 

 
 
 
 
 
 
LOY-
ALTY 

X11 .331 .692 .619 .563 .762 .743 .742 .710 -0.16 0.09 -0.03 -0.13 -0.46 0.27 0.23 0.13 
X12 .507 .655 .583 .525 .327 .761 .739 .678 -0.74 -0.14 -0.05 -0.06 0.33 0.22 0.08 0.18 
X13 .155 .517 .570 .561 .795 .731 .650 .706 -0.63 -0.10 0.15 -0.02 -0.29 0.11 0.31 0.15 
X14 .224 .542 .692 .587 .427 .664 .784 .691 -0.11 -0.18 0.05 -0.09 0.14 0.16 0.26 0.12 
X21 .537 .493 .627 .545 .684 .695 .755 .673 0.23 0.13 -0.16 -0.10 0.40 0.22 0.13 0.18 
X22 .740 .678 .507 .541 .838 .730 .679 .707 0.21 -0.24 0.00 -0.04 0.32 0.06 0.18 0.17 
X23 .727 .458 .602 .576 .793 .638 .709 .703 0.02 0.15 -0.02 -0.05 0.15 0.29 0.16 0.16 
X24 .613 .689 .590 .569 .689 .774 .695 .698 -0.20 -0.16 0.08 -0.18 0.02 0.11 0.25 0.09 
X31 .481 .503 .648 .495 .611 .666 .747 .653 -0.13 -0.05 0.05 0.01 0.08 0.13 0.18 0.22 
X32 .523 .571 .629 .605 .649 .678 .709 .730 -0.08 -0.04 0.01 0.02 0.22 0.13 0.25 0.23 
X33 .554 .576 .607 .609 .734 .679 .752 .737 -0.06 0.05 -0.16 0.03 0.19 0.30 0.12 0.19 
X34 .564 .631 .504 .615 .713 .780 .669 .715 0.14 0.16 0.21 0.13 0.33 0.32 0.34 0.29 
Y11 .684 .693 .727 .676 .796 .792 .803 .776 0.11 0.15 0.19 0.13 0.30 0.34 0.32 0.27 
Y12 .666 .688 .711 .676 .780 .805 .794 .764 0.08 0.15 0.12 0.14 0.30 0.25 0.28 0.30 
Y13 .649 .691 .672 .685 .777 .752 .767 .782 0.01 0.21 0.19 0.08 0.08 0.32 0.32 0.24 
Y14 .608 .725 .714 .646 .645 .794 .794 .742 -0.45 0.15 0.03 -0.06 0.27 0.24 0.24 0.18 

 
 
 
 
 
 
 
 
 
 
 
 
 
UTAUT 

X11 .542 .511 .588 .576 .808 .626 .704 .711 -0.10 -0.15 -0.02 -0.04 0.35 0.04 0.17 0.19 
X12 .710 .612 .536 .553 .718 .693 .671 .711 0.18 0.02 -0.11 -0.08 0.20 0.16 0.12 0.19 
X13 .434 .358 .603 .628 .690 .651 .715 .710 -0.28 -0.40 0.01 0.05 0.15 0.09 0.19 0.18 
X14 .653 .641 .549 .571 .683 .764 .719 .714 0.09 0.07 -0.08 -0.05 0.14 0.27 0.20 0.19 
X21 .475 .710 .491 .551 .589 .788 .636 .702 -0.21 0.18 -0.18 -0.08 -0.02 0.31 0.06 0.17 
X22 .738 .762 .516 .581 .802 .781 .678 .710 0.23 0.27 -0.14 -0.03 0.34 0.30 0.13 0.18 
X23 .765 .449 .662 .677 .850 .640 .789 .760 0.28 -0.25 0.10 0.13 0.42 0.07 0.32 0.27 
X24 .767 .499 .621 .629 .823 .697 .701 .737 0.28 -0.17 0.04 0.05 0.37 0.16 0.17 0.23 
X31 .756 .551 .481 .624 .753 .724 .639 .741 0.26 -0.08 -0.20 0.04 0.26 0.21 0.07 0.24 
X32 .390 .596 .465 .520 .587 .686 .662 .653 -0.35 -0.01 -0.23 -0.13 -0.02 0.14 0.10 0.09 
X33 .531 .417 .555 .617 .700 .556 .709 .736 -0.12 -0.31 -0.07 0.03 0.17 -0.07 0.18 0.23 
X34 .431 .608 .587 .630 .681 .759 .688 .744 -0.28 0.01 -0.02 0.05 0.14 0.27 0.15 0.24 
X41 .638 .555 .547 .570 .732 .708 .718 .716 0.06 -0.07 -0.09 -0.05 0.22 0.18 0.20 0.19 
X42 .539 .566 .534 .514 .708 .747 .669 .647 -0.10 -0.06 -0.11 -0.14 0.18 0.25 0.12 0.08 
X43 .707 .627 .632 .565 .764 .709 .706 .697 0.18 0.05 0.05 -0.06 0.27 0.18 0.18 0.16 
X44 .746 .361 .587 .595 .827 .526 .734 .725 0.24 -0.40 -0.02 -0.01 0.38 -0.12 0.22 0.21 
X51 .613 .345 .607 .539 .779 .587 .710 .667 0.02 -0.43 0.01 -0.10 0.30 -0.02 0.18 0.11 
X52 .650 .419 .509 .613 .821 .713 .684 .747 0.08 -0.30 -0.15 0.02 0.37 0.19 0.14 0.25 
X53 .674 .388 .625 .672 .750 .645 .752 .773 0.12 -0.35 0.04 0.12 0.25 0.08 0.25 0.29 
X54 .149 .760 .662 .546 .138 .698 .744 .667 -0.75 0.27 0.10 -0.09 -0.77 0.16 0.24 0.11 
Y11 .798 .683 .757 .689 .852 .770 .814 .768 0.33 0.14 0.26 0.15 0.42 0.28 0.36 0.28 
Y12 .659 .745 .585 .691 .767 .828 .725 .789 0.10 0.24 -0.03 0.15 0.28 0.38 0.21 0.32 
Y13 .864 .742 .717 .689 .882 .816 .791 .786 0.44 0.24 0.20 0.15 0.47 0.36 0.32 0.31 
Y14 .727 .661 .694 .712 .806 .742 .782 .789 0.21 0.10 0.16 0.19 0.34 0.24 0.30 0.32 

 
Table 1 shows the value of the factor loadings and raw bias of the factor loadings between CBSEM and PLS-SEM with 
varying of sample size on three established models (TRA, Loyalty, and UTAUT). The results derived from CBSEM are based 
on maximum likelihood estimator that is frequently applied in mainly research thus far. Using the normal theory estimator, 
standardized and unstandardized estimates are formed.  Meanwhile, PLS-SEM is used based on PLS algorithm to produce the 
standardized loadings. The population parameter for TRA model was set λ = 0.60 (i.e., the minimum requirement for CFA 
model) for every item underlying on the respective constructs. The purpose of these analyses is not to show merely of the 
value of factor loadings from those estimation techniques, but to assess the different values of the factor loadings by CBSEM 
and PLS-SEM with the true value of the population model. With this approach, the applied researchers are able to determine 
which estimation technique tend to approach to reach the true value when the sample size increases. Both estimations have 
achieved the consistency properties when the value of the factor loadings is consistent as the sample size increases. In terms 
of the parameter accuracy, the estimation technique of CBSEM is more preferable than those of PLS-SEM (Reinartz, Haen-
lein, & Henseler, 2009). This is because the use of consistent estimator in CBSEM render the consistency properties would 
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be occurred in varying situations. However, since the underlying distribution of parameter estimates to CBSEM is normal and 
stringent assumptions, the chance of CBSEM exaggerated by the improper solutions is higher than the PLS-SEM. It can be 
marked by the finding appears in the Table 1 that showing the standardized loading of Y11 = 1.033 is higher than 1.0 at the 
small sample size (N=50). Based on this, it can be stated that the problem of Heywood cases under CBSEM occurred at the 
small sample size. Despite the fact that this problem may occur for the small samples, yet, the findings of factor loading 
become trustworthy at the samples of 100 and above. It means that, the reasonable of sample size for CBSEM is 100 validated 
as suggested from prior researches (Kline, 2016; Afthanorhan et al., 2019).  In contrast, the PLS-SEM does not suffer from 
the presence of Heywood cases in TRA model. All the values of factor loadings for PLS-SEM are in the range of 0.0 to 1.0 
which means the results for factor loadings are proper manner under assessment of measurement model. However, in terms 
of the parameter accuracy, the value of factor loading with PLS-SEM is highly different from the true value which means the 
biased estimate of factor loadings may exist in TRA model. These results are likely confirmed by the assessment of raw bias 
on factor loadings. Compared to CBSEM, the values of factor loadings are bias and thus the construct reliability for CBSEM 
may reliable than PLS-SEM. Also, it can be seen that how large the value of factor loadings with PLS-SEM deviates from the 
true value of population model.  
 
In the simulation design, all the indicators of every construct were set using values of 0.60 which means the cut off for true 
value of factor loadings should be 0.60 per model. Since the findings are related to the comparison of factor loadings, the raw 
bias is calculated to assess the discrepancy values between the true values and estimated values. The smaller the values of raw 
bias of factor loadings, the more accurate of factor loadings per se. In order to approve the findings of factor loadings, the 
other two established models were tested repeatedly according to the same procedures that are Loyalty and UTAUT models.   
 
For Loyalty and UTAUT models, the consistency of those estimation techniques is remained consistent at different levels. 
The Loyalty model is opted because the size model is slightly smaller than TRA and UTAUT model. With the researchable 
on different size model for adopting a strategy of Monte Carlo simulation, the potential of the estimation technique can be 
explained in detailed. With CBSEM on Loyalty and UTAUT model, the problem of Heywood cases does not exist in the 
model and the finding is similar for PLS-SEM.  
 
4.2 Reliability and convergent validity results  
 
Table 2 shows the results of reliability and validity and bias between CBSEM and PLS-SEM with varying of sample sizes. In 
addition, the values of reliability and validity constructs were compared with the true values of population model that is more 
efficient and informative in determining to which estimation techniques are reliable when assessing the measurement models 
which is one of the purposes for this analysis. Many studies believe the reliability and validity are essential features in the 
SEM context analysis in order to assure the path coefficients obtained can be generally trusted for managerial decision or for 
dynamics progress (Bagozzi & Philips, 1991; Brown, 2006; Bollen, 1989; Schumacker & Lomax, 2010; Kline, 2016; Raykov 
& Marcoulides, 2010; Harrington, 2009; Aziz, Afthanorhan & Awang, 2016).  
 
However, previous studies have shown that the simulation approach is not common when SEM is applied to the assessment 
of reliability and validity such as those analyzed by Henseler et al. (2014) and Dijkstra & Henseler (2015). Paxton et al. (2001) 
assert that sample size is one of the most important variables in a simulation which means the study should adopt a strategy 
of different sample size for simulation addressed with the design factors. By addressing on their comment, the current study 
uses simulation for reliability and validity. For the true reliability of population model for TRA model, all constructs were set 
using a value of 0.692, meanwhile, the true validity for this model is set using a value of 0.360. 
 
The analysis with CBSEM and PLS-SEM are conducted for every sample and then it is possible to interpret the comparative 
results on reliability and validity of measurement models. TRA model shows that the estimates of reliability and validity with 
CBSEM is much more accurate than those of PLS-SEM. To be sure, the bias of reliability and validity is depicted in Table 2 
for verification. The bias for CBSEM is much smaller than PLS-SEM which means the estimation technique for CBSEM is 
lacking. In further illustrations, with the true reliability as 0.692, the estimates of reliability for CBSEM on TRA model is 
very close to the true value of population model. Unlike CBSEM, the distance reliability is estimated for PLS-SEM with true 
values which means their performance for assessing the constructs reliability cannot be dependable. The main reason of this 
problem is due to the effects of small indicator loadings. When small indicator loadings retained in the model, it means the 
indicator error is high.  
 
Nevertheless, the assessment for PLS-SEM can be recognized by inclusion of the new reliability that is called Dijkstra-
Henseler rho. Apparently, this new reliability estimates are mimic to the existence of the reliability estimates with CBSEM. 
Their estimations are slightly close to the true values and they are verified by the assessment of bias reliability. Subsequently, 
the other two models were determined with the same manner. Based on their performance, the authors confirmed that com-
posite reliability is not appropriate when PLS-SEM is applied to common factor model. Other than that, it is much worthy of 
the PLS-SEM only concentrate their new reliability rho in determining the construct reliability. That is because their perfor-
mance of the construct reliability is comparable with composite reliability with CBSEM. 
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In terms of the construct validity, the Average Variance Extracted (AVE) is tested with the true validity of population model. 
Surprisingly, the results show that the AVE estimates with CBSEM are more accurate than PLS-SEM across samples and 
models and the performance of CBSEM is not only exquisite for construct reliability. In this study, the authors set the value 
of true validity as 0.360 and it seems that all value estimates with CBSEM are in the acceptable range. Unfortunately for PLS-
SEM, their AVE values are overestimated across samples and models.  
 
Moreover, there is no new development to validity criterion for replacing the AVE criterion for assessing their construct 
validity. Instead, the PLS-SEM still relies on AVE criterion when assessing the measurement model whether in the form of 
composite model or common factor model. With these drawbacks appear in the terminology of PLS-SEM, the PLS users 
supposedly aware that research with this specified method for common factor model is not useful as it is remained incom-
pletely for evaluating the measurement models. 
 
5. Discussion and conclusion  
 
One of the central assumptions of the application of structural equation modeling is that all the constructs must be included 
in the model which is based on the measurement theory (Aguirre-Urreta, Rönkko, & Marakas, 2016). The construct can be 
known as measurement model which is expressed how to measure the construct by means of a set of indicators (Jarvis, Mac-
Kenzie, & Podsakoff, 2003). Generally, there are two ways to conceptualize the measurement models: 1. Reflective measure-
ment and 2. Formative measurement. The first approach is reflective measurement considered when there are some relation-
ships between the construct with its indicators (Bollen, 1989). Different from reflective measurement perspectives, the form-
ative measurement was illustrated when the relationships are going from the indicators to their constructs. Oftentimes, most 
of the studies prefer reflective measurement to operationalize the measurement theory. In a reflective measurement model, 
indicator loadings are the top priority for investigations. 
 
To produce the indicator loadings, the CBSEM and PLS-SEM have their own way for estimating indicator loading when 
assessing the measurement model. In some cases, the indicator loadings can be known as factor loadings or pattern coefficients 
(Kline, 2016). The labeling of factor loading is not relevant for the composite method as PLS-SEM. In accordance to Rönkko 
& Evermann, (2013), the value of indicator loadings from composite method cannot be equated as CBSEM does. This indi-
cator loading with composite method should not be acknowledged as factor loadings but known as composite loading. The 
composite based approach to structural equation modeling uses linearly combines indicators to form composite variables 
(Lohmoller, 1989; Sarstedt et al., 2016). This approach is different from what CBSEM does that consider construct as common 
factor that explain the covariation between their associated items (Jöreskog & Wold, 1982). Based on this reason, the construct 
with PLS-SEM fully depends on the value of associated items or indicators which implies that adding or omitting an indicator 
potentially modify the nature of the construct (Bollen, 2011; Aguirre-Urreta, Rönkko, & Marakas, 2016). 
 
Therefore, adding or omitting the items from respective construct with composite method is more dangerous than the factor 
method. Other than that, the value of indicator loading for each item is always altered when some of the indicator from the 
same construct is removed, which implies the estimation with PLS-SEM is not consistent at all under assessment of measure-
ment model. Indeed, the PLS-SEM is recently being improved by providing more assessment in statistical analysis but it is 
unjustifiable to claim it is appropriate for hypothesis testing (confirmatory) as it always biased.  
 
With this approach, the researchers are difficult to confirm the value of their items for justifications and thus the meaning of 
the construct may have affected. Moreover, composite method generally inherits the measurement error of manifest variables. 
The measurement error is the difference between the true value of a variable and the value obtained by a measurement. There 
are many sources of measurement error, including poorly worded questions on a survey, misunderstanding of the scaling 
approach, and incorrect application of a statistical method (Hair et al., 2016). As such, there is no way composite method is 
affected by the presence of measurement error. It is indeed Consistent PLS (adjusted PLS-SEM) realize for this situation to 
reduce the measurement error by using MINRES approach (Dijkstra, 2010). Yet, this reduction does not clearly explain in 
any research insofar whether the estimates loadings are not affected by this detrimental effect of measurement error. 
 
Unlike PLS-SEM, the CBSEM segregates the measurement error from the manifest variable to ensure the true estimate for 
factor loading can be obtained (McDonald, 1996). Another advantage with CBSEM is the tool of modification index has 
offered for this application to identify the multicollinearity problem in the model (McIntosh et al., 2014). The multicollinearity 
problem may appear when more than two indicators are involved for reflective measurement (Afthanorhan et al., 2019; Majid 
et al., 2019). This approach helps the researchers detect which item has potential to harm the construct meaning where PLS-
SEM does not. 
 
Based on the Table 1, the result clearly shows that PLS-SEM is much bias than those CBSEM under different situations. Their 
values of indicator loadings have been always shown overestimated under various situations which eventually may affect the 
construct meaning. In this sense, the bias of indicator loading with PLS-SEM exists due to the effect of measurement error. 
As mentioned earlier, the measurement error is not segregated from the variable but this effect is accumulated with the variable 
meanings to exhibit the value of indicator loadings.  
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Therefore, the value for indicator loading with PLS-SEM is always higher than those CBSEM. Strictly speaking, the indicator 
loading with PLS-SEM is not having ‘conceptual unity’ and sharing the similar theme (Bollen, 2011; Bollen & Pearl, 2013) 
which means that the construct must be measured by the corresponding variable where having the same concept or concept 
dimension (Bainter & Bollen, 2015). As such, the PLS-SEM does not have an ability to confirm this theme due the effect of 
measurement error. As to whether the PLS-SEM can produce the consistent indicator loading, it is useful to initially ensure 
the bias of this method is determined. Since the PLS-SEM is deductively not relevant for confirmatory mode due to the 
presence of bias (Rönkko & Evermann, 2013; Antonakis et al., 2010; McIntosh et al., 2014; Rönkko et al., 2016).  
 
Finally, when we determine the indicator loadings under assessment of measurement model in the case for confirmatory 
purpose, we should consider to choose CBSEM over PLS-SEM which is did a better job of producing accuracy estimates for 
indicator loadings. Bentler (1982) stated that if the researchers interested in examining the relationships between variables 
and unobserved variables, the CBSEM is a method of choice in which latent variable cannot be reduced to weighted composite 
of observed variables. This, however, the solution for CBSEM is in question when using small sample size where the problem 
of Heywood cases occurred for this situation. This effect is not occurred with PLS-SEM even being tested with small samples. 
In this essence, the PLS-SEM seems ‘always converged’ and yielded proper solutions (no Heywood cases). Under these 
circumstances, the results showed that PLS-SEM cannot detect the mis-specified model (McIntosh et al., 2014; Evermann & 
Tate, 2010) where CBSEM can. It should be noted that the method with no guide for detecting the model misspecification is 
unjustifiable since the study in the sense of confirmatory needs warranted for evidence of measurement theory. 
 
Implementing PLS-SEM for confirmatory modeling could produce erroneous conclusions (McDonald, 1996). The fact that 
PLS-SEM is appropriate for confirmatory modeling is not reasonable here where three population models being used. It is 
much appreciated if the PLS-SEM focus on bias property rather than ensuring the consistency property in all levels. For this 
reason, there are actually a few important exceptions where regression with composite is a consistent and unbiased estimator 
of latent variables such as model-implied instrumental variables (Bollen, 2019), Bartlett factor scores (Skrondal & Laake, 
2001) and correlation-preserving factors scores (Grice, 2001). Among of these methods, the application of MIIV is available 
in R software (Gates, Fisher, & Bollen, 2019). With this presence, it is more sensible for those interested in composite method 
to structural equation modeling. 
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