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1.0 Background

1.1 Structural Equation Modeling (SEM)

Self-reported questionnaires are often used in social and behavioral sciences to
assess specific aspects of human behavior and are used to asses an underlying
phenomenon which can be used to follow individuals over time or to compare different
groups®S. However, it is important to test the questionnaire to ensure it measures
identical constructions with the same structure across different groups in order to make
any meaningful comparisons. Structural equation models (SEM) are frequently used in
these studies and have been applied to measure internalizing mental health problems?®,

substance use’, and other health related behaviorse.

1.1.1 Application of Structural Equation Modeling

SEMs allow researchers to model and analyze complex causal relationships
between observable variables and latent variables. On one hand, observable variables
are variables that have been measured such as questionnaire items or physical traits.
On the other hand, latent variables are not directly measured but are the cause for the
observed variables. For example, happiness is a concept that cannot directly be
measured and would be considered a latent variable. However, we may measure and
observe variables such as job satisfaction, close friendships, self-assessed health and
any other variable we hypothesize are indicators of the concept of happiness. These

relationships are illustrated as paths in SEM diagrams.



A1 Aat| A3n
Y1 Y2 ‘ Y3 ’
€1 €2 €3

Figure 1: Path diagram of a one-factor model®

Note: Adapted from “Confirmatory Analysis for Applied Research” by Timothy A. Brown,
2015, Methodology in the Social Sciences, p.18, Copyright 2006 by The Guilford Press

Figure 1 is an example of a simple path diagram for a one-factor model which
illustrates how observable and latent variables are modeled. The observable variables
are depicted by squares (Y1, Yz, Y3) and latent variables are depicted by circles ().
These relationships are modeled by the arrows (known as causal paths), for example,

the path n, o Yirepresents that n; has a direct effect on Y (labelled A11). In addition to
11

the direct effects (A1, A21, As1) there is assumed to be random error associated with the
relationships (€1, €2, €3). Random errors are assumed to be uncorrelated with each other
and with the latent variable. Based on the type of data and the type of structural equation
modeling they can take on many different distributions, however the normal distribution

is typically used.

As with any statistical model, structural equation modeling dictates that certain
assumptions must hold: 1) each of the variables listed above (Y or €) are normally
distributed; 2) all measurement error (€) is random unless otherwise specified; 3) and

each path follows a linear regression.®0 In a traditional linear regression only the error



term has to be normally distributed so SEMs require further assumptions. In addition to
this, traditional statistical models have only one outcome and all relationships on the
model are estimated based on that outcome. However, in a structural equation model
there are many times multiple outcomes and the mixture of both observable and latent
variables. Due to these complex relationships different software and algorithms are

required than more traditional models.

Several programming applications that can be used to implement the various
models of Structural Equation Modeling such as: LISREL!!, SAS/CALIS*?, STATA'3, and
Mplus®4. Mplus is rapidly becoming more ubiquitous in Structural Equation Modeling
throughout psychology and social sciences research as it has relatively simple
commands to develop and handle complex models and data®. In addition to the ability to
handle complex models and data, Mplus is updated often and has a wide user base

making it the choice of many SEM users.

1.1.2 Confirmatory Factor Analysis (CFA)

There are many models in which SEMs are used. One such model is for
confirmatory factor analysis (CFA). CFA is an analytical method commonly used in
psychometric studies which allows the researcher to test the hypothesis that a
relationship between observed variables and their underlying latent constructs exists!®16,
The observed variables are known as indicators which can be comprised of
guestionnaire items, behavioral observations, or test scores; essentially this can include
any measurable construct the research question requires. The latent construct, or factor,
is a theoretical idea which cannot directly be observed. Instead the latent construct is
manifested in the observed indicators and is the believed to be the cause of the

indicators we can observe in the real world.



The items or indicators load onto the latent construct y, a matrix containing the

items:1’
y=An+e€

A = mxp matrix containing the factor loadings
n = px1 latent variable vector

€ = mx1 matrix of errors

There is also a correlation matrix where we assume correlated factors where W is

a pxp correlation matrix of p pindicators:®*’
T=AYAN +0

X = pxp correlation matrix of p indicators
A = pxm matrix containing the factor loadings
Y = mxm latent variable covariance matrix

® = pxp covariance matrix of errors

Although there is no agreed upon cutoff, for each list of factors that are considered to be
part of a single latent construct, the general convention is that each of the loadings for
each factor are considered substantial if the standardized loadings were greater than
0.3'8. CFA has become an important analytical tool to estimate the scale reliability of
various psychometric evaluations used in the social and behavioral sciences®. The true
value of CFA is in reducing the number of observable variables that relate to the latent
factors. This can make the model more interpretable as well as reduce the chance of

multicollinearity in the model.



1.1.3 Model Fit Statistics

Traditionally, a common method for assessing model fit used a y* statistic.
However, it is not typically advised to measure model fit by %2 as this can be artificially
inflated by sample size or for small N, the sample may not follow a y? distributiont”:1°, We
can adjust for this effect by measuring fit by the CFI, where the CFI can be measured as

follows: 918

max[y? — dfr, 0]
max[(x5 — dfr), (x5 — df),0]

CFI=1-

where T denotes the target model and B denotes the baseline or null model. In
practice, a CFl > 0.90 indicates acceptable fit, while a CFl > 0.95 is preferred!’:1°, Other
measures which can evaluate closeness of fit include root mean square error of
approximation (RMSEA) (values < 0.08 indicate good fit, <0.05 preferred) and
standardized root mean square error residual (SRMR) (values < 0.08 indicate good fit,

<0.05 preferred)?’.

It is important to not only look at the factor loadings but also the fit statistics to
confirm if the factors measured load onto a known latent construct. If the model fit is
poor the CFA model can be revised to improve the fit of the model. A source of
misspecification could be from the correlated errors (EXx. €1- €3 in Figure 1). Unless
specified, the model will assume that all the covariation among the items that load onto a

factor is due to that latent dimension and that all measurement error is random?®.

In some cases, this error could also be partially shared variance for items within
the same latent factor or a source outside of a common latent factor. This may be
justified in cases where the items appear similar in wording or susceptibility to other

influences®. In Mplus this is known as adding fit indices in which the error terms from the



indicators are allowed to be correlated in the same or different latent factor in the model.

This can help improve the model because while each of the items should have been

designed to measure one part of the latent construct and be independent of the other

items, this may not always be the case. By adding these measures, it could help explain

the model better and it also accounts for more error in the model as a whole which may

improve model fit. If this still does not improve model fit, it may be worth deconstructing

the latent factor and performing exploratory factor analysis (EFA) to reconstruct the

latent construct as the items do not represent the latent construct.*® Figure 2 provides an

overview on the process involved when performing CFA.

Figure 2: Schematic overview of confirmatory factor analysis (CFA)
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1.1.4 Measurement Invariance (Ml)

Measurement Invariance is an analytical technique that can be used to
demonstrate that the participants across different groups or across different time points
do interpret the individual questions in the same way, thereby allowing researchers to
make meaningful comparison across groups 62921, |f the test was created to be
administered in a heterogenous population and the assumption of measurement
invariance cannot be established, then the test may be biased against specific groups
such as by sex or culture®. These tests are similar to a t-test or ANOVA which can be
used to compare observed group means, however, some researchers may prefer an
SEM approach as these comparisons can be made in the context of a latent variable
measurable model®. The framework from CFA lends itself to evaluate the equivalence of
measurement models among distinct groups. A multiple-group CFA uses a system of
simultaneous CFA analysis for each group or timepoint. Each group will be evaluated by
the latent structure individually and assessed for equivalence of the measurement and
structural solution®. There are three critical steps that should be considered: configural
invariance (equivalence of model form — do the constructs have the same pattern of free
and fixed loadings across groups); metric invariance (equivalence of factor loadings —
each item contributes to the latent construct to a similar degree across groups); scalar
invariance (equivalence of item intercepts or thresholds — mean differences in the latent

construct capture all mean differences in the shared variance of the items)!1.



MI Invariance MI Noninvariance

1. Configural A.

2. Metric D.

3. Scalar E

Figure 3: Path diagram illustrating Measurement Invariance and Noninvariance

Note: In measurement invariance tests, all models are fit to each of the groups (ex. male
and female) and parameters are constrained to be equal across groups. For the
invariance models illustrated in D and F, the bolded paths in blue are the are set to be
equal across groups. In the noninvariance groups illustrated in B, C, E, and G, the
bolded paths in red are examples where when this is applied to one group results in
measurement noninvariance for that respective step (configural, metric, or scalar
invariance).

Configural invariance is the baseline model which is used to evaluate to which
degree the different levels of Ml are supported by the data. In this model, the values
between each factor loading or intercepts are not constrained between the groups or
timepoints that are being compared in the study!®. Configural invariance tests for basic
model fit information, and if the values in the factor loadings are roughly equivalent and

8



in the same direction across groups*®. Specifically, we would like to confirm in configural
invariance if the latent factor (n1) is represented by the same items (Y1-Y3) and has
roughly the same patterns of factor loadings (A11- As1 and A12-As2) across groups. This
means we have a diagram for Figure 3A for each group (ex. one for males and one for
females). If we find configural noninvariance, could mean that the pattern of factor
loadings differs across the groups such as one item is only represented by a latent factor
in one group (Figure 3B) or a different item loads onto a latent factor (Figure 3C). For
example, this means we could have one group (ex. male) be represented by Figure 3A
and another group (ex. female) could be represented by either Figure 3B or 3C. If the

model meets configural invariance, metric invariance can be evaluated *°.

Metric invariance determines if the latent constructs are comparable at the latent
level (i.e. across groups or time by the factor variance) 6. Here, the values between
each factor loading are constrained a reference group and the item intercepts are still
freely estimated. In metric invariance, we are confirming if we constrain the loadings of
the items on the latent factor to be equivalent across groups (represented by the blue
arrows in Figure 3D and 3E) would significantly change the fit of the model. As
previously described, if we find metric invariance we would have a diagram as illustrated
in Figure 3D for each of the groups. If we find metric noninvariance, this could indicate
that at least one loading is not equivalent across groups (represented by the red arrow in

Figure 3E). If the model meets metric invariance, scalar invariance can be assessed?®.

Scalar invariance determines if the latent constructs are comparable at the
manifest level (i.e. across all groups and time by the observed means). In this model, the
factor loadings and the item intercepts are constrained to a reference group. For scalar
invariance, we are confirming if we constrain the loadings and item intercepts of a latent

factor across groups (represented by the blue arrows in Figure 3F and 3G) would



significantly change the fit of the model. If we are able to confirm scalar invariance, we
would be able to represent each group by the diagram in Figure 3F. If we find scalar
noninvariance, this may indicate that at least one item intercept differs across groups
(represented by the red arrow in Figure 3G)*. If at least partial scalar invariance is
established, then the mean differences in each of the groups can be compared at the
latent level and generally indicates that there are no differences across how the groups
responded to the items for that particular latent factor??. In summary, if we have
measurement invariance at each stage, this means that across groups (ex. sex, culture,

time) we should have one diagram from Figure 3A, 3D, and 3F for each subgroup.

For each model, it is critical to compare the model fit information for each. While
attempts have been made to try to impose a variety of standards for comparing fit
indices within and between these models!®>1621 some have argued that criteria to
evaluate fit indices need to vary by the specific model and research question¢. The fit
indices that are typically used as criteria for evaluation are the same as previously cited
for CFA: %2, degrees of freedom (DF), Comparative fit index (CFl), Root Means Square
Area of Approximation (RMSEA), and the root mean square error of approximation
(SRMR). In Configural, Metric, and Scalar Invariance, the fit indices should follow the

same requirements as previously mentioned for CFA.

In addition, models would have been considered to meet Ml need to have a
nonsignificant change between each subsequent model that becomes more constrained
at each step. In metric and scalar invariance, we test for measurement invariance by
evaluating the change in the Comparative Fit Index (CFI) where a change in CFl less
than 0.1 suggests Ml and a change greater than 0.1 suggests a systematic bias in
measurement!®. While prior recommendations have evaluated Ml using chi-square

difference values, they have been found to be highly sensitive to differences in large

10



samples and less sensitive to non-invariance °22, Therefore, the present study utilizes
changes in CFI to test for MI which have been found to be less sensitive in larger sample
sizes 23, Other fit indices such as y?, degrees of freedom (DF), Root Mean Square Area
of Approximation (RMSEA), and the root mean square error of approximation (SRMR)
will also be reported as they have also been recommended to test for MI*S. If MI cannot
be established and systematic bias in measurement is detected, then partial invariance
models could be evaluated by releasing parameters that vary statistically significantly
across groups by freely estimated those parameters instead of constraining them across
groups and examined the statistical fit and evaluate the MI 292425 Figure 4 provides an

overview of the iterative process for M.

11



Figure 4: Schematic overview of Measurement Invariance (Ml)
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For more details and an explanation on how to code CFA in MPlus, see Appendix A. The

code has mostly been adapted from Hoffman’s lecture on multiple group CFA analysis?®.
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1.2 ‘Jackson-5’ scale

The original Reinforcement Sensitivity Theory (0-RST) was a scale developed by
Jeffrey A. Gray and McNaugthon?-2° which theorizes that human behavior is guided by
individual differences in reactivity to reward and punishment. This is measured by three
systems: Behavioral Activation System (BAS), Behavioral Inhibition System (BIS), and
the Fight-Flight System (FFS)?8. Research in psychology and the social sciences support
the notion that these scales are useful for investigating the development of

psychopathology, substance use, and other health related behaviors®:3%:31,

Despite being one of the more recognized approaches to measure these different
biological systems, some of the criticisms of the 0-RST argue that while Gray postulated
that the three biological systems were separate and independent, many have argued
that these systems may interact with each other. Though other iterations of the RST
have been developed, they have also been unable to create a scale with anatomical
independence between the three systems 2°32. Because of this, researchers have been
unable to use the scale to measure differences in groups for certain psychopathologies
such as anxiety or depression33-2. While there are several iterations of the 0-RST?29:34:36,
the ‘Jackson-5’ r-RST was created to address many of these criticisms and has been of
the most frequently used measures®’38 However, the revised scale also introduced sex
as a parameter in the structural model which may suggest that the functioning of the
guestionnaire may differ across sex. To date, there are only two studies that have tested
other measures of reinforcement sensitivity across sex3%4°. Although there are a number
of publications that have risen in support of the ‘Jackson-5’ scale 3233353841 there is lack
of literature which prompts the question if the psychometric properties of this measure

are equivalent across sex.

13



2.0 Statement of Purpose:

Assessing a psychometric scale’s ability to operate similarly across groups is
critical as violating assumptions of equivalent functioning across groups can result in
invalid causal inferences*?. Currently, only two articles have been found that test the
measurement invariance of the reinforcement sensitivity scales across sex and used the
0-RST scales®%4°, therefore, it is important to test the r-RST to see if assumption of
equal instrument functioning across sex is met. The present study interviewed 185
undergraduate students in a public university in the Northwestern United States and
were administered the 30-item ‘Jackson-5' r-RST questionnaire 3°. This study is a
secondary analysis of the original study and will be using CFA and Ml analysis to test
the factor structure of the ‘Jackson-5’ measure across sex. Lastly, the analysis will also
look at techniques outside of structural equation modeling and test to see if similar or
different results arise from alternative methods to test the ‘Jackson-5’ scales such as

linear regression.

14



3.0 Methods

3.1 Participants

A total of 185 participants completed a series of self-reported questionnaires,
which included the ‘Jackson-5’ scale, under the direct supervision of a trained research
assistant and overseen by a licensed clinical psychologist. Participants were enrolled in
an undergraduate level psychology course at a public university in the Northeastern
region of the United States with an average age of 19 (SD = 1.42); approximately 44%
male and 56% female; and identified as Caucasian (72%), Hispanic (8%), African
American (6.5%), other (6.5%), Asian (6%), and American Indian (1%). Participants that
successfully completed the self-reported questionnaire received course credit in partial
fulfillment of a course requirement. All participants gave consent to take part in the study

through an IRB-approved protocol.

3.2 Measures

3.2.1 Depression Diagnosis

The Structured Clinical Interview for the DSM-IV 42 was utilized to asses both
mood disorder and psychosis. The SCID is a widely administered+44’, clinical
assessment that uses diagnostic criteria from the DSM-IV. Administering of the SCID
was conducted through semi-structured interviews, which were recorded in full to ensure

procedural consistency and assess inter-rate reliability (Fleiss K= 0.92).

3.2.2 Revised Reinforcement Sensitivity Theory

The Jackson-5 scales®” were used to measure revised Reinforcement Sensitivity
Theory (r-RST). This scale is derived from Gray’s original RST 27?8, the Jackson-5
scales are a brief measurement of the five behavioral facets of revised Reward

Sensitivity Theory: BAS, BIS, and FFFS (fight, flight, and freeze). In total, 30 questions

15



are administered (six items per construct) to assess the five different systems involved in
reward and punishment sensitivity. Items were scored on a scale of 1 (completely

disagree) to 5 (completely agree). See Table 1 for questionnaire items®’.
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4.0 Approach to analysis
4.1 Structural Equation Modeling

All latent structure analyses were conducted using Mplus (version 7.0)'#4 and
results were compiled from R using the MPlusAutomation package “¢ in R (version
3.5.0). Using confirmatory factor analysis (CFA), we tested the latent structure of the
‘Jackson-5 measure of reinforcement sensitivity for each of the five behavioral factors
(BAS, BIS, Fight, Flight, Freeze) without adjusting for sex.

We then considered measurement invariance to test the latent structure of the
‘Jackson-5" measure across sex. We applied a series of nested model tests within a
multigroup CFA framework. The first model tested for configural invariance (no
constraints across sex) and verified if each of the items displayed a similar pattern of
factor loadings across sex. The second model tested for metric invariance (constraining
factor loadings to be equal across sex) and checked the statistical fit of each model
relative to the configural invariance model. Lastly, scalar invariance was tested
(constraining factor loadings and item intercepts to be equal across sex) and comparing
the fit of this model relative to the metric invariance model.

In the event that either metric or scalar invariance was rejected (i.e. the fit of the
nested model varied significantly from the previous model), we tested for partial
measurement invariance. This is accomplished by releasing parameters that have been
constrained by measurement invariance which have been identified as noninvariant and
then retesting the fit of the partial invariant model to the previous iterative model,

according to current recommendations in literature®®.

4.2 Linear Regression
We also considered simple linear regression models to evaluate the relationships
within the structural model of the Jackson-5. We also considered mediation analysis as

17



well to avoid some of the strong assumptions in the SEM model in Jackson’s paper. This

analysis was conducted in R (version 3.5.0).

For this analysis, we collapsed each of the items into a single variable to
represent each of the factors we are studying: BAS, BIS, Fight, Flight, Freeze, FFFS,
Anxiety, and Depression. We accomplished this by converting the responses into
guantiles to scale each of the items and sum the items together to create each factor. In
order to create the FFFS, the Fight, Flight, and Freeze items were once again
transformed by the quantiles and summed together. This is similar to the standardization
which occurs for each of the items in CFA 8. Other covariates that were adjusted for in

the regression models included age and sex.

We first tested to see if the response of each individual behavioral trait in the
FFFS model (Fight, Flight, and Freeze) would produce different results (such as different
coefficients, by magnitude or significance) with either BAS and BIS modeled separately

and together in the same model adjusting for age and sex.

As Fight, Flight, and Freeze were developed with the convention that they all
measure behavioral avoidance traits®’, within each of the regression models that are
being tested, we would expect that there should be no significant difference within the

magnitude and significance of each of the covariates — particularly with BAS and BIS.

If the direction, magnitude, or significance of the coefficients are different, it may
indicate that the FFFS as currently structured is not an appropriate factor and future
studies may need to revisit the at the item-level how the FFFS should be constructed. A

schematic of the regression analysis is available in Figure 5.
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Figure 5: Schematic of Regression Analysis
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5.0 Results
5.1 Results — Structural Equation Modeling

5.1.1 Correlations and descriptive statistics

Table 2 describes the means, standard deviations, and correlations for all

questionnaire items for the ‘Jackson-5’ scale. The items on the ‘Jackson-5’ scale ranged

in skew between -1.67 and 1.19 (mean=-0.27; SD=0.73); kurtosis ranged from 1.78 to

7.43 (mean=2.47; SD=1.40).

Table 1 — Standardized factor loadings across entire sample and by sex

Collapsed Estimated Estimated
across sex __for females for males
BAS
1. I like to do things which are new and different. .67** .64** .70**
2. | like to do things spontaneously. .58** B7** A5**
3. | actively look for new experiences. .85** .85** .86**
4. | have a feel for how things work. A3** A46** A2**
5. I look for new sensations. T 75 .83**
6. | am excited about what is new in my field. A8** .55%* .36**
BIS
1. 1 aim to do better than my peers. 27 .28** .22
2. I want to do well compared to my peers. .35%* .30** A3**
3. I like my peers to know | am doing well. T2** T2** 72**
4. | prefer to work on projects where | can prove my ability to others. 73 .86** B
5. I want to avoid looking bad. .20** .20 .23
6. | avoid work that makes me look bad. .26%* 31 21
Fight
1. I would fight back if someone hits me first. 75%* TT** .59**
2. When provoked, | easily get into a fight. .61** .64** .61**
3. If a burglar broke into my house, | would immediately look for a weapon. .66** 59** .63**
4. If | caught somebody stealing my belongings, | would attack. 78 79 72
5. If I think somebody is going to hit me, | hit them first. .65** .65** .56**
6. If somebody does something bad to me, | would retaliate. B7** B57** T2%*
Flight
1. If I am approached by a suspicious stranger, | run away. .28** .10 A2**
2. I am likely to run if harassed by a stranger in an unfamiliar place. .33** .27 .27
3. If a dog barks at me, | would run away. .63** .68** .56**
4. If the fire alarm rings, | immediately rush out of the building. .50** 45** 52**
5. | can’t help but feel terrified if | see a dangerous animal. .80** .80** 78**
6. | used to hide behind a chair as a child when | was watching a .19* .18 A1
frightening TV show.
Freeze
1. If something very bad was just about to happen to me, | would just stop. .32%* .33** .14
2. If I got scared in my bed at night, | would remain motionless. A2+ .29* 54+
3. 1 don’t know what to say if a stranger is rude to me in the street. B63** .62** A
4. If my box told me to do two contradictory things, | would not know what .62%* T2%* ATH*
to do.
5. If there is a choice of products in the shop, | find it hard to decide what .30** .34** .25
to buy.
6. In a crowd, my mind freezes and | never know what to say. 46** 52** .35*

Note: Factor loadings estimated separately for females and males via a multi-group confirmatory factor analysis

(no parameter estimates were constrained across sex);
** = p<.01; * = p<.05
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5.1.2 BAS - Behavioral Activation System

All 6 related BAS items loaded onto a latent factor when collapsed across sex
(Table 1; factor loadings > 0.3 and p < 0.01). When estimating the parameter values
across sex using a multigroup CFA, there was evidence of configural invariance as all
the factor loadings were in the same direction and statistically significant (Table 1) where
the standardized loadings ranged from 0.36-0.83, and the model fit the data well (see
Table 3 for the configural model). When testing for metric invariance (equivalence in
factor loadings), forcing the factor loadings to be equal across sex did not substantially
influence model fit (see Table 3 for the metric model). The test for scalar invariance was
rejected (equivalence in item intercepts); forcing item intercepts across sex to be equal
resulted in a significant decrease in model fit (see Table 3 for scalar model). We then
tested for partial scalar invariance by using nested models to probe specific items to
identify the source of misfit. Items 3 and 5 were identified as having statistically distinct
factor loadings across groups and by allowing the factor loadings to be different across
groups, this resulted in a model that was able to account for the misfit and partial scalar

invariance could be established (Table 3 for partial scalar model).

5.1.3 BIS — Behavioral Inhibition System

When considering BIS, all items loaded onto a factor when collapsing across sex
but the multigroup CFA did not generate the same pattern of factor loadings across sex
as all the factor loadings were not substantial and not significant (Table 1; standardized
loadings were below 0.3 and p-values below 0.05). Items 1 and 6 were statistically
significant in the female group but not the male group. Item 5 was also not statistically
significant in either of the groups. As configural invariance could not be confirmed, we
are unable to conduct any further analysis for measurement invariance and metric and
scalar invariance could not be tested.
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5.1.4 Fight

As displayed in Table 1, all Fight items loaded onto a factor when collapsing
across sex and when estimating parameter values across sex using a multigroup CFA,
we were able to confirm that the 6 items related to Fight loaded to a latent factor as all
the factor loadings were substantial and significant (standardized loadings ranged from
0.56-0.79) and the model fit the data well (Table 4, configural model).

The test for metric invariance was rejected for sex (Table 4, metric model) as
forcing factor loadings to be equal across sex resulted in a substantial decrement in
model fit. Tests for partial metric invariance were conducted to investigate the source of
misfit, however, this was unable to identify the source of misfit for metric Invariance in
sex, and no partial metric invariance model was able to fit the data well. As scalar
invariance testing requires full or partial metric invariance, rejecting the model for partial

metric invariance precluded any further analysis for measurement invariance.

5.1.5 Flight

All Flight items loaded onto a factor when collapsing across sex but the
multigroup CFA was not able to produce the same configuration of factor loadings
across sex (Table 1; standardized loadings were below 0.3 and p-values below 0.05).
Specifically, the factor loading for item 1 was not statistically significant in the female
group and item 6 was not statistically significant in either group. As configural invariance
must be confirmed prior to conducting analysis for metric or scalar invariance, rejecting
the configural invariance hypothesis precluded us from conducting any further

measurement invariance analysis.
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5.1.6 Freeze

When we considered Freeze, all Freeze items did load onto a factor when collapsing
across sex. However, the multigroup CFA did not produce the same configural of factor
loadings across sex as all the factor loadings were not substantial and not significant
(Table 1; factor loadings > 0.3 and p < 0.01). In particular, the factor loadings for items 1
and 5 were not statistically significant in the male group. As configural invariance is a
prerequisite for metric and scalar invariance, we were unable to conduct any further
measurement invariance analysis as the configural invariance hypothesis was rejected.

A summary of the decision process for the Jackson-5 scales is provided (Figure 6).

5.1.7 Depression and Anxiety

We were able to confirm Anxiety as a latent factor using confirmatory factor
analysis as all the loadings were substantial and significant and could test for
measurement invariance. However, we were unable to confirm configural invariance for
sex as the factor loading for DASS7 was below 0.03 in the group for sex; therefore, we
were unable to test for measurement invariance.

We were able to confirm Depression did form a latent factor with confirmatory
factor analysis as it met all the model fit requirements referenced. However, we were
unable to test for measurement invariance. The items are treated as categorical and
when testing for measurement invariance we are testing for equal responses across
groups which we did not have for Depression as both groups have to have homogenous
responses which we did not have for one or more of the items when testing for

measurement invariance by sex.
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5.2 Linear Regression

5.2.1 Fight

BAS maintained a positive relationship with Fight and remains constant in the
model with the BAS-BIS interaction term, while BIS initially has a positive relationship
with Fight. However, this becomes a negative relationship where the coefficient for BIS
centers around zero in the model with an interaction term with BAS and BIS. The other
coefficients included in the model (sex and age) remain consistent across all three

models. In addition, the interaction term is not significant (Table 4).

5.2.2 Flight

BAS and BIS also have a positive relationship with Flight and this relationship
does not change and even sees a stronger relationship with the model which includes a
BAS-BIS interaction term. Notably, the BAS coefficient not only increases in the model
with the BAS-BIS interaction term but becomes significant as well. The interaction term
between BAS-BIS in the Flight model is significant which may indicate that an increase
in BAS, which leads to an increase in Flight, also has a slightly lower total effect on the
value for Flight when BIS is included in the model. The additional covariates added to
the model for sex and age remain consistent in their coefficient value and relationship to

Flight across all three models (Table 5).
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5.2.3 Freeze

BAS has a near zero relationship with Freeze as the confidence interval for the
model with and without the BAS-BIS interaction centers around zero, while BIS has a
positive relationship with Freeze in the model with and without the BAS-BIS interaction
term. In the model with the BAS-BIS interaction term, the coefficient for BAS is also
nonsignificant and the coefficient for BIS is significant. The BAS-BIS interaction term is
also not significant and the additional covariates (sex and age) remain consistent with

their relationship to Freeze between all three models (Table 6).

5.2.4 FFFS - Fight-Flight-Freeze-System

As illustrated in Table 7, BAS and BIS both have a positive and significant
relationship with the FFFS and the effects are increased in magnitude in the model with
the BAS-BIS interaction. However, in the BAS-BIS interaction model BAS is no longer
significant, and the interaction term is not significant. The covariates, age and sex, do

remain consistent in magnitude throughout all three models for the FFFS.
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6.0 Discussion
6.1 Structural Equation Modeling

There has historically been a lack of consideration of sex differences in research
and now the National Institute of Health has even required the examination of sex
differences in funded research even if studying sex differences is not the main objective
of the proposed research*. Therefore, it is increasingly becoming more important for
researchers to consider analytical techniques to measure sex differences in their
studies.

Some researchers may presume that the items in the ‘Jackson-5’ form a
unidimensional and reliable latent factor and believe that the measure can be a useful
tool to investigate sex differences. However, when these assumptions are tested, this
study was unable to find evidence of measurement invariance across sex. In other
words, we were unable to reliably assume that the items of the ‘Jackson-5’ r-RST could
be evaluated equally across sex in the sample population for this study.

When we tested the latent structure of each of the five behavioral factors in the
‘Jackson-5": BAS, BIS, Fight, Flight, and Freeze; only BAS and Fight demonstrated
evidence that the scale is measuring the same factor across sex (configural invariance).
There was evidence that the BAS scale had the same amount of “noise” or
measurement error (metric invariance) and did have partial equivalence of mean
differences in the latent construct (partial scalar invariance). However, the Fight scale
did not show evidence that the amount of measurement error was the same across sex
(metric invariance). These results may indicate that the BAS and Fight scales are not
able to make valid inferences across sex in this study sample. Our analysis may also
suggest that the latent structure of BIS, Flight, and Freeze respectively vary across sex
and may not be measuring the same construct. Therefore, the ‘Jackson-5" r-RST may
not be a useful tool for investigating sex differences.
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6.2 Linear Regression

The goal of replicating the SEM structure of the ‘Jackson-5" using alternative
methods became two-fold. The first is to attempt to verify the SEM factor structure as
illustrated in Jackson’s paper (Figure 1 in Jackson 2009)3". The second is to test if the
alternative methods replicate the either our initial results using structural equation
modeling where BAS is the only latent factor that could be confirmed through

confirmatory factor analysis and showed evidence of scalar invariance across sex.

The first step is to reproduce the Fight-Flight-Freeze-System (FFFS) latent factor.
In order to do this, we first created a series of linear regressions where each of the
factors in the FFFS were the outcome variable and demographic variables (Sex, Age)
along with BAS and BIS (separately and combined with interactions). If there was little
change between the coefficients (direction, magnitude) then it could be argued that

combining each of these scales to create the FFFS would be appropriate.

The results suggest that we did not have stable estimates across the regression
models where Fight, Flight, and Freeze were the outcome variable. While the
coefficients for Sex and Age remained consistent in magnitude and direction in the Fight,
Flight, and Freeze models, BAS and BIS did not remain constant once they were
covariates in the same model. In Fight and Freeze, the interaction term for BAS and BIS
was not significant, meaning that the effects of BAS and BIS are unchanged in the same
model. However, the interaction term for BAS and BIS was significant meaning that
these covariates have a slightly lower total effect when added to the same model.
Interestingly, BAS and BIS have an overall stronger effect in the Flight regression model
when BAS and BIS are added in the same model. Normally, we would see a loss of

power in a more complex model.
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In the model were Fight, Flight, and Freeze are combined to form the FFFS
outcome variable, we also do not have stable estimates across the various regression
models. While Age, Sex, and BIS maintained a consistent regression coefficient and
confidence interval, BAS did not. The interaction term was also not significant, so the
effects of BAS and BIS are unchanged in the model where BAS and BIS are covariates
in the same regression model. These results are consistent with the regression models
where Fight, Flight, and Freeze were modeled separately as BAS and BIS did not have
stable estimates across each of the components of the FFFS and in the combined FFFS
model. These differences in coefficients may indicate that the structure of the FFFS is
either unstable or the method of combining the items for each of the factors of the FFFS

iS not appropriate.

Notably, the FFFS has been criticized by others such as Krupic et al., which
concluded the Fight scale is not correlated to the other factors in the FFFS which makes
forming the FFFS inappropriate and has also claimed that Jackson’s validation of this
scale “show some theoretically ambiguous results”®°. Therefore, the fact that we are
seeing counterintuitive results may not be an artifact of the statistical method we
selected but may highlight a problem with the development of the ‘Jackson-5’ scale.
However, further analysis and multiple statistical methods should be considered prior to

arriving at this conclusion.

The regression analysis relates to the methodology of structural equation
modeling as many of the same components in the latter statistical technique can be
represented in a regression model, provided we accept certain assumptions. In
regression, we are unable to test the latent structure for each of the ‘Jackson-5’
behavioral factors, and we must assume that the summation across the quantiles of

each questionnaire item reflects the true “score” for the BAS, BIS, Flight, Flight, Freeze,
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and FFFS respectively. However, this is not too dissimilar to how confirmatory factor
analysis standardizes the items for each latent factor and utilizes matrix algebra to form

a latent construct from each of the items.

By using this assumption, we were able to test the second order latent factor of
the ‘Jackson-5’, the FFFS. This was unable to be performed in this study using
confirmatory factor analysis as there are heavier restrictions or assumptions placed in
this analytical method that are not applied in regression. However, investigators that
prefer to use structural equation modeling in social and behavioral sciences research
may not want to sacrifice these assumptions in favor of simpler regression modeling.
Ultimately, it should still be left up to the investigators and collaborators to decide the

appropriate analytical plan for their research.

6.3 Limitations

There are several limitations in the present study that should be acknowledged:
1) the study was conducted by a sample of undergraduate students that may not be
generalizable to other populations, 2) the study oversampled students with a history of a
major depressive episode, and 3) the conclusions of this study are only specific to the

current sample and should not be generalized.
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7.0 Conclusions/Recommendations

In this study, we have determined that there are sex differences in the
psychometric properties of the ‘Jackson-5’ scale which may stress the importance of
ensuring other behavioral or psychometric scales are measuring the same construct
across sex. The results of this study may suggest that the ‘Jackson-5" scale may not be
a useful tool for investigating sex differences. This highlights the need to consider
measuring sex differences or across groups by stringent statistical analytical techniques
— such as structural equation modeling or item response theory — as these techniques
allow for testing the quality of measurement across groups and the mean level
differences across groups. We were also unable to confirm the latent structure of the
‘Jackson-5’ through regression analysis, however additional analytical techniques or

strategies should be considered before arriving at this conclusion.
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Appendix A: Mplus Tutorial for Confirmatory Factor Analysis and Measurement
Invariance
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,M Mplus - [CFA_BAS _example]
B' File Edit View Mplus Plot Diagram Window Help

DEE| ) R[S M| |-

TITLE:

NAMES ARE

Gender Age Hx

BAS]1 BASZ BAS3 BAS4 BASS BASc

BIS1 BIS2 BIS3 BIS4 BISS BISe

Fightl Fight2 Fight3 Fight4 Fight5 Fighte
Flightl Flight2 Flight3 Flight4 FlightS5 Flighteé
Freezel Freezel Freeze3 Freezed4 Freezed Freezeg;

USEVARIABLES ARE
BAS]1 BASZ BAS3 BAS4 BASS BASGE;

MISSING are all (-9998%599);
ANALYSIS:

MODEL:

BASZ2 WITH BaS1;

The CFA model is specified as follows:
Latent Factor BY Item1* ltems2-N

The first item is followed by an (*) to standardize the other loadings to the same
scale.

Mod indices (as previously described) can also be added between items using a
WITH command:

ltemX1 WITH ltemX2
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!ﬂ Mplus - [cfa_bas_example]
B’ File Edit View Mplus Plot Diagram Window Help

D = g ‘ it E. | @ | m ‘ (V] P R i s | ‘ .ﬂ;. ull ?
IHODEL FIT INFORHMIONI
Number of Free Parameters 18
Loglikelihood
HO Value -1177.7594
H1l Value -1167.198
Information Criteria
Akaike (AIC) 2393.587
Bayesian (BIC) 2454 .4¢63
Sample-Size Adjusted BIC 23%54.288
(n* = (n + 2) / 24)
Chi-Square Test of Model Fit
Value 21.192
Degrees of Freedom 8
P=Value 0.0067
REMSEA (Root Mean Square Error Of Approximation)
Estimate 0.085
90 Percent C.I. 0.047 0.14¢
Probability RMSEA <= .05 0.060
CFI/TLI
CFI 0.962
TLI 0.929

All Mplus run SEM models will include model fit information such as:, CFI, Chi-
Square, RMSEA, and others
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Mr Mplus - [cfa_bas_example]

B' File Edit View Mplus Plot Diagram Window Help
DEHE| & R2R|&|M| V| K * 1“4 | g, ol bkl | 2
MODEL RESULTS
Two-Tailed
Estimate S.E. Est./S.E. P-Value
BAS F BY
BAS1 0.508 0.054 9.480 0.000
BAS2 0.521 0.066 7.877 0.000
BAS3 0.805 0.063 12.783 0.000
BAS4 0.312 0.057 5.471 0.000
BASS 0.728 0.065 11.24%9 0.000
BASE 0.35¢ 0.057 ©6.281 0.000
BAS2 WITH
BAS]1 0.138 0.038 3.641 0.000
Intercepts
BAS] 4.280 0.05¢ Te.1l2%9 0.000
BASZ 4.04%9 0.067 60.88 0.000
BAS3 3.907 0.070 55.621 0.000
BAS4 4.093 0.054 75.484 0.000
BASS 3.78¢ 0.070 54.027 0.000
BASGE 4.121 0.055 T74.503 0.000
ISTDYX Standardization I
Two-Tailed
Estimate 5.E. Est./5.E. F-Valus
BAS F BY
BAS1 0.671 0.049 13.659 0.000
BAS2 0.581 0.057 10.138 0.000
BAS3 0.849 0.03e¢ 23.294 0.000
BAS4 0.426 0.069 6.182 0.000
BASS 0.770 0.042 18.498 0.000
BASE 0.477 0.065 7.382 0.000

The model that was specified presents two versions of the model estimates:

nonstandardized and standardized. Here, we only need to look at the p-value for the
nonstandardized model. In the standardized model, we can verify the factor loadings
(Estimate in Mplus).
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Mv Mplus - [cfa_bas_example]
B' File Edit View Mplus Plot Diagram Window Help

D& M| | & | W | v | b b | | -
IHGDEL MODIFICATION INDICES I

NOTE: Modification indices for direct effects of observed dependent variables
regressed on covariates may not be included. To include these, request
MODINDICES (ALL).

Minimum M.I. wvalue for printing the modification index 4.000

M.I. E.P.C. Std E.P.C. 5Std¥X E.P.C.

WITH Statements

il
il
il
il

BAS4 WITH BAS3
BASE WITH BAS4 1

-
-

il

w
PR

et
|
-
-
[ S
d w0
|
.
=] W
|
[N N

[Tl ]
(a2}
(o}
-
=
-
.
[
ra o
[T}
[

As previously described, mod indices can be implemented to improve model fit.
Mplus has an automatic output that requires no additional code or analysis. However,
it is important not to overfit the model by adding mod indices unnecessarily.
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!VI Mplus - [BAS_measurement_invariance_configural invariance_gender]

B' File Edit View Mplus Plot Diagram Window Help

D d| & @ |~ | |
ANALYSIS:
first model command corresponds to first group:
MODEL IMODEI_ FEMALE : I
'factor loadings freely estimated, just labeled !factor loadings £
BAS_F BY BAS1* (L1) BAS_F BY BAS1*
BAS2* (L2) BAS2*
BAS3* (L3) BAS3*
BAS4* (L4) BAS4*
BAS5* (L5) BASS*
BASe* (Lg6); BASGE*;

[BAS1*] (il);
[BAS2*] (i2):
[BAS3*] (i3):
[BAS4*] (i4):
[BAS5*] (i5);
[BASE*] (i6):

BAS2 WITH BasS1l* (Cl1);

actor wvariance fixed to 1 for identification
E.IA.S_f@l.

actor mean fixed to for identification

model corresponds to females.

ct
m
=1
'
i
t
m
)
QO
(1
"t
ct
w
w

[BAS2*];
[BAS3*];
[BAS4*];
[BAS5*];
[BASE*];

Q

The Configural Invariance model is specified same as the CFA model.

Here, we are assessing the latent factor across sex, so we need to specify the model
twice, once for each group. The first model corresponds to males, and the second

We are not constraining the factor loadings or intercepts, so we are only going to
look to see if the two groups still form a latent factor individually.

We are also setting the factor variance to 1 and the factor mean to O.
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M Mplus - [BAS_measurement_invariance_metric invariance_gender]
B' File Edit View Mplus Plot Diagram Window Help

DS M| (& || v | | |

[BAS_£@0]:

‘ MODEL FEMALE: \

ol =
b
by = =
L -
]
1
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e
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residual cov

BAS5Z WITH BaAS1

a

"
r

!factor mean fixed to 0 for identification

tBAS_f@D]:

The Metric Invariance model is specified same as the Configural Invariance model
with a few key differences.

Here, we are assessing whether the factor loadings are measured the same across
sex. The first model specified for Males does not change. In the second model for
Females, we now constrain the factor loadings to be the same as Males. We can do
this by adding the same labels for factor loadings we used for Males for Females.

We are also setting the factor variance to be freely estimated but still set the factor
mean to 0.
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M Mplus - [BAS_measurement_invariance_scalar invariance_gender]

B' File Edit View Mplus Plot Diagram Window Help

DEH (& @1 |1 s | E

[BAS_f@0];

I MODEL FEMALE: I

!factor loadings NOW constrained to group 1
BAS F BY BasS1* (Ll)

BAS2* (L2)

BAS3* (L3)

BAS4* (L4)

BASS* (LS5)

BASe* (L&)

'item intercepts NOW constrained to that of group 1
[BAS1*] (1i1):
[BASZ2*] (12):
[BAS3*] (i3):
[BAS4*] (i4);
[BASS*] (i5):
[BASEé*] (i¢6):

rae=i1dnnal ~mTra YTy am
-Ireésidual Ccovarlia

P —— gp— PR f“"__-" = = % _1.-_,_]
= an = t,_ as = = =
QL A=y = P wrCiad adlW = - L4 eEStimatec

The Scalar Invariance model is specified same as the Metric Invariance model with a
few key differences.

Here, we are assessing whether the item intercepts are measured the same across
sex. The first model specified for Males does not change. In the second model for
Females, we now constrain the factor loadings and the item intercepts to be the
same as Males.

We are also setting the factor variance and the factor mean to be freely estimated.
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M Mplus - [bas_measurement_invariance_scalar invariance_gender]
B' File Edit View Mplus Plot Diagram Window Help

nNEg = ?

I{CDEL MODIFICATICN INDICES I

NOTE: Modification indices for direct effects of observed dependent variables
regressed on covariates may not be included. To include these, request
MODINDICES (ALL).

Minimum M.I. wvalue for printing the modification index 4,000
M.I. E.P.C. 5td E.P.C. 5td¥X E.P.C.
Group MALE
BY Statements
BAS F BY BAS2 4.827 -0.146 -0.146 -0.160

WITH Statements

BASE WITH BAS4 5.833 0.104 0.104 0.283

Means/Intercepts/Thresholds

-0.075
0.071

If the fit of the model is substantially different going from either Configural to Metric
Invariance or from Metric to Scalar Invariance, Mplus has a nice feature to identify
the source of misfit and makes finding a partial invariance model very easy.

In this example, we need to identify the source of misfit going from Metric to Scalar
invariance. That means that some of the item intercepts should not be constrained
across groups or it will affect the model fit substantially.

We can look under the Modification Indices section and see that item intercepts
BAS3 and BASS are the source of misfit. We can fit a partial Scalar Invariance model
and all we need to change is remove the label for the item intercepts BAS3 and
BASS.
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