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｜Abstract｜

Structural equation modeling (SEM) is an advanced statistical analysis 
that enables to test various types of mediation modeling. This paper 
introduces the structural equation modeling (SEM) with the focus of 
measurement model testing, mediation analysis, and SEM with a full 
measurement model. It also discusses different types of estimation 
methods to deal with dataset such as non-normality of data distribution 
and missingness of the data. This paper provides a useful guideline for 
analysis of social science research that uses survey data.  

Key words: structural equation modeling (SEM), mediation model, 
measurement model

* This paper explains Mplus estimation methods to deal with various 
types of data.

** Indiana University Purdue University Indianapolis



｜ 120 ｜ 연구방법논총 ｜ 2016년 창간호(제1권 제1호)

Ⅰ. Introduction

Structural equation modeling (SEM) is an advanced statistical 

analysis that enables to test various types of mediation modeling. 

Traditional approach to the mediation model uses Baron and 

Kenny’s procedure (1986) that examines the total effects combined 

by direct and indirect effect and mediation test is performed by 

multiple hierarchical regression analysis in SPSS. To yield more 

accurate estimates of analyses, SEM accounts for measurement 

errors, non-normality of data distribution, and missingness of the 

data. This paper aims to provide a useful guideline for analysis of 

social science research that uses survey data. More specifically, this 

paper provides an introduction to SEM by explaining a 

measurement model testing, mediation analysis without a 

measurement model, and SEM model with a full measurement 

model.

Ⅱ. Measurement Model

To test the reliability and validity of a measurement, two types 

of factor analysis can be considered: Explanatory factor analysis 

(EFA) and confirmatory factor analysis (CFA). EFA is used to 

identify the underlying relationships among continuous observed 

measures and extract statistically significant factors for latent 
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constructs. EFA is needed when researchers do not hold 

theoretical knowledge and/or practical understanding of the 

number of indicators nor factors. That is, EFA is a tool for 

researchers who create new measures to validate the internal 

consistency of the proposed measures. 

The formula for EFA derives from the principal component 

analysis [tk(i) = x(i) x w(k)]. In this formula, t represents the 

corresponding data vector from matrix x onto matrix t, matrix x 

represents the data matrix of the all data vectors, w represents 

the matrix of basis vectors. Based on this formula, EFA accounts 

for errors associated with the factor extraction process. 

Many statistical software programs including SPSS, SAS, and 

Mplus perform EFA and use various estimation methods for factor 

loadings. For example, principal component analysis uses an 

eigenvalue above 1 as a determinant for a significant factor 

loading. Maximum likelihood extraction method bases a significant 

testing of p-value to identify a latent factor. While EFA is essential 

for a new measurement that has not been statically validated nor 

replicated, confirmatory factor analysis (CFA) is required to test the 

reliability and validity of the existing measures. See figure 1 for 

the conceptual model of factor analysis. 
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Figure 1. Factor Analysis 
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CFA is a measurement model that tests the reliability and 

validity of measured variables. Based on the theoretical knowledge 

and empirical evidence of the measurement testing, researchers 

employ CFA to confirm the number of indicators and latent 

factors. Using the existing measures, researchers re-validate the 

number of latent factors using their empirical dataset and test 

statistical reliability of the observed variables. 

The formula for CFA is Y = Le + e.  

Y represents the vector of observed responses predicted by the 

unobserved latent variable, L represents the unobserved latent 

variable, e represents a factor loading, and e represents error. CFA 

yields a more precise analysis by taking account of factor loadings 
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and measurement errors in the same measurement analysis model. 

See figure 2 for the conceptual model of CFA.

Figure 2. Confirmatory Factor Analysis 
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A number of advanced statistical software programs including 

SPSS Amos, SAS and Mplus runs CFA and the goodness of model 

fit criteria is used to determine the validation of CFA (Boomsma 

2000; Hu and Bentler 1999; Kline 2005; Yu 2002). Comparative fit 

index (CFI) > .95, standardized root mean square residual (SRMR) < 

.08, and the root mean square error of approximation (RMSEA) < 

.08 are considered as the appropriate fit for the model indices. 

Once the model fit criteria is confirmed, significant test of factor 

loadings (p < .05) and standardized factor loading (R2 > .07) need 

to be examined. If there is an indicator with the standardized 

factor loading below .05, researchers should consider eliminating 
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such factor or constraining this factor loading to zero. If there is 

an indicator with the standardized factor loading above .05, it is 

recommended to constraint the factor loading as zero or 1. In 

addition, standardized residual > |+/- 4| and modification index > 

3.84 serve for model modification in CFA. It must be noted that 

one modification is highly likely to change the entire model fit 

criteria of the measurement model. Therefore, researchers should 

make one change at a time and re-validate the model fit indices 

until it reaches the goodness of the model fit. 

Ⅲ. Moderation, Mediation, and Moderated Mediation 

Model 

Path analysis and SEM are widely used to test moderation and 

mediation effects. Although both path analysis and SEM enable to 

test the same analysis model, there is a distinctive difference 

between two analysis methods. Path analysis is limited in that it 

does not account for measurement errors, whereas SEM with a full 

measurement take measurement errors into consideration when 

testing the moderation and mediation effect. For the current paper, 

moderation, mediation, and moderated mediation effects are 

discussed using SEM analysis. 

First, SEM can be used to tests the relationship between the 

independent variable and dependent variable (main effect) as well 

as the interaction effect between independent variable and 
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moderating variable on the dependent variable. See figure 3 for 

the conceptual model of the moderation effect. 

Figure 3. Moderation Model
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For example, Shin and Hecht (2013) examined the main effect 

of parent-child role reversal, so-called parentification, on 

parent-child communication about alcohol. They also tested the 

moderating effect of parent-child closeness on the relationship 

between parentification and parent-child communication about 

alcohol. They posed two research hypotheses that high levels of 

parentification would lead to more frequent communication about 

alcohol between parent and child and the significant relationship 

between parentification and parent-child communication about 

alcohol differ depending on the levels of parent-child closeness, 

meaning that higher degrees of parent-child closeness would 
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strengthen the positive association between parentification and 

parent-child communication about alcohol, whereas lower levels of 

parent-child closeness would weaken the main effect of 

parentification on parent-child communication about alcohol. 

In addition to testing the moderation effect, SEM are utilized to 

examine the mediation effect, which test the direct effect of the 

independent variable on the dependent variable as well as indirect 

effect of the independent variable on the dependent variable via 

the mediating variable. The total effect is estimated as a sum of 

the direct effect and indirect effect. See figure 4 for the 

conceptual model of the mediating effect. 

Figure 4. Mediation Model
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For instance, using the same example of Shin and Hecht’s study 

(2013), the researchers examined the direct effect of parentification 

on children’s substance use as well as the indirect effect of 

parentification on children’s substance use via parent-child 

communication about alcohol. Shin and Hecht’s study revealed that 

there is a significant mediating effect of parent-child 

communication about alcohol on the relationship between 

parentification and children’s substance use, meaning that high 
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levels of parentification led to more frequent communication about 

alcohol between parent and child, which in turn linked to lesser 

use of substances. 

Moreover, researchers employ SEM to run the moderated 

mediation analysis, which tests the moderating effect on the 

mediation model. In other words, this analysis examines the main 

effect of the independent variable on the mediating variable, as 

well as the moderating effect of the interaction variable on the 

mediating variable, while testing the indirect effect of the 

independent variable on the dependent variable via the mediating 

variable in the same analysis. See figure 5 for the conceptual 

model of the moderated mediating effect. 

Figure 5. Moderated Mediation Model
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For example, Shin and Hecht (2013) tested the main effect of 

parentification on parent-child communication about alcohol as 



｜ 128 ｜ 연구방법논총 ｜ 2016년 창간호(제1권 제1호)

well as the moderating effect of parent-child closeness on 

parent-child communication about alcohol, while examining the 

indirect effect of parentification on children’s substance use. The 

findings revealed that the main effect of parentification on 

parent-child communication about alcohol was significant, yet 

parent-child closeness did not significantly moderate the 

relationship between parentification and parent-child 

communication about alcohol. It was also found that the mediating 

effect of parent-child communication about alcohol was significant, 

meaning that the indirect effect of parentification on children’s 

substance use via parent-child communication about alcohol was 

significant.

Ⅳ. Full SEM: Measurement Model+Structural Model

As previously stated, CFA statistically validates a measurement 

model using the model fit critera. Prior to SEM, CFA must be run 

to test and the goodness of the model fit. Once CFA with all 

latent factors of the SEM model is confirmed, researchers can 

move to specify a model testing (e.g., moderation, mediation, or 

moderated mediation model) for SEM analysis. See figure 6 for the 

conceptual model of the moderation effect. 
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Figure 6. Full Structural Equation Modeling
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To test the goodness of the model fit, the model fit criteria are 

used: CFI (> .95), SRMR (< .08), and RMSEA (< .08) for the 

continuous dependent variable, CFI (> .95), Tucker-Lewis index 

[(TLI) > .95] and RMSEA (< .08) for the categorical dependent 

variable. Once the model fit criteria of SEM is confirmed, 

significant effects can be detected by standardized path coefficients 

and p-values of each coefficient (p < .05). All of the path 

coefficients are estimated using the regression anaysis in SEM.   

Ⅴ. Estimation Methods

Depending on the nature of data such as data distribution, types 

of the dependent variable, and the missingness of data, SEM 
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requires different estimation methods to yield a more accurate 

analysis1. The assumption of normality is the basis for data 

distribution and regression analysis. The value of univariate 

skewdness (> 3, p < .05) and kurtosis (> 8, p < .05) determines 

the non-normality of data. Since most of the data analysis is based 

on the assumption of normality, first is to explain the maximum 

likelihood estimation (ML). ML estimation calculates the maximum 

values of analysis when the data is normally distributed. This 

method is commonly used when the data includes the continuous 

dependent variable. When the data does meet the assumption of 

normality, robust maximum likelihood estimation (MLR) yields a 

more accurate analysis in SEM. This method is used to deal with 

non-normality of the continuous dependent variable.  

Similar to ML estimation, weighted least square estimation (WLS) 

is used when the data holds the assumption of normality. WLS is 

used with the categorical dependent variable. 

Weighted least square means and variance adjusted estimation 

(WLSMV) is employed with the data that is not normally 

distributed and includes the categorical continuous variable.

To deal with the missing of data, multiple imputation and full 

information maximum likelihood estimation (FIML) is recommended 

(Graham 2009). When there are significant missingness of data, 

multiple imputation and FIML generates the missing values of 

incomplete data for SEM analysis. FIML is the most commonly 
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used estimation method to deal with the continuous dependent 

variable.  

Ⅵ. Conclusion

This paper provides a brief review of the introduction to SEM 

by discussing the measurement model, various types of SEM, and 

estimation methods of SEM. It is well-recognized that SEM yields a 

more accurate analysis by accounting for the measurement errors, 

different types of data and the missingness of data. However, it 

also needs to note that the goodness of the model fit is heavily 

influenced by the number of data, meaning that more number of 

data is better for the precise analysis results for CFA and SEM. 

Social science researchers should perform a careful examination of 

dataset to determine which estimation method would best predict 

the result and proceed with an appropriate analysis.  
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