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Abstract
The use of structural equation modelling (SEM) for research studies in construction related field
has been on the increase over the years. The essence of this study is not to compare the level
of usage of SEM with other modelling methods, neither is it to examine its extent of adoption in
construction management - as this has been researched in previous works - but to arrive at a
common ground for future construction related research works, based on the findings and
recommendations from existing studies on the subject of SEM. Research materials within and
outside the field of construction management were reviewed and it was discovered that SEM
using AMOS (covariance approach) is the most appropriate method for construction research
studies. This is not just because it is the most available of the software programs, but because
of the numerous benefits and advantages highlighted from previous studies. The study also
recommended appropriate sample size as well as cut-off value for various required goodnessof-fit tests of SEM model.
Keywords: Construction, Construction research, Goodness-of-fit measures, Software programs,
Structural equation model, Structural equation modelling

Introduction
Previous studies in the field of construction have identified and used a number of methods for
generating and testing of models and frameworks. Among these methods are Regression
Equations of various types (e.g. linear, multiple, logistic, etc.), System Dynamic (SD), Artificial
Neural Network (ANN), Structural Equation Modelling (SEM), etc. This paper is devoted to SEM.

Advantages and Benefits of SEM
The benefits of structural equation modelling (Bagozzi and Yi, 2012; Henseler, 2012; Ringle et
al, 2012) include that it provides an integrative function, that is, a single umbrella of methods
under leading programs. It helps researchers to be more precise in their specification of
hypotheses and operationalizations of constructs; takes into account reliability of measures in
tests of hypotheses in ways beyond the averaging of multi-measures of constructs; guides
exploratory and confirmatory research in a manner combining self-insight and modelling skills
with theory. It often suggests novel hypotheses originally not considered and opens up new
avenues for research. It is useful in experimental or survey research, cross-sectional or
longitudinal studies, measurement or hypothesis testing, within and across groups and
institutional or cultural contexts; and is easy to use. Henseler (2012) identified the advantages of
SEM to include its abilities to model latent variables, correct for measurement error, specify
errors and their covariance structures and estimate entire theories simultaneously. It allows a
researcher to model and predict relationships between construct variables in the hypothesised
manner.

Structural Equation Modelling is an advanced multivariate technique to examine multiple
dependence relationships between variables simultaneously (Singh, 2009, Harris and
Schaubroeck, 1990). SEM is generally preferred to other modelling methods due to the reasons
highlighted by Bryne (2010); Roberts, et al (2010); Ringle, et al (2012); and Singh (2009). The
reasons include: it takes a confirmatory rather than an exploratory approach to data analysis
while most other methods including regression equations are descriptive, i.e. exploratory; it
provides explicit estimates for measuring errors that traditional multivariate procedures are
incapable of either assessing or correcting; the sample size can easily be regulated; it can be
used for non-normal data; it allows for the use of formatively measured latent variables; data
analysis using SEM incorporate both observed and unobserved variables unlike other methods
incorporating only the observable variables; it tests a priori relationship rather than allowing the
technique or data to define the nature of relationship between the variables; and it provides
alternative methods for modelling multivariate relations. Yuan, et al (2010) concluded that SEM
is an established method for social science research. This therefore establish the usefulness of
SEM for construction related research works since it is social-science research inclined.

Research Methodology
A review of existing literature in the area of SEM was carried out with emphasis on differences
in approaches, software programs, sample size, data and respondents' type as well as
necessary tests required in the final selection of SEM model. However, the examined research
materials were not limited to construction related areas only.

Approaches to SEM
There are three approaches for structural equation modelling as identified in the literature
(Hensler, 2012; Hwang, et al 2010; Ringle, et al 2012; Yuan, et al 2010). The approaches
indicated in table 1 depend on the adopted software programs and they are: covariance
structure analysis (C-SEM); partial least square (PLS); and generalized structured component
analysis (GSCA). Hwang et al (2010) referred to the first two methods as traditional approaches
Factors

C-SEM

PLS-SEM

GSCA

Model specification
Latent variable

Factors

Components

Components

Number of equations

One

Two

One

Model parameter

Loadings. path coefficients,
error variances, factor
means and/or variance

Loadings, path coefficients,
component weights

Loadings, path
coefficients,
component weights

Input data

Covariances/correlations

Individual-level raw data

Individual-level raw
data

Estimation method

Maximum likelihood
(mainly)

Least squares

Least squares

Global optimization function

Yes

No

Yes

Normality assumption

Required for maximum
likelihood

Not required

Not required

Model fit measures

Overall and local

Local

Overall and local

Parameter specification

Table 1 Approaches to SEM

Source: Hwang, et al (2010)
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while the third is known as alternative method. C-SEM involves the use of such software
programs as LISREL, AMOS, EQS and MPlus while PLS can be implemented using LVPLS,
PLS-Graph, Smart-PLS and VisualPLS. GSCA analysis is only implemented by the use of
GeSCA software program.
Covariance Structural Equation Modelling (C-SEM) using Analysis of Moment Structure (AMOS)
software is recommended for construction related research works. Hwang, et al (2010) while
comparing the three approaches, concluded that C-SEM has been found to recover loadings,
parameters and path coefficients better than the others and it also produces unbiased
parameter estimates. Moreover, Hensler (2012) in comparing C-SEM with GSCA observed that
GSCA substantially over-estimates direct effect in mediation analysis, partially invalid and
provide inconsistent estimates. However, PLS-SEM should be considered as an alternative
where C-SEM could not be used for any reason

Sample Size
The role of sample size is crucial in all statistical analysis (Lucko and Rojas, 2010). The more
sophisticated the statistical analysis the larger the sample needed. Therefore, the sample size
requirement in this study is a function of the model or framework development method in
consideration.
SEM, like other statistical techniques, requires an appropriate sample size in order to produce
reliable estimates (Hair, Anderson, Tatham and Black 2008). Gorsuch (1983) suggested at least
5 participants per construct and not less than 100 individuals per data analysis. Harris and
Schaubroeck (1990) proposed a sample size of 200 at least to guarantee robust structural
equation modelling. Kline (2010) suggested that a very complicated path model needs a sample
size of 200 or larger while Bagozzi and Yi (2012) proposed that the sample size should be
above 100, preferably above 200. In addition, Yuan, et al (2010) after evaluating different
models based on various numbers of respondents opined that a sample size of between 300
and 400 should be appropriate for structural equation models using ordinal data. This is
supported by Hair, et al (2008) who recommends a sample size of at least 200 but not
exceeding 400. It was further pointed out that when the sample size exceeds 400 to 500
participants, the SEM analysis becomes too sensitive and almost any difference is detected,
making goodness-of-fit measure show poor fit. It can thus be concluded that a minimum and
maximum sample of 200 and 400 respectively, is needed for SEM research studies.

Analysis and Selection of Best-fit model
Like any other model, it is not always practicable and appropriate to accept the first result of
analysis of a model. There is always a need to subject the model to various tests with the sole
purpose of validating the model and arriving at the best-fit model. In SEM, two stages i.e. model
selection and evaluation are identified. Model selection involves testing the factors and testing
the model. In testing the factors, exiting studies opin a need to carry out factor analysis on latent
variables and Yuan, et al (2010) suggested a cut-off value of 0.50 while Chinda and Mohamed
(2008) used 0.45 in modelling construction safety culture. The essence of the test according to
Barrett (2007) is to ensure the elimination of attributes with low correlations with the attributes of
other latent factors in the final SEM. The cut-off value is affected by sample size but a range of
0.45 to 0.50 is deemed appropriate.
The second stage of model selection involves using selection criteria to declare one model
superior and treating it as a best working hypothesis until a better model is proposed (Preacher
and Merkle, 2012). Molenaar et al (2000) opined that a feasible model should be selected based
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on the recommended Goodness-of-fit (GOF) measures and the model that satisfies both
theoretical expectations and GOF should be finally selected for SEM analysis. Standard indices
of model fits can be established by using t-tests and R-squares for model equation (Doloi, et al.
2011) as well as chi-square (  ) goodness-of-fit statistics (Bagozzi and Yi, 2012; Singh, 2009).
The essence of these tests and the recommended level presented in table 2 according to
Preacher and Merkle (2012), is to formulate a useful approximation model that fits well; has
easily interpretable parameters; approximates reality in as parsimonious a fashion as possible;
and can be used as a basis for inferences and predictions. However, Bagozzi and Yi (2012)
2

opined that research can rely on five of the identified fit indices, that is,  , RMSEA, nonnormed fit index (NNFI/TLI), CFI and SRMR. Table 2 indicate the recommended cut-off values
of various fit indices based on the recommendations of various research works. However, there
is no need for rigidity as this is easily affected by other factors such as sample size, type of
data, number of variables, etc.
2

In order to evaluate the appropriateness of the measurement model used for final SEM, Jin,
Doloi and Gao (2007) suggested that the strength of the measurement model should be
established by performing the Cronbach's reliability test. However, there are no discrepancies
as both Doloi, et al. (2011) and Bryne (2010) suggested a cut-off value of 0.7 as an acceptable
level of initial consistency. The closer the value is to 1, the more reliable the model will be.
Fit indices
2

Doloi et al (2010)

Bagozzi
and Yi
(2012)

Singh (2009)

Chinda &
Mohamed
(2008)

Recommended
value(s)

< 2.00

1.00 to 2.00

χ /Degree of freedom

1 to 2

0 to 2

1.00 to 2.00

Goodness of fit (GFI)

0(no fit) - 1(perfect fit)

0 to ≥1

0.00 to 1.00

Root mean square error of
approximation (RMSEA)
Standardized root mean
square residual (SRMR)

<0.05(very good) 0.1(threshold)

≤0.07

≤0.05 to ≤0.08

Comparative fit index (CFI)

0(no fit) - 1(perfect fit)

≥0.93

0 to 1

> 0.90

0.93 to 1.00

Tucker-Lewis index (TLI)

0(no fit) - 1(perfect fit)

≥0.92

≥0.95

-

0.95 to 1.00

Normed fit index (NFI)

0(no fit) - 1(perfect fit)

0.60 to 0.90

-

0.60 to 1.00

Incremental fit index (IFI)

0(no fit) - 1(perfect fit)

0 to 1

> 0.90

0.93 to 1.00

Relative fit index (RFI)

0(no fit) - 1(perfect fit)

-

0.90 to 1.00

0.00 to 1.00
≤ 0.10

≤0.07

<0.05 to 0.07
<0.05 to 0.07

Table 2 Recommended level of Goodness-of-fit (GOF) measure

Conclusion and Recommendation
Having established the benefits, usefulness and advantages of using SEM for construction
related research studies, it could be concluded from previous research findings that the
usefulness of SEM in the field of construction is clearly established. The field is social-science
related and the majority of the data are ordinal - mostly from the perceptions and opinions of
construction professionals - and these are major areas of strength of SEM. More so, Covariance
Structural Equation Modelling (C-SEM) using Analysis of Moment Structure (AMOS) software is
recommended due to its advantages over other identified methods. The sample size for
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developing SEM should be within the range of 200 and 400 while cut-off values for various tests
of goodness-fit were also recommended.
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