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Abstract:

There are many simple ways to assess the psychometric integrity of a scale such as the Personal
Wellbeing Index (PWI: International Wellbeing Group, 2020). Examples are Cronbach’s alpha,
exploratory factor analysis, and correlations with other variables demonstrating convergent and
discriminant validity. However, such analyses do not adequately inform about the basic nature of the
index to represent the construct of Subjective Wellbeing (SWB). This is especially a concern when
data are drawn from non-Australian sources. While there is a multitude of higher-order statistics that
could be used to provide additional estimates of psychometric performance, two of the most useful are
Multiple Regression and Confirmatory Factor Analysis. Each approach yields a different view of the
way the seven domains of the PWI combine to yield a higher-order construct.
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Multiple Regression

The theoretical construction of the Personal Wellbeing Index (PWI) is as a formative index,
rather than a reflective scale (Diamantopoulos & Winklhofer, 2001). In a Reflective Scale,
the items (observed variables) are perceived as reflective indicators of the underlying
construct (latent variable). That is, the construct (SWB) is determining the nature of the items
that reflect its character. As such, the scale items share variance and form a relatively
homogeneous factor that reflects the construct. If an individual item in a reflective scale
shares variance with a non-scale item, then the other items in the scale should also share such
variance with that item. An example of a reflective scale is the Satisfaction With Life Scale
(SWLS: Diener, Emmons, Larsen, & Griffin, 1985).

In a Formative Index (as it is referred to, rather than a scale) the latent variable is caused by,
rather than reflecting, the composite items. That is, the items determine the nature of the
index. While the items must share variance with one another to form a factor representing the
latent construct (SWB), each item also has a unique character, which may cause it to share
unique variance with non-index items. An example is the PWI.

Thus, due to its construction, the basic statistic demonstrating the PWI’s ability to represent
SWB is multiple regression. This is because the PWI domains are considered to represent the
first-level deconstruction of Global Life Satisfaction (GLS: ‘How satisfied are you with your
life as a whole’). The rationale for this construction is that GLS represents the closest
available approximation to a pure measure of SWB since its single, measured response is to
an item which is both personal and highly abstract (see Cummins et al., 2018a).

The empirical test for compliance of the PWI, with its formative construction, involves
regressing the domains simultaneously against GLS, and then separating the variance
accounted for by each domain into shared and unique. In order for any single domain to be
compliant with its formative construction, the domain must make a significant contribution of
unique variance. This, indeed, is one of the key requirements for a domain, including any
newly proposed domain, to be considered as belonging to the PWI index (see the PWI
manual section ---).

Since the PWI was first constructed (International Wellbeing Group, 2004), much
understanding has been achieved regarding the contribution of shared and unique variance. It
is now known that the shared variance component is dominated by Homeostatically Protected
Mood (HPMood). This is a source of variance that is not specific to the PWI structure, being
also shared by many other self-report variables (Cummins et al., 2018a). The variance of
HPMood is generated as an individual difference, which provides a generalised, unchanging,
weakly positively valanced and activated mood within consciousness.



HPMood, originally called core affect (Davern, Cummins, & Stokes, 2007) is a common
constituent of all responses to questions that concern the self, framed in a semi-abstract
format (Cummins et al., 2018a). Thus, the responses to quite different scales, ostensibly
measuring quite different constructs, such as extraversion and optimism, also contain
substantial levels of HPMood. As a consequence of this common HPMood content, when
data from such scales are correlated, the HPMood causes shared variance, which means the
scales significantly correlate with one another.

The unique variance component of the PWI is quite different. It is likely due to domain-
specific, cognitive-affective variance, linking to equivalent variance within GLS.

The combined shared and unique variance of the PWI domains typically account for
approximately 50% of the variance in GLS (see Chapter x in this manual). However, the
distribution of this 50% between shared and unique is uneven, as approximately 35:15. Thus,
even though the PWI domain construction is based on the ‘first-level deconstruction of GLS’
principle, this categorisation is based on just 15% of the variance located within GLS, and
even the strongest individual domains are rarely recorded as contributing more than 5%
unique variance (International Wellbeing Group, 2013).

In summary, the unique variance is the defining variance of the PWI but is also the most
unreliable to measure. Indeed, some domains routinely fail to make a unique contribution,
such as the ‘safety’ domain when using Australian data (see manual). So, the question then
becomes how to deal with a sample where the data do not support some of the domains in
making a unique variance contribution to GLS. The possible actions that may be taken are as
follows:

1. Take no action and use all seven domains, simply noting their relative contributions of
unique variance.

Advantage: In terms of replicability of measurement, the scale structure is constant.

Disadvantage: Some domains are being included which have no unique contribution to GLS.
It 1s possible that these domains actually do not represent the GLS construct except through
the shared variance of HPMood. Whether this is a problem for interpretation is moot. It may
not be a problem because: (a) [f SWB measurement is best reflected as HPMood, then it is
best represented by the PWI as the shared, not the unique, variance. (b) The composition of
the unique variance is unknown but is likely due to domain-specific, cognitive-affective
linkage within GLS.

2. Reduce the scale to include only those domains that make a significant contribution of
unique variance.

Advantage: Such remaining domains fulfil the first-level deconstruction’, formative
criterion of the PWI construction.

Disadvantage: There is an evident problem of replicability which can be characterised as
follows: (a) Since the unique variance is so small, its measurement is unreliable. It is,
therefore, is an inappropriate criterion by which to omit domains. (b) Such omission may
distort the overall PWI score. This is because, on average, the domains have predictably
different mean scores (Cummins et al., 2013b, Appendix Table A2.20). The response-scale



level of the two lowest domains (71 percentage points: community; future security) and the
two highest domains (79 points: relationships; safety) differ by around 8 percentage points.
This is a substantial difference given that the PWI averages, based on national samples, vary
over time by only about 3 percentage points. Clearly, therefore, the estimated SWB mean
score of a sample can be strongly influenced by domain exclusion.

3. Create a short version of the PW1I.

Advantage: This could be achieved by selecting the four domains which incorporate the
highest levels of unique variance.

Disadvantage: This criterion will automatically eliminate some domains which make a
significant contribution of unique variance in non-Anglophone countries (International
Wellbeing Group, 2013, Appendix B2). Thus, such a scale will measure a different latent
construct from the 7-item version.

In summary, the question remains. How should researchers respond when their sample data
do not support some PWI domains making a unique variance contribution to GLS?
Formulating a robust response requires understanding the application of another analytic
technique, as confirmatory factor analysis.

Confirmatory Factor Analysis

Multiple regression assesses the extent to which each domain makes a unique contribution of
variance to Global Life Satisfaction (GLS). Confirmatory Factor Analysis (CFA) has a
different purpose. It assesses the coherence of PWI domains to represent the latent
construct of subjective wellbeing (L-SWB). Latent variables cannot be directly observed but
are rather inferred (through the mathematical manipulations within CFA), and are used in
many disciplines, including psychology.

Latent variables correspond to abstract concepts, like ‘extraversion.” They may also be
referred to as hypothetical variables or hypothetical constructs. Their usefulness is to reduce
the complexity of data, allowing many observable variables to be aggregated, such that their
latent variable represents their shared underlying construct. In this sense, latent variables are
similar to scientific theories. Therefore, to test the hypothesised relationship between a latent
variable such as L-SWB and measured variables gathered using the PWI, a CFA first infers
the L-SWB variable (as it cannot be directly measured) from correlations among the PWI
items. This estimation is similar to an exploratory factor analysis, which supposes the presence
of latent factors derived from shared variance among measured variables. Then, as is the case for
the L-SWB, a CFA analysis conducted by a statistical program such as AMOS, examines
whether the hypothesised single factor model is adequate to explain the PWI items’ shared
variance. Results are presented via a set of ‘goodness-of-fit statistics,” including the Chi-
square (%) and its p-value, the Comparative Fit Index (CFI), Root Mean Square Error of
Approximation (RMSEA) and the Standardised Root Mean Square Residual (SRMS).

Each of these statistics is now briefly described.



Chi-square

The primary CFA statistic is chi-square (%) and its p-value. The »* measures differences in
the covariance between each variable within the hypothesised and predicted models. The
analysis assumes the hypothesised and predicted models are identical therefore, a poor fitting
model will return a p-value below .05, revealing significant differences. Thus, a p <.05
provides empirical grounds for rejecting the factorial model. By contrast, a good fitting
model returns a non-significant p-value, interpreted as the hypothesised and predicted models
do not significantly differ.

There is, however, a problem, and some authors Chen (2007) recommend disregarding y° as
the primary measure of fit due to its tendency for oversensitivity to sample size. That is, large
sample sizes may return a significant »? statistic, despite a small discrepancy between the
model and predicted data. To address this limitation, other statistics were developed such as
(1977) p*/degrees of freedom ratio. The most common alternate statistics employed today
include the comparative fit index (CFI), the Root Mean Square Error of Approximation
(RMSEA) and the Standardised Root Mean Square Residual (SRMR).

CF1

The Comparative Fit Index CFI compares the sample’s factorial model with a reference
model. This reference model is one which assumes all variables are uncorrelated. As such,
the CFI statistic represents the degree of improvement between the hypothesised model and
its data, and the reference model. The criterion used to asses any statistically significant
improvement is based on simulation research by Hu and Bentler (1999) who recommend an
acceptable CFI of > .95.

RMSEA

The RMSEA analysis generates a p-value measuring of the difference between the sample
and the predicted model covariance matrices. Therefore, zero represents a perfect fit, or, no
difference between the two models. By convention, a RMSEA of p < .05 represents no
significant differences between the models, characterised as a good fitting hypothesised
model to its data.

SMRM

The SMRM statistic measures the average discrepancy across all pairs of observed variables
when the sample and a hypothesised model’s covariance matrix are compared. The resultant
value is then standardised for comparative purposes. For a good fitting model, Hu and
Bentler (1999) recommend an acceptable SRMR of <.05.

The Dilemma of non-fitting models:

A dilemma facing researchers is how to respond to models that do not fit their data.
Moreover, the significance of this dilemma deepens when groups are being compared on
SWB levels. This is because in order for such comparisons to be valid, measurement
invariance must first be demonstrated. Measurement invariance is the term used to describe
equivalent factorial models between groups. This analysis, in turn, requires the creation of a
good-fitting reference model derived from one of the groups being assessed. Once a good



fitting reference model is produced, its factorial structure is compared to other group/s
collective data.

The Solution:

The choice of a group from which to generate a reference model is often intuitive, as the
closest group to representing the population of interest. For example, if the PWI was being
compared between Australian and Fijian samples, the Australian group would be selected
because the scale was developed in the Australian context. However, when researchers create
such a model, it may well be that the model they produce is non-fitting. What to do?

In order to construct a valid reference model under these circumstances, researchers often
respecify the original model by correlating error terms e.g. (Byrne, Shavelson, & Muthén,
1989). After each PWI item’s shared variance with the L-SWB variable is accounted for, the
remaining unshared variance for each item is referred to as measurement error. The elegance
of a CFA analysis is that this error is measured. These correlated error terms can be
identified within a CFA analysis using the modification index output in a program such as
AMOS. Once correlated error terms are identified, many researchers then alter the original
hypothesized model by allowing two error terms to correlate and re-running the analysis in
the hope of returning a good-fitting model.

While correlating error terms often improves the model fit, researchers must have strong
substantive reasons for doing so (Joreskog, 1993). For example, in the case of PWI use, non-
random correlation of error terms can be caused by two questions intended to measure
separate life domains, being interpreted similarly by respondents, making one likely
redundant. This ought to be addressed, rather than the researcher moving forward, content to
have manipulated the model to obtain an empirically good fitting model. Therefore, an
alternative, and preferred method to correlating error terms to improve model fit involves the
progressive elimination of redundant items based on their standardised regression weights,
the lowest first.

Standardised Regression Weights rank the PWI domains by the strength of their individual
connection to the L-SWB factor (Fuller-Tyszkiewicz, 2018). The CFA metric for the
strength of these connections is referred to as the standardised regression weight, which
measures the linkage between each domain and the L-SWB factor using the combination of
shared and unique variance. Item removal continues until a good fitting model is achieved.
However, to allow for sufficient degrees of freedom in programs such as AMOS, the
minimum N for a valid scale is 4 items per factor.

While item deletion often returns a good fitting model, the process is not free of problems.
For example, researchers might remove a PWI domain, based on Australian data, that makes
a differential contribution to the L-SWB variable in other cross-cultural contexts. Thus,
removing the item may inadvertently result in losing important SWB information. Further,
the problem of deciding which item to remove deepens as the contribution of PWI domains
differs depending on whether a MR or CFA analysis is employed. When a CFA ranks the
order of PWI domain contribution to L-SWB, this order differs when ranked using a MR.
This later point was recently confirmed in a study comparing the ranked order of domains
using MR and CFA on identical Australian data (Tunbridge, 2020).

An empirical investigation.



The study by Tunbridge (2020) compares PWI domain contributions to GLS, and separately
to L-SWB, using MR and CFA, respectively. The catalyst for the study was an apparent
contradiction between prior theory relating to the contribution of PWI items to GLS, which
ranked personal relationships amongst the top three contributors. However, CFA results put
this domain amongst the weaker contributions to L-SWB. Data for the study were supplied
by the combined Australian Unity Index Surveys 1-33 (N =55,467).

Beginning in April 2001, Deakin University, in partnership with Australian Unity has
conducted bi-annual cross-sectional surveys of approximately 2000 Australian households.
These surveys, referred to as The Australian Unity Wellbeing Index, measure the subjective
wellbeing of the Australian population. For each survey, participants are enlisted by the
same call centre by random telephone dialling. A call-centre telephones homes asking to
speak to the person having the most recent birthday and are at least 18 years old. The
selection of homes is made randomly within approximately 60 geographical regions which,
together, cover the nation. The number of respondents from each region is proportional to
each region’s contribution to the national population, determined from the Australian Bureau
of Statistics (Australian Bureau of Statistics, 2018).

Results from a comparison of PWI domain contributions to GLS, and separately to LSWB,
using MR and CFA, respectively are summarised in Table 1.

Table 1.

Multiple regression (MR) and confirmatory factor analysis (CFA) results from 33 Australian Unity Index surveys (N
=55,467) listing the ranked order of PWI domain contributions.

MR CFA
. Standardised 2 /0 2 Standardised
PWI Domains coefficient st (%) s Rank Regression Weights Rank
Standard of Living .293 6.00 1 .648 2
Achieving .245 4.20 2 .643 3
Relationships 218 3.88 3 468 6
Health .088 0.65 4 412 7
Community .064 0.36 5 498 4
Security .072 0.33 6 .674 1
Safety .007 0.01 7 487 5

Key: sr?= The percentage of unique variance is provided by the sr? statistic, which is determined by squaring the ‘Part’
statistic given by the SPSS multiple regression output. Therefore, the part correlation squared X 100 gives the unique
contribution to total variance in GLS. Standardised Regression Weight = Using CFA, PWI domains are ranked by the
strength of their individual connection to the L-SWB factor. The CFA metric for the strength of these connections is the
standardised regression weight, which measures the linkage between each domain and the LSWB factor using the
combination of shared and unique variance.

Using MR, results suggests the three domains making a substantial unique contribution of
variance with GLS are standard of living, achieving and the personal relationships. However,
the relationship domain appears to function differently within the L-SWB variable as results



from CFA ranks it as the second-lowest contributor to L-SWB. Therefore, when researchers
are working to produce a reference model by removing PWI items, we recommend selecting
those with the lowest standardised regression weight, even if these include domains
previously found contributing high levels of unique variance within MR. As such,
subsequent implications drawn from CFA are only valid to the L-SWB variable and cannot
be applied to prior theory developed using MR and GLS.

Second, valid cross-cultural comparisons using multi-group CFA begin by creating a good-
fitting reference model. To this end, PWI items are often deleted as a function of their
standardised regression weights. Then, if the modified reference model demonstrates
measurement invariance, between-group comparisons can be validly made. However, as the
original PWI scale has been altered for a specific research context, broader inferences cannot
be made as the relevance of domains almost certainly differs depending on where data were
collected in the first place.

Conclusion

First and foremost, the key to advancing our understanding of SWB is replicability of
measurement. This means using the same scale of measurement in different samples.
Different versions of the PWI, composed of different combinations of domains, will yield
non-comparable mean scores. Thus, where practicable, it is recommended that the full
seven items of the PWI are employed to measure SWB on all occasions. However, when
CFA and multi-group CFA analyses are used to compare SWB mean scores across different
contexts, we recommend the detailed reporting of results, including standardised regression
weights, justifying any item removal. This reporting would allow subsequent researchers to
replicate the analyses within the same context. As such, over time, the impact of individual
PWI items to the LSWB variable, within that specific context, could validly emerge.
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