Missing Value Imputation
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Mean value of the other responses

Respondent
1
2
3

Q1
4
4
3

Q2
3
4
5

Q3
2
4

Mean value of the other respondents

Respondent
1
2
3

Q1
4
4
3

Q2
3

5

Q3
2
4
3
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Missing Value Imputation
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• Current

 Full Information Maximum Likelihood (FIML)
 Expectation Maximization (EM)
 Multiple Imputation (MI)
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Missing Value Imputation
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SEM - Variations
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• CB-SEM (Covariance-based SEM)
 objective

is to reproduce the theoretical
covariance matrix, without focusing on
explained variance.

• PLS-SEM (Partial Least Squares SEM)
 objective

is to maximize the explained
variance of the endogenous latent
constructs (dependent variables).
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Basics of SEM Estimation
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SEM explains the observed covariance among a set of
measured variables:

 It does so by estimating the observed covariance matrix with
an estimated covariance matrix constructed based on the
estimated relationships among variables.

Observed
Covariance
Matrix

S

Estimated
Covariance
Matrix

Σk

• The closer these are,

the better the fit. When
they are equal, the fit is
perfect.

Observed Covariance
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Estimated Covariance
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Residual Covariance
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Sample Reporting
Fit Measures

Study
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Recommended values

df

30

2

85.595

2/df

2.853

≤ 3.00

GFI

0.996

≥ 0.90

AGFI

0.978

≥ 0.80

CFI

0.997

≥ 0.90

RMSEA

0.080

≤ 0.08

NNFI (TLI)

0.972

≥ 0.90
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Common Factor
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Misuse of Modification Indices

We l e a d

• In trying to improve upon a model, you should not be
guided exclusively by modification indices. A modification
should be considered only if it makes theoretical or
common sense.

• A slavish reliance on modification indices without such a
limitation amounts to sorting through a very large number
of potential modifications in search of one that provides a
big improvement in fit. Such a strategy is prone, through
capitalization on chance, to producing an incorrect
(and absurd) model that has an acceptable chi-square
value. This issue is discussed by MacCallum (1986) and
by MacCallum, Roznowski, and Necowitz (1992).
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Green et al. (2016) Organization Research
Methods
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• Correlating measurement errors in CFA/SEM is
almost always bad practice.
• The only common exceptions are when the errors
are attached to indicators that represent the same
variable at different time points or when some
indicators are components of other indicators
(e.g., X and X*Z).

• Cole, Ciesla, and Steiger (2007); Cortina (2002);
Landis, Edwards, and Cortina (2009); Gerbing and
Anderson (1984)
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Hair et al. (2017) Journal of Advertising
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• A congeneric measurement model is
a psychometrically sound
representation. That means no
correlated error variance terms.

• Generally, if correlated error terms are
necessary to achieve good fit, the
measurement is flawed.
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Goodboy & Kline (2017)
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•

There is no reason to ritualistically drop every path that is nonsignificant. Doing so can appreciably affect the solution in unanticipated
ways. If a path was theoretically justified in the first place, then it
should be retained regardless of whether its coefficient is significant
or not significant.

•

Deleting non-significant paths from a structural equation model is a
terrible way to trim the model (Kline, 2016). This is because doing so
strongly capitalizes on sample specific variation (chance).

•

The temptation is to add the path to the model with the greatest MI value
that is also significant, but such a re-specification may have little, if any,
theoretical rationale (e.g., adding many error correlations because of
MI values). This is because MI statistics exploit sample-specific variation
that may not be found in replication samples; that is, the MI for the same
path but estimated in a different sample may not be significant.
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Goodboy & Kline (2017)
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• It is just as bad to add paths to an extant model with
unacceptable fit to the data based solely on p values. A
common example occurs when the value of a modification
index (MI), which estimates the amount by which the model 2
would drop if the path that corresponds to a particular effect
were added to the model (i.e., a previously fixed-to-zero
parameter is re-specified as a free parameter), is statistically
significant.
• There is also the possibility for “cherry-picking,” or the
reporting of values for only those fit statistics that favour
the model. The minimal set of global fit statistics just
described (2, RMSEA with 90% CI, CFI, SRMR), though,
should be sufficient (Kline, 2016).
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Composite Factor
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Two approaches to SEM
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 Covariance based
 EQS, http://www.mvsoft.com/
 AMOS, http://www-01.ibm.com/
 SEPATH, http://www.statsoft.com/
 LISREL, http://www.ssicentral.com/
 MPLUS, http://www.statmodel.com/
 lavaan, http://lavaan.ugent.be/
 Ωnyx, http://onyx.brandmaier.de/
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Two approaches to SEM
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 Variance Based SEM











Smart PLS, http://www.smartpls.de/forum/
PLS-GUI, https://sem-n-r.wistia.com/projects/plgxttovlw
PLS Graph, http://www.plsgraph.com/
WarpPLS, http://www.scriptwarp.com/warppls/
Visual PLS, http://www2.kuas.edu.tw/prof/fred/vpls/
PLS-GUI, https://pls-gui.com/
XL-STAT, https://www.xlstat.com/en/
SPAD-PLS, http://www.intstat.com/
GeSCA, http://www.sem-gesca.org/
ADANCO, http://www.composite-modeling.com
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Comparison
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Criteria

PLS-SEM

CBSEM

Approach

Variance-based

Covariance-based

Assumption

Predictor specification (nonparametric)

Parameter estimates

Consistent as indicators and sample size increase (i.e.,
consistency at large)
Explicitly estimated

Typically multivariate normal distribution
and independent observations
(parametric)
Consistent

Objective

Latent variable scores

Prediction-oriented

Parameter-oriented

Indeterminate

Epistemic relationship
between an LV and its
measures
Implications

Can be modelled in either formative or reflective mode

Optimal for prediction accuracy

Typically only with reflective indicators.
However, the formative mode is also
supported.
Optimal for parameter accuracy

Model complexity

Large complexity (e.g., 100 constructs and 1,000
indicators)

Small to moderate complexity (e.g.,
less than 100 indicators)

Sample size

Power analysis based on the portion of the model
with the largest number of predictors. Minimal
recommendations range from 30 to 100 cases.

Type of optimization

Locally iterative

Ideally based on power analysis of
specific model -minimal
recommendations range from 200 to
800.
Globally iterative

Significance tests

Only by means of simulations; restricted validity

Available

Availability of global
Goodness of Fit (GoF)
metrics

Are currently being developed and discussed

Established GoF metrics available
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Reasons for using PLS
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 Researchers’ arguments for choosing PLS as the
statistical means for testing structural equation models
(Urbach & Ahleman, 2010) are as follows:
 PLS makes fewer demands regarding sample size
than other methods.
 PLS does not require normal-distributed input data.
 PLS can be applied to complex structural equation
models with a large number of constructs.
 PLS is able to handle both reflective and formative
constructs.
 PLS is better suited for theory development than for
theory testing.
 PLS is especially useful for prediction
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Hulland et al. (2017)
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• When the primary aim of the research is to test
the veracity of proposed theoretical effects, the
use of a convenience sample may suffice.
• If the goal is to test theoretical hypotheses of interest,
as is usually the case, the most important
consideration is to select measurement objects and a
research context in which the hypotheses can be
meaningfully tested, using sources of data (both
primary and secondary) that yield accurate information
about the units studied.
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Hulland et al. (2017)
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• However, if the researcher is interested in
a particular target population to which
generalizations are to be made, an explicit
sampling frame has to be specified and
the manner in which the sample was
drawn needs to be clearly and explicitly
described.
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Hulland et al. (2017)
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• First, survey researchers follow certain established survey
practices ritualistically, even when they are not directly
relevant to the research in question or when they are not
particularly meaningful. For example, a focus on coverage,
sampling, and non-response error seems misplaced when
there is no real target population to which the researcher
wants to generalize the findings.
• However, in typical academic marketing surveys there is often
no obvious target population to which the researcher wants
to generalize the findings, the sample studied is arbitrary
(e.g., chosen based on ease of access), and it is difficult to talk
about selection bias when the sample is one of convenience
(although nonresponse will lead to loss of power).
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A Priori Sample Size (PLS)
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A Priori Sample Size (AMOS)
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https://webpower.psychstat.org/models/kurtosis/
We l e a d

81

We l e a d

82

We l e a d

83

For Further Reading:

We l e a d

The 2 Step Approach

We l e a d

 A structural equation modeling process requires
two steps: (Anderson & Gerbing, 1988)
1. building and testing a measurement model,
and
2. building and testing a structural model.
 The measurement model serves to create a
structural model including paths representing the
hypothesized associations among the research
constructs.
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Measurement & Structural Model
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Measurement Model in AMOS
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Structural Model in AMOS
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Modeling in PLS
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Inner Model

Outer Model
Exogenous

Outer Model
Endogenous
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Assessment
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Reflective Model Assessment

Reflective
Measurement
Model
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Construct
Reliability
(Internal
Consistency)

 α (Cronbach’s Alpha)
 ρC (Composite reliability)
 ρA (Dijkstra – Henseler’s rho)

Convergent
Validity

 Indicator Reliability
 Average Variance Extracted (AVE)

Discriminant
Validity

 Fornell & Larcker Criterion
 Heterotrait-Monotrait Ratio of Correlations
(HTMT)
Checks: cross-loadings, root mean square
residual correlation (RMS theta)

Reflective Model Assessment
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Variance Extracted (R2)
Loadings

0.49

0.25

0.81
AVE = 1.25/3 = 0.52

Reflective Model Assessment

We l e a d

Variance Extracted (R2)
Loadings

0.49

0.25

0.81

AVE = 1.25/3 = 0.52

Measurement Model
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Construct

Item

Loadings

CR

AVE

Information Quality

INF1

0.877

0.934

0.826

INF2

0.947

INF3

0.901

SAT1

0.864

0.915

0.782

SAT2

0.901

SAT3

0.888

SQ1

0.918

0.933

0.822

SQ2

0.919

SQ3

0.884

SYS1

0.870

0.911

0.774

SYS2

0.905

SYS3

0.864

Satisfaction

Service Quality

System Quality
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Discriminant Validity
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Fornell & Larcker (1981) criterion

1

2

3

4

1. Information Quality

0.909

2. Satisfaction

0.511

0.885

3. Service Quality

0.690

0.469

0.907

4. System Quality

0.731

0.467

0.573

0.880

2

3

4

Heterotrait-Monotrair Ratio (2015) criterion

1
1. Information Quality
2. Satisfaction

0.577

3. Service Quality

0.774

0.533

4. System Quality

0.832

0.538

0.653

Formative Model Assessment

Formative
Measurement
Model

Convergent
Validity

 Redundancy Analysis

Collinearity

 Variance Inflation Factor (VIF)

Weight and
Significance

 Outer weight significance (Bootstrap)
 Outer loading significance (Bootstrap)
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Structural Model Assessment
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Assessment of Structural Model for
Collinearity Issues

01

Assessment the significance and
relevance of the structural model
relationships

02
Structural
Model
Assessment

03

04

05

Assessment the level of R2 or
Adjusted R2

Assessment the Effect Size (f2)

Assessment Predictive Relevance using
Holdout- Sample

Reporting

We l e a d

Recommendations from ASA:
1. Scientific conclusions and business or policy decisions should not be
based only on whether a p-value passes a specific threshold.
2. Proper inference requires full reporting and transparency.
3. A p-value, or statistical significance, does not measure the size of an effect
or the importance of a result.
4. By itself, a p-value does not provide a good measure of evidence
regarding a model or hypothesis.
5. Researchers should recognize that a p-value without context or other
evidence provides limited information. For example, a p-value near 0.05
by itself offers only weak evidence against the null hypothesis. Likewise, a
relatively large p-value does not imply evidence in favor of the null
hypothesis; many other hypotheses may be equally or more consistent
with the observed data. For these reasons, data analysis should not end
with the calculation of a p-value when other approaches are appropriate
and feasible.
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Reporting
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 What simple decision rule will replace the p
<0.05 criterion. Various approaches have been
proposed:
1) the use of replication studies (Sawyer & Peter, 1983;
Singh, Ang, & Leong, 2003)
2) the use of effect size (f2) estimates and confidence
intervals (Boot CI) (Aguinis et al., 2010; Ely, 1999;
Hubbard and Meyer, 2013; Lin, Lucas, & Shmueli,
2013) and
3) the use of Bayesian methods (Hahn, 2014; Sawyer &
Peter, 1983), Bayes factors or likelihood ratios, and
decision-theoretic modeling.
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Reporting – Structural Model
Hypothesis Relationship

Std
Std
tpBeta Error value value

LL

UL
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f2

VIF

H1

System Quality ->
Satisfaction

0.171 0.088 1.954 0.051 0.012 0.342 0.093 2.191

H2

Information Quality ->
Satisfaction

0.249 0.113 2.193 0.029 0.040 0.452 0.234 2.808

H3

Service Quality ->
Satisfaction

0.199 0.092 2.175 0.030 0.030 0.382 0.150 1.945
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Research Model
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System
Quality

Service
Quality

Information
Quality

Satisfaction

Intention

Hypothesis Testing

We l e a d

• The researcher may choose to use either
one-tailed or two tailed tests, depending
on the his prior knowledge of the direction
of the test (Cohen and Holliday, 1984)

 Cohen, A. and Holliday, M. (1984) Statistics for Social Scientists.
London: Harper and Row.

Hypothesis
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H1 System Quality has a positive
relationship with Satisfaction
H2 Service Quality has a positive
relationship with Satisfaction
H3 Information Quality has a positive
relationship with Satisfaction
H4 Satisfaction has a positive relationship
with Intention

Research Results ( = 0.05)
Relationships
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Estimate

Std Error

t-value p-value

H1: Satisfaction  System

.231

.124

1.858

.063

H2: Satisfaction  Service

.196

.112

1.751

.080

H3: Satisfaction  Information

.155

.131

1.176

.189

H4: Intention  Satisfaction

.452

.067

6.774

.000

Journals – SEM (more)
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Journal
Journal of Construction Engineering and Management (JCEM)
Construction Management and Economics (CME)
International Journal of Project Management (IJPM)
Journal of Management in Engineering (JME)

Automation in Construction (AUTCON)
Engineering, Construction and Architectural Management (ECAM)
Construction Innovation: Information, Process, Management
Expert Systems with Applications
Psicothema
The International Journal of Human Resource Management
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Journals – SEM (less)
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Journal
Building and Environment (B&E)
Canadian Journal of Civil Engineering
Civil Engineering Dimension
Corporate Social Responsibility and Environmental Management

IEEE Transactions on Engineering Management
Information and organization
International Journal of Stress Management
Journal of Business Economics and Management

Journal of Civil Engineering and Management
Journal of Construction in Developing Countries
Journal of Facilities Management
Journal of International Management
Journal of International Medical Research
Journal of Professional Issues in Engineering Education and Practice
Operational Research
Project Management Journal
Stress and Health
The Journal of Technology Transfer
The Learning Organization
Waste Management & Research
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https://www.facebook.com/groups/mysem/
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MySEM Group
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