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Abstract

Objectives: Motivation for seeking treatment is a clinically relevant yet
underexplored construct in mental health and behavioral research. This study
proposes a systematic methodology to identify, compare, and rank structural
models representing the construct of motivation, emphasizing structural plausibility

and model comparison.

Braz J Psychiatry - Pre-Proof - http://doi.org/10.47626/1516-4446-2025-4672


mailto:silveira@usp.br

Braz J Psychiatry - BJP Article Pre-Proof (as accepted) Page 3 of 39

Methods: Using the European Obesity Academy Questionnaire: Expectations of
Surgical Treatment (EOAQ) as a working example, we analyzed data from 161
treatment-seeking patients with severe obesity, exploring their motivations for
undergoing bariatric surgery. Seventy-nine candidate structural models were
developed, incorporating one general factor (G) and two or three specific factors.
Multigroup confirmatory factor analysis was used to evaluate model fit and test
configural invariance across menopausal groups.

Results: Bifactor models with one general factor and three specific dimensions
were the most plausible under the proposed comparison (RMSEA 90%CI=0.038-
0.102, p-close = 0.1214). The dimensions of personal, social, and healthcare
represented intrinsic, extrinsic, and healthcare-related aspects of treatment
motivation. The selected bifactor model reached the configural level of
measurement invariance across groups and McDonald’s omega (w) coefficients
ranged from 0.13 to 0.62.

Conclusions: This study presents a comprehensive framework for comparing
alternative CFA models of motivation for seeking treatment, including
unidimensional, first-order, bifactor, and second-order structures. The approach
can be flexibly adapted to other instruments and populations, but the empirical
structure identified here is preliminary and requiring replication in larger samples.
Keywords: validation study; psychometrics; motivation; treatment seeking; factor

analysis; methodological studies

Introduction

What compels patients with chronic psychiatric or medical conditions (e.g.,
individuals with severe obesity) to pursue treatment after years of stigma,
emotional distress, and failed coping strategies? For many, the decision to seek
help is more than about favorable outcomes of underlying conditions; it is also
about reclaiming autonomy, hope, and a sense of self. This internal drive, known
as motivation to seek treatment, is deeply intertwined with treatment expectation:
the beliefs patients hold about what treatment will involve and what it might

achieve.
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Treatment expectation refers to beliefs about what treatment may involve or
achieve (Laferton et al. 2025). Motivation for seeking treatment refers to the
reasons that lead a person to seek care. These constructs are related and may
influence each other (Rief et al. 2022), but they are not equivalent. In the present
study, motivation for seeking bariatric surgery is assessed by Part Il of the
European Obesity Academy Questionnaire: Expectations about Surgical Treatment
(EOAQ). In patients with severe obesity, such motivation may include personal,
social, and health-related reasons, which can be examined through psychometric
modeling.

The literature on treatment expectations is fragmented, often embedded
within broader constructs such as health beliefs, motivation, or placebo
responsiveness (Laferton et al. 2017). Motivation is shaped by factors such as
perceived need, emotional distress, and readiness for change (Hammer et al.
2024). However, the lack of conceptual clarity surrounding motivation has hindered
the development of measurement tools and predictive modeling of treatment
efficacy. Existing psychometric assessments typically rely on ad hoc or single-item
measures, which lack the psychometric rigor needed for deeper analytical insights.

Severe obesity is a major public health concern, associated with a pressing
range of physical and mental health comorbidities among bariatric surgery
candidates (Bray et al. 2017; World Health Organization 2021; World Obesity
Federation 2022). Mental health conditions such as depression and binge eating
disorder are common among bariatric surgery candidates (Dawes et al. 2016).
Individuals with obesity often face comorbidities like hypertension, cardiovascular
disease, type Il diabetes, and sleep apnea. Post-surgical complications, weight
regain, and psychological distress, including self-harm and substance use, are
frequent during follow-up (Morgan et al. 2020). Stress can further exacerbate
disordered eating, increasing food intake and loss of control (Hill et al. 2022). In the
context of obesity, where behavioral, psychological, and physiological factors
converge, understanding how patients anticipate treatment outcomes is critical.

Yet, despite its recognized influence on therapeutic engagement and clinical
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success, motivation remains conceptually vague and methodologically
underdeveloped.

While bariatric surgery offers a powerful intervention for individuals with high
BMI (Pipek et al. 2024), its long-term success hinges not only on physical
outcomes but also on patients’ psychological readiness, postoperative satisfaction,
and body image concerns, necessitating a holistic approach to care (Busetto et al.
2017). Comparisons between patients pursuing bariatric surgery and those opting
for clinical treatment reveal that the former group tends to have higher
dissatisfaction with body image and greater weight-loss expectations, while the
latter group expresses more hope for treatment success (Gaudrat et al. 2021).
Unrealistic expectations can lead to disappointment, weight regain, and emotional
distress. Conversely, hope and readiness for change can fuel adherence and
resilience. Recognizing this, recent research has begun to explore how
expectations shape treatment trajectories.

One promising tool is the EOAQ, designed to capture patient expectations
surrounding bariatric surgery (Fischer et al. 2011, 2014). However, its
psychometric validation remains limited. This study addresses that need by
applying confirmatory factor analysis (CFA) to a newly translated Brazilian-
Portuguese version of the EOAQ in a sample of preoperative patients with severe
obesity. By identifying plausible latent structures and proposing a systematic model
comparison strategy based on structural equation modeling (SEM), this research
aims to demonstrate a procedure for comparing alternative CFA models of
motivation for seeking treatment. In obesity research, expectations and motivations
are shaped by prior treatment failures, societal stigma, and complex emotional
factors.

CFA, implemented through SEM, allows researchers to test hypothesized
latent structures and evaluate model fit. The number of possible models is
constrained by the number of manifest variables and the type of model selected.
Four basic models are commonly used (Jensen 1998): Spearman’s unidimensional

model, Thurstone’s first-order model (with orthogonal or correlated factors),

Braz J Psychiatry - Pre-Proof - http://doi.org/10.47626/1516-4446-2025-4672



Braz J Psychiatry - BJP Article Pre-Proof (as accepted) Page 6 of 39

Holzinger’s bifactor model, and the second-order model. Each offers a different
approach to explaining how latent variables relate to observed data.

The present study aims to compare candidate latent structures of the EOAQ
under explicit model-selection criteria, using CFA as a framework for evaluating
alternative representations of motivation for seeking treatment. We adapted a two-
step strategy (Huang 2017): first, non-estimable models and models with poor
RMSEA values were excluded; then, among the remaining options, the most
parsimonious model were selected, that is, the models with the lowest information
criterion value. This framework enhances psychometric rigor by replacing ad hoc
model selection with a transparent strategy for comparing theoretically constrained
structural representations of motivation in obesity care. Ultimately, the study
contributes to integrating motivation for seeking treatment as a core construct in

behavioral and medical intervention models.

Material and Methods
Study Design

This methodological study describes a strategy to explore different model
variants for representing the construct of motivation for seeking treatment using
confirmatory factor analysis (CFA). We illustrate this original approach with the
recently translated and culturally adapted Brazilian-Portuguese version of the
EOAQ, in which data were collected cross-sectionally (Silva et al. 2024). We
propose criteria that can be applied to rank and select structural models of
motivation for seeking treatment.

It is important to emphasize the sense in which the term “confirmatory” is
used here: each model was specified before estimation through explicit rules
defining which items were allowed to load on which factors (CFA), as opposed to
factors being obtained from the data by exploratory factor analysis (EFA). This
distinction matters for interpreting the large number of model structures evaluated
in this study. The analysis was an exploration, in the ordinary sense, of possible
confirmatory factor models, in the technical CFA sense, of the EOAQ within a

theoretically delimited model space.
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Participants

The sample included patients who were candidates for metabolic and
bariatric surgery at a university-based bariatric center. The inclusion criteria were
adults aged 18 years or older at the time of the interview, with sufficient schooling
and cognitive ability to understand the informed consent and questionnaire, and
with a body mass index greater than 40 kg/m?, or greater than 35 kg/m? with
associated clinical conditions. The sample size of 160 participants was determined
based on an item-to-subject ratio of 1:10. A research assistant administered the
questionnaire in the waiting room of the outpatient clinic to patients recruited from a
consecutive list provided by the administrative office.

After approaching 163 eligible candidates in the preoperative outpatient clinic,
two individuals were excluded due to the following reasons: one participant
presented a cerebral disease and another experienced an emotional breakdown,
which prevented both from completing the questionnaire. The final sample included
161 participants, consisting of 137 women and 24 men.

This unbalanced sex distribution in the sample did not allow meaningful
comparison between male and female participants, thus male participants were
excluded for multi-group (MG) CFA. Since women from two non-overlapping
groups are necessary to establish a measurement invariance of the EOAQ, two
age groups of 137 women under and over 48 year-old were formed, according to
the median age of menopause in Brazilian women (Pompei et al. 2022). Since
menopausal status was not collected during clinical procedures, this age-based
split was not intended to test whether menopausal status changes treatment
motivation. It was used as a clinically interpretable grouping variable to evaluate
whether the candidate measurement structure remained stable across younger
and older women.

The research protocol was approved by the institutional board of ethics
(CAAE: 4.488.229/4.735.640). All participants signed a written consent after being
informed about the study. For this study, permission was obtained from the authors

(Fischer et al. 2011, 2014) to use the original copyrighted questionnaire.
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Measurement Tool

The EOAQ was proposed by Fischer and colleagues during an expert
meeting (Fischer et al. 2014), with the objective of examining patients’ expectations
regarding bariatric surgery. The EOAQ has three sections. Part | records
demographic and clinical data. Part Il explores expectations of body image and
desired weight after surgery. Part Il identifies motivations for undergoing surgery
via a 14-item, 5-point Likert scale. Table 1 shows the original questionnaire in
English and its translation into Brazilian-Portuguese (Silva et al. 2024). To our
knowledge, this questionnaire has never been translated into any non-English
language, nor has it received a validity study, even in its original English version.
The only additional study on EOAQ prospectively investigated the proportion of
unrealistic expectations of candidate patients and highlighted the different profiles
of men and women who sought surgical treatment (Fischer et al. 2011).

The Part Ill of EOAQ addresses patients’ motivations for surgery,
emphasizing emotional and social improvements alongside physical and health-
related benefits. Data were subjected to reliability analysis, as well as content and

construct validity assessments.

Table 1 Translation and cultural adaptation to Brazilian-Portuguese of the European
Obesity Academy Questionnaire (EOAQ)

Item | Original Translation to Portuguese
Please mark what you think best fits Por favor, marque o que vocé acha que
your opinion. melhor se encaixa na sua opiniao.
Feel free to use the whole range of Sinta-se livre para usar toda a gama de
answers. respostas.
How important are the following Qual o grau de importancia desses motivos

issues on a scale of 1 (not important em uma escala de 1 (sem importéncia) a 5
for you) to 5 (very important for you)? | (muito importante para vocé)?

Q1 | Improved mental health Melhorar o bem estar emocional

Q2 | Improved physical activity Melhorar a capacidade de realizar
exercicios fisicos

Q3 | Improved in intimacy and partnership | Melhorar o relacionamento intimo com
o(a) companheiro(a)

Q4 | Reduction in clothing size Reduzir o tamanho das roupas

Q5 | Improved fertility Melhorar a fertilidade

Q6 | Improved social life (e.g., culture, Melhorar a vida social (por ex. encontro
meeting friends) com amigos, ir as festas)

Q7 | Pain reduction Diminuir dores
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Q8 | Improved comorbidity such as Melhorar o controle do diabetes,
diabetes hipertensdo, distdrbio do sono, etc.
Q9 | Reduced medication need Diminuir o uso de medicamentos
Q10 | Increased employment chance Melhorar a oportunidade de conseguir um
emprego
Q11 | Better work performance Melhorar o desempenho no trabalho
Q12 | Weight loss Perder peso
Q13 | Improved self-esteem Melhorar a autoestima
Q14 | Increased life expectancy Aumentar os anos de vida

Statistical Analysis

We analyzed the 14-item part |l of the EOAQ scale of patient’s motivations
for bariatric surgery to ensure a self-contained scenario with a manageable number
of model variations. The other parts consist of descriptive items and body image
figures that are not intended as validated scales. The structural models were
implemented and estimated using the robust full information maximum likelihood
(FIML) method. The significance level was set at 5%. For the purpose of model
identification, we did not assume a priori whether the structural model is
unidimensional or multifactorial, therefore different structures could be explored
(Figure 1):

¢ Unidimensional model: a general factor (G) causes all items.

e First-order model: independent specific factors present possible correlations
to explain a subset of items.

e Bifactor model: combines the characteristics of unidimensional and first-
order models by proposing a G and specific factors that simultaneously
influence scale items (Jensen 1998). No correlations are defined among the
specific factors, nor between the specific factors and the general factor
G (Holzinger and Swineford 1937).

e Second-order model: this is another intermediate variation which proposes a
hierarchy in such a way that a general factor G is mediated by specific

factors that influence the items.
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Figure 1 Psychometric models were tested, incorporating a general factor (G) along with
either two specific factors (P = personal including Q1, Q2, Q7, Q8, Q9, Q12, Q13; S =
social including Q3, Q4, Q6, Q10, Q11) or three specific factors (P = personal including
Q1, Q2, Q12, Q13; S = social including Q3, Q4, Q6, Q10, Q11; H = healthcare including
Q7, Q8, Q9). Items Q5 and Q14 were explored in relation to multiple proposed factors
(represented by dotted lines), resulting in a total of 79 combinations
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In the context of Fig. 1, factors, dimensions, or domains (the preferred term
may vary across applied research areas) refer to the same latent quantities and
are represented by ellipses. Items, observed variables, or indicators refer to the
responses of participants and are represented by rectangles. The unidimensional
and first-order models represent the two extreme situations: a single-factor
structure, in which all items are linked to one general factor G, and multifactorial
structures, in which items are linked only to two or more specific domains. Bifactor
and second-order models represent intermediate structures. Although both include
a general factor G, they are not unidimensional because they preserve two or more
specific domains. These intermediate structures may allow an overall score without
implying that all items measure only a single latent dimension. The distribution of
reliable variance across the general and specific factors can be quantified, as
described below.

In a preliminary exploratory analysis (not shown), hypothetical models
suggested two or three specific factors as candidate models, with items allocated
according to all possible structures of Figure 1. For two specific factors, a personal
(P) factor included the items Q1, Q2, Q7, Q8, Q9, Q12, and Q13, which represent
intrinsic motivations, and a social factor (S) included the items Q3, Q4, Q6, Q10,
and Q11, which are related to interpersonal relationships or extrinsic motivations.
For the model with three specific factors, some items from the P factor were
reallocated to a healthcare-related motivation factor (H), namely Q7, Q8, and Q9.

Item analyses indicated that Q5 and Q14 showed substantial floor and ceiling
effects, respectively, and that both items were semantically ambiguous for
allocation to specific factors. Q5 (“Improve fertility”) can be interpreted as a
motivation related to health, personal or life-project, while Q14 (“Increase life
expectancy”) can reflect either health-related or a more general assessment of the
benefit of treatment. Their treatment was therefore defined as part of the model-
generation rule before ranking the candidate models: both items were allowed
either to be suppressed or to load on theoretically interpretable factors, and the

same rule was applied across all CFA model families. By suppressing or placing
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them in different factors, 79 different models were tested for all
combinations (Figure 1).

For comparison and decision of the best structure, there are several indices
to evaluate how well the model fits to data. The popular chi-square (x?) test is an
index of exact fit, has a null tolerance and is overly strict. A non-significant x2
(p = 0.05) suggests an acceptable model fit, denoting that the model could
plausibly represent the data. However, this test is sensitive to sample size and
almost all models would be rejected (p < 0.05), regardless of their plausibility. Also,
the x? assumes multivariate normality and does not penalize overly complex
models. As such, the test does have limitations that researchers need to be
cautious about.

Alternatively, root mean square error of approximation (RMSEA) is an index
that assesses how well the theoretical model reproduces the observed covariance
matrix, taking model degrees of freedom into account. Unlike the chi-squared test
of exact fit, RMSEA allows a numerical tolerance for approximate fit. Psychometric
methods often use 0.05 as a reference value for close fit; the corresponding p-
close is the p-value for testing whether the population RMSEA is equal to the
reference value. Thus, the 90% confidence interval of RMSEA provides information
about the precision of the fit estimate. For interpretation, the model was considered
“highly plausible” if the upper limit of the 90% confidence interval was less than
0.05, “plausible” if 0.05 was within this interval, and “not plausible” if the lower limit
was greater than 0.05 (MacCallum et al. 1996; Curran et al. 2003; Rosseel 2012).

On the other hand, the sample-size-adjusted Bayesian information criterion
(SABIC) was calculated to rank the models (Lin et al. 2017). Overall, SABIC is an
information criterion that balances model fit and parsimony, with lower values
indicating better relative model quality. It is useful for ranking competing non-
nested models, especially in smaller samples. We also report Comparative Fit
Index (CFI) and the Parsimony-Adjusted Normed Fit Index (PNFI), which are
widely reported in the related CFA literature.

McDonald’s omega (w) coefficients were calculated for the general and

specific factors of each structural model (Geldhof et al. 2014). In multidimensional

Braz J Psychiatry - Pre-Proof - http://doi.org/10.47626/1516-4446-2025-4672



Braz J Psychiatry - BJP Article Pre-Proof (as accepted) Page 13 of 39

models, w helps to describe how reliable variance is distributed across the general
and specific factors. In the present study, however, w was used as an admissibility
check for the estimated factor structure rather than as a threshold-based
classification of reliability magnitude. Because w represents a proportion of reliable
variance attributable to a factor, its estimates are expected to lie within the [0,1]
interval. Values outside this range were interpreted as indicators of numerical
instability or inadmissible model solutions.

Multi-group Confirmatory Factor Analysis (MG-CFA) is a statistical technique
used to test measurement invariance, which assesses whether a psychological
construct is measured in the same way across different groups. Measurement
invariance was developed in layers to test between-group equality (Brown 2015;
Cheung and Rensvold 2002; Dimitrov 2010; Wicherts and Dolan 2010). We
adopted the interval (quantitative) level of measurement for testing scale items
(Stevens 1946). The following seven levels were investigated:

e preliminary, global: the model design is plausible for the whole sample,

e preliminary, group = 48 years-old: the model design is plausible for group 1,
e preliminary, group > 48 years-old: the model design is plausible for group 2,
e configural: equality of model design,

e metric: equality of loading factors,

e scalar: equality of item means, and

e strict: equality of variance of item error terms.

When a layer is tested and considered plausible, the next layer can be
meaningfully tested. The underlying construct is interpreted only up to the highest
level of measurement equivalence supported by the data (Cizek et al. 2011,
Franzen 2000; Markus and Borsboom 2013). Measurement invariance analysis
assesses how far the same measurement rule is supported across groups. Thus,
measurement invariance is a prerequisite for interpreting between-group
comparisons, because it evaluates whether group differences reflect the construct

rather than artifacts of the measurement rule.
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Data Availability

The analyses were performed with R 4.2.2 (R Core Team 2022) using the
packages lavaan (Rosseel 2012) and semTools (Jorgensen et al. 2022). Data and
R scripts are available at Harvard Dataverse
(https://doi.org/10.7910/DVN/FCBOGB). This supplementary material provides our
results and presents a systematic approach to model selection and validation using
confirmatory factor analysis. It includes detailed statistical procedures, application
guidelines, access to data sets and computer code, and a step-by-step method to

select and rank competing models using psychometric indices.

Results

The EOAQ was completed by 161 adult patients with obesity and candidates
for bariatric surgery. From these, only females (n=137) were selected for construct
validity testing and arranged in two groups, with age less or equal to 48 or above
48 years old. The clinical and demographic characteristics of these two groups are
summarized in Table 2. It was observed that, apart from the age grouping required

for the multi-group analysis, patients did not differ in their core variables, including

body composition, educational level, occupation, or commonly prevalent

comorbidities.

Table 2 Characteristics of female participants (n = 137), stratified by age.

Variable < 48 years old (n=82) | > 48 years old (n=55) p
Age (years)
Range 23 - 47 48 - 68
Mean (sd) 39.57 (5.55) 57.11 (5.18)
Body mass index 0.091
Range 33.79 - 80.47 32.46 - 71.92
Mean (sd) 48.73 (8.53) 46.09 (7.53)
Schooling (years) 0.320
<14 59 (72.0%) 46 (83.6%)
> 14 23 (28.0%) 9 (16.4%)
Working status 0.053
Working 53 (64.6%) 19 (34.6%)
Not working 29 (35.4%) 36 (65.5%)
Diagnoses of hypertension 0.579
yes 50 (61.0%) 45 (81.8%)
No 32 (39.0%) 10 (18.2%)
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Diagnoses of diabetes 0.999
Yes 24 (29.3%) 31 (56.4%)
No 58 (70.7%) 24 (43.6%)

Because items Q5 (“Improve fertility” and Q14 (“Increase life expectancy”) of
the EOAQ had preliminarily shown floor and ceiling effects, all model combinations
were considered by suppressing or including one or both items in each factor.
Accounting for seven possible basic model structures (Figure 1), a total of 79
different models included the unidimensional models (with only the general factor,
G), and three specific factors, named personal (P), social (S), and healthcare (H)
motivations. The H factor was formed by removing some items from the P factor
(Q7: “Pain reduction”, Q8: “Improve comorbidity such as diabetes”, and Q9:
“‘Reduced medication need”).

Table 3 displays the indices of construct validity. Models are presented into
four blocks of plausibility: (1) plausible models at the configural level of construct
validity according to the criterion of RMSEA confidence interval, (2) plausible
models only at the preliminary level (when all patients were in a single group,
regardless of menopause age), (3) not plausible models, and (4) models with
convergence problems. Each block is sorted by SABIC. The statistical decision of
non-rejection is inferential, based on p-close = 0.05, which usually coincides with
model plausibility given by the value 0.05 within the 90% confidence interval of
RMSEA. The maximum level of measurement invariance achieved in the current
EOAQ example was configural invariance, meaning that both groups share the
same model structure but differ in factor loadings (metric invariance), and further

levels (scalar and strict invariance) could not be meaningfully tested.
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Table 3 Construct validation: model plausibility ordered by SABIC

Model X2 | df p RMSEA | Cl 90% lower | Cl 90% upper | pclose | CFl | PNFI | SABIC | acceptance up to

1. Bifactor G+PS (no Q5 and Q14) 153.0 | 84 [<0.0001| 0.061 0.000 0.095 0.3049 | 0.937 | 0.431 | 37775 plausible configural
2. Bifactor G+PSH (no Q5 and Q14) 166.8 | 84 [<0.0001| 0.076 0.038 0.108 0.1099 | 0.902 | 0.412 | 3792.0 plausible configural
3. Bifactor G+PSH (G:Q5 H:Q5) 226.5 | 104 | <0.0001| 0.073 0.039 0.101 0.1153 | 0.907 | 0.415 | 3896.7 plausible configural
4. Bifactor G+PS (G:Q14 P:Q14) 185.1 | 104 {<0.0001| 0.055 0.000 0.087 0.3955 | 0.939 | 0.426 | 3914.0 plausible configural
5. Bifactor G+PS (G:Q14 S:Q14) 176.4 | 104 | <0.0001| 0.066 0.024 0.096 0.2200 | 0.914 | 0.437 | 3924.8 plausible configural
6. Bifactor G+PSH (G:Q14 P:Q14) 207.1 | 104 {<0.0001| 0.068 0.029 0.098 0.1849 | 0.908 | 0.397 | 3926.4 plausible configural
7. Bifactor G+PSH (G:Q14 H:Q14) 211.1| 104 | <0.0001| 0.069 0.031 0.098 0.1745 | 0.906 | 0.392 | 3926.8 plausible configural
8. Bifactor G+PSH (G:Q14 S:Q14) 208.2 | 104 |<0.0001| 0.073 0.038 0.102 0.1214 | 0.893 | 0.396 | 3933.3 plausible configural
9. Bifactor G+PSH (G:Q5+Q14 P:Q14 H:Q5) 282.5|126 |<0.0001| 0.066 0.032 0.092 0.1888 | 0.911 | 0.387 | 4032.0 plausible configural
10. Bifactor G+PSH (G:Q5+Q14 H:Q5+Q14) 272.4 | 126 |<0.0001| 0.069 0.038 0.095 0.1368 | 0.901 | 0.398 | 4036.0 plausible configural
11. Bifactor G+PSH (G:Q5+Q14 S:Q14 H:Q5) 261.6 | 126 |<0.0001| 0.070 0.039 0.096 0.1290 | 0.899 | 0.410 | 4038.0 plausible configural
12. 1st Order PSH (no Q5 and Q14) 084.2 | 51 | 0.0024 | 0.060 0.018 0.092 0.2893 | 0.901 | 0.538 | 3986.9 plausible preliminary
13. 2nd Order G->PSH (no Q5 and Q14) 083.5| 51 | 0.0027 | 0.060 0.018 0.092 0.2893 | 0.901 | 0.540 | 3986.9 plausible preliminary
14. 1st Order PS (no Q5 and Q14) 092.8 | 53 | 0.0006 | 0.071 0.038 0.101 0.1298 | 0.856 | 0.534 | 3999.3 plausible preliminary
15. 1st Order PSH (P:Q14) 106.7 | 62 | 0.0004 | 0.060 0.026 0.088 0.2703 | 0.883 | 0.517 | 4173.2 plausible preliminary
16. 2nd Order G->PSH (G:Q14 P:Q14) 106.0 | 62 | 0.0004 | 0.060 0.026 0.088 0.2703 | 0.883 | 0.519 | 4173.2 plausible preliminary
17. 1st Order PSH (H:Q14) 106.2 | 62 | 0.0004 | 0.060 0.024 0.087 0.2855 | 0.886 | 0.518 | 4173.9 plausible preliminary
18. 2nd Order G->PSH (G:Q14 H:Q14) 103.1 | 62 | 0.0008 | 0.060 0.024 0.087 0.2854 | 0.886 | 0.527 | 4173.9 plausible preliminary
19. 2nd Order G->PSH (G:Q14 S:Q14) 106.2 | 62 | 0.0004 | 0.061 0.026 0.089 0.2650 | 0.881 | 0.519 | 4175.9 plausible preliminary
20. 1st Order PSH (S:Q14) 106.0 | 62 | 0.0004 | 0.061 0.026 0.089 0.2650 | 0.881 | 0.519 | 4175.9 plausible preliminary
21. 1st Order PS (P:Q14) 116.0 | 64 |<0.0001| 0.069 0.040 0.095 0.1230 | 0.840 | 0.509 | 4185.5 plausible preliminary
22. 1st Order PS (S:Q14) 1149 | 64 |<0.0001| 0.070 0.040 0.096 0.1218 | 0.838 | 0.512 | 4188.3 plausible preliminary
23. Bifactor G+PS (G:Q5 S:Q5) 071.3 | 52 | 0.0392 | 0.031 0.000 0.068 0.7638 | 0.973 | 0.511 | 4298.9 plausible preliminary
24. Bifactor G+PS (G:Q5 P:Q5) 074.6 | 52 | 0.0216 | 0.037 0.000 0.070 0.7063 | 0.963 | 0.504 | 4299.0 plausible preliminary
25. Bifactor G+PSH (G:Q5 S:Q5) 075.6 | 52 | 0.0180 0.045 0.000 0.078 0.5725 | 0.946 | 0.502 | 4309.9 plausible preliminary
26. Bifactor G+PSH (G:Q5 P:Q5) 078.6 | 52 | 0.0100 | 0.048 0.000 0.080 0.5161 | 0.938 | 0.495 | 4311.4 plausible preliminary
27. 1st Order PSH (S:Q5) 103.6 | 62 | 0.0007 | 0.061 0.027 0.089 0.2601 | 0.880 | 0.525 | 4323.4 plausible preliminary
28. 2nd Order G->PSH (G:Q5 S:Q5) 101.5| 62 | 0.0012 | 0.061 0.027 0.089 0.2600 | 0.880 | 0.531 | 43234 plausible preliminary
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Model X2 | df p RMSEA | Cl 90% lower | Cl 90% upper | pclose | CFl | PNFI | SABIC | acceptance up to

29. 1st Order PSH (P:Q5) 103.0 | 62 | 0.0008 | 0.061 0.026 0.089 0.2614 | 0.881 | 0.527 | 4323.6 plausible preliminary
30. 2nd Order G->PSH (G:Q5 P:Q5) 102.2 | 62 | 0.0010 | 0.061 0.026 0.089 0.2614 | 0.881 | 0.529 | 4323.6 plausible preliminary
31. 1st Order PSH (H:Q5) 104.0 | 62 | 0.0007 | 0.061 0.027 0.089 0.2539 | 0.879 | 0.525 | 4324.1 plausible preliminary
32. 2nd Order G->PSH (G:Q5 H:Q5) 103.2 | 62 | 0.0008 | 0.061 0.027 0.089 0.2539 | 0.879 | 0.527 | 4324.1 plausible preliminary
33. 1st Order PS (S:Q5) 112.2 | 64 | 0.0002 0.070 0.040 0.096 0.1199 | 0.837 | 0.519 | 4335.8 plausible preliminary
34. 1st Order PS (P:Q5) 111.6 | 64 | 0.0002 0.070 0.040 0.097 0.1205 | 0.837 | 0.521 | 4336.0 plausible preliminary
35. Bifactor G+PS (G:Q5+Q14 P:Q14 S:Q5) 094.3 | 63 | 0.0065 | 0.036 0.000 0.067 0.7421 | 0.959 | 0.498 | 4486.5 plausible preliminary
36. Bifactor G+PS (G:Q5+Q14 P:Q5+Q14) 097.5| 63 | 0.0035 | 0.040 0.000 0.069 0.6871 | 0.949 | 0.491 | 4486.5 plausible preliminary
37. Bifactor G+PS (G:Q5+Q14 S:Q5+Q14) 094.4 | 63 | 0.0064 0.037 0.000 0.067 0.7279 | 0.957 | 0.498 | 4487.1 plausible preliminary
38. Bifactor G+PS (G:Q5+Q14 P:Q5 S:Q14) 097.8 | 63 | 0.0032 | 0.040 0.000 0.069 0.6778 | 0.948 | 0.491 | 4487.2 plausible preliminary
39. Bifactor G+PSH (G:Q5+Q14 P:Q14 S:Q5) 092.8 | 63 | 0.0087 | 0.041 0.000 0.072 0.6438 | 0.945 | 0.501 | 4495.0 plausible preliminary
40. Bifactor G+PSH (G:Q5+Q14 S:Q5 H:Q14) 099.5| 63 | 0.0023 | 0.047 0.000 0.076 0.5341 | 0.928 | 0.487 | 4498.5 plausible preliminary
41. Bifactor G+PSH (G:Q5+Q14 S:Q5+Q14) 102.7 | 63 | 0.0012 0.049 0.000 0.077 0.4991 | 0.923 | 0.481 | 4499.3 plausible preliminary
42. Bifactor G+PSH (G:Q5+Q14 P:Q5 H:Q14) 100.6 | 63 | 0.0018 | 0.049 0.000 0.077 0.5020 | 0.923 | 0.485 | 4499.6 plausible preliminary
43. Bifactor G+PSH (G:Q5+Q14 P:Q5+Q14) 104.0 | 63 | 0.0009 | 0.048 0.000 0.077 0.5115 | 0.925 | 0.478 | 4499.7 plausible preliminary
44, Bifactor G+PSH (G:Q5+Q14 P:Q5 S:Q14) 101.4 | 63 | 0.0016 | 0.050 0.000 0.078 0.4829 | 0.921 | 0.483 | 4500.3 plausible preliminary
45. 1st Order PSH (P:Q14 S:Q5) 1279 | 74 | 0.0001 | 0.060 0.031 0.085 0.2507 | 0.864 | 0.504 | 4509.8 plausible preliminary
46. 2nd Order G->PSH (G:Q5+Q14 P:Q14 S:Q5) 125.4 | 74 | 0.0002 | 0.060 0.031 0.085 0.2506 | 0.864 | 0.509 | 4509.8 plausible preliminary
47. 1st Order PSH (P:Q5+Q14) 127.2| 74 | 0.0001 | 0.060 0.031 0.085 0.2519 | 0.864 | 0.505 | 4510.0 plausible preliminary
48. 2nd Order G->PSH (G:Q5+Q14 P:Q5+Q14) 126.3 | 74 | 0.0001 0.060 0.031 0.085 0.2519 | 0.864 | 0.507 | 4510.0 plausible preliminary
49. 1st Order PSH (S:Q5 H:Q14) 127.3 | 74 | 0.0001 | 0.060 0.030 0.084 0.2644 | 0.866 | 0.505 | 4510.4 plausible preliminary
50. 2nd Order G->PSH (G:Q5+Q14 S:Q5 H:Q14) 123.9 | 74 | 0.0002 | 0.060 0.030 0.084 0.2641 | 0.866 | 0.513 | 4510.4 plausible preliminary
51. 1st Order PSH (P:Q14 H:Q5) 128.2 | 74 {<0.0001| 0.060 0.031 0.085 0.2449 | 0.862 | 0.503 | 4510.5 plausible preliminary
52. 2nd Order G->PSH (G:Q5+Q14 P:Q14 H:Q5) 1279 | 74 | 0.0001 | 0.060 0.031 0.085 0.2449 | 0.862 | 0.503 | 4510.5 plausible preliminary
53. 1st Order PSH (P:Q5 H:Q14) 126.6 | 74 | 0.0001 | 0.060 0.030 0.084 0.2654 | 0.866 | 0.506 | 4510.6 plausible preliminary
54. 2nd Order G->PSH (G:Q5+Q14 P:Q5 H:Q14) 123.4| 74 | 0.0003 | 0.060 0.030 0.085 0.2653 | 0.866 | 0.514 | 4510.6 plausible preliminary
55. 1st Order PSH (H:Q5+Q14) 127.7 | 74 | 0.0001 | 0.060 0.030 0.085 0.2578 | 0.865 | 0.504 | 4511.1 plausible preliminary
56. 2nd Order G->PSH (G:Q5+Q14 H:Q5+Q14) 124.3 | 74 | 0.0002 0.060 0.030 0.085 0.2577 [ 0.865 | 0.512 | 4511.1 plausible preliminary
57. 1st Order PSH (S:Q5+Q14) 127.0| 74 | 0.0001 | 0.061 0.031 0.085 0.2464 | 0.862 | 0.506 | 4512.4 plausible preliminary
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Model X2 | df p RMSEA | Cl 90% lower | Cl 90% upper | pclose | CFl | PNFI | SABIC | acceptance up to

58. 2nd Order G->PSH (G:Q5+Q14 S:Q5+Q14) 125.8 | 74 | 0.0002 0.061 0.031 0.085 0.2464 | 0.862 | 0.508 | 45124 plausible preliminary
59. 2nd Order G->PSH (G:Q5+Q14 P:Q5 S:Q14) 126.5| 74 | 0.0001 0.061 0.031 0.085 0.2470 | 0.862 | 0.507 | 4512.6 plausible preliminary
60. 1st Order PSH (P:Q5 S:Q14) 126.4 | 74 | 0.0001 | 0.061 0.031 0.085 0.2470 | 0.862 | 0.507 | 4512.6 plausible preliminary
61. 2nd Order G->PSH (G:Q5+Q14 S:Q14 H:Q5) 1274 | 74 | 0.0001 | 0.061 0.031 0.086 0.2400 | 0.860 | 0.505 | 4513.1 plausible preliminary
62. 1st Order PSH (S:Q14 H:Q5) 127.4| 74 | 0.0001 0.061 0.031 0.086 0.2400 | 0.860 | 0.505 | 4513.1 plausible preliminary
63. 1st Order PS (P:Q14 S:Q5) 137.2 | 76 [<0.0001| 0.068 0.042 0.091 0.1174 [ 0.822 | 0.494 | 4522.1 plausible preliminary
64. 1st Order PS (P:Q5+Q14) 136.5| 76 |<0.0001| 0.068 0.042 0.092 0.1179 | 0.822 | 0.496 | 4522.3 plausible preliminary
65. 1st Order PS (S:Q5+Q14) 135.9 | 76 [<0.0001| 0.068 0.042 0.092 0.1164 | 0.820 | 0.497 | 4524.8 plausible preliminary
66. 1st Order PS (P:Q5 S:Q14) 135.3 | 76 |<0.0001| 0.068 0.042 0.092 0.1165 | 0.819 | 0.499 | 4525.0 plausible preliminary
67. Unidimensional (no Q5 and Q14) 104.3 | 54 |<0.0001| 0.084 0.055 0.112 0.0291 | 0.796 | 0.510 | 4013.9 | not plausible none

68. Unidimensional (G:Q14) 128.8 | 65 |<0.0001| 0.080 0.054 0.105 0.0295 | 0.781 | 0.482 | 4200.9 | not plausible none

69. Unidimensional (G:Q5) 123.7 | 65 |<0.0001| 0.081 0.055 0.106 0.0288 | 0.779 | 0.496 | 4350.6 | not plausible none

70. Unidimensional (G:Q5+Q14) 149.8 | 77 |<0.0001| 0.078 0.054 0.100 0.0300 | 0.764 | 0.469 | 4537.7 | not plausible none

71. 2nd Order G->PS (no Q5 and Q14) 091.0 | 52 | 0.0007 - - - - - 0.529 | 4001.0 | no RMSEA | not available
72. 2nd Order G->PS (G:Q14 P:Q14) 114.2 | 63 |<0.0001 - - - - - 0.506 | 4187.3 | no RMSEA | not available
73. 2nd Order G->PS (G:Q14 S:Q14) 113.1| 63 | 0.0001 - - - - - 0.509 | 4190.0 | no RMSEA | not available
74. 2nd Order G->PS (G:Q5 S:Q5) 110.5| 63 | 0.0002 - - - - - | 0.516 | 4337.6 | no RMSEA | not available
75. 2nd Order G->PS (G:Q5 P:Q5) 109.9 | 63 | 0.0002 - - - - - | 0.517 | 4337.8 | no RMSEA | not available
76. 2nd Order G->PS (G:Q5+Q14 P:Q14 S:Q5) 135.4 | 75 |<0.0001 - - - - - 0.492 | 4523.8 | no RMSEA | not available
77. 2nd Order G->PS (G:Q5+Q14 P:Q5+Q14) 134.7 | 75 |<0.0001 - - - - - 0.494 | 4524.0 | no RMSEA | not available
78. 2nd Order G->PS (G:Q5+Q14 S:Q5+Q14) 134.1 | 75 |<0.0001 - - - - - 0.495 | 4526.6 | no RMSEA | not available
79. 2nd Order G->PS (G:Q5+Q14 P:Q5 S:Q14) 1335 | 75 |<0.0001 - - - - - | 0.496 | 4526.8 | no RMSEA | not available

Model and factor structure: general factor (G); specific factors P (personal), S (social), and H (health). See source document for full
definitions and explanatory notes.
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Only bifactor models achieved configural invariance. According to SABIC, the
two bifactor models without Q5 and Q14 were the best ones (models 1 and 2,
Table 3). Models 3 to 8 included only one of them. It seems that Q14 can be
placed in different factors, but Q5 was only admissible in factor H (model 3).
Models 9 to 11 used all the questionnaire items and were formed with three
specific factors.

Table 4 shows the reliability analysis based on McDonald’s omegas (w),
presenting the models in the same sequence as Table 3. For bifactor models, w
was reported separately for the general factor and for each specific factor, and it
was computed by group when configural or higher levels of invariance were
reached. These coefficients were used to check whether the estimated factor
structure produced admissible proportions of reliable variance. Many models
showed numerical instability, resulting in w estimates outside the expected [0,1]
interval. Considering both global fit and admissible w estimates, the valid models
are 7, 8, and 10.
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>

Model 480G |<48 0P |<48®S | <48 wH | >48 ©G 0345 >48 oS | >48 oH | plausibility up to| o range | offending count | estimates sum
1. Bifactor G+PS (no Q5 and Q14) 0.61 5.59 0.24 0.56 0.15 0.42 configural invalid 1 14.77
2. Bifactor G+PSH (no Q5 and Q14) 0.61 0.16 0.23 0.42 0.31 0.43 0.58 3.40 configural invalid 2 571
3. Bifactor G+PSH (G:Q5 H:Q5) 0.58 0.17 0.23 0.26 0.31 0.42 0.58 1.18 configural invalid 2 3.26
4. Bifactor G+PS (G:Q14 P:Q14) 0.61 3.39 0.24 0.58 0.19 0.39 configural invalid 1 11.52
5. Bifactor G+PS (G:Q14 S:Q14) 0.63 4.25 0.21 0.56 0.04 0.42 configural invalid 1 12.78
6. Bifactor G+PSH (G:Q14 P:Q14) 0.60 2.39 0.24 0.43 0.36 0.20 0.58 1.40 configural invalid 3 8.27
7. Bifactor G+PSH (G:Q14 H:Q14) 0.60 0.16 0.24 0.44 0.33 0.43 0.59 0.01 configural valid 1 0.12
8. Bifactor G+PSH (G:Q14 S:Q14) 0.62 0.17 0.20 0.42 0.34 0.33 0.55 0.13 configural valid 1 0.04
9. Bifactor G+PSH (G:Q5+Q14 P:Q14 H:Q5) 0.58 1.79 0.24 0.26 0.35 0.29 0.58 1.45 configural invalid 2 8.61
10. Bifactor G+PSH (G:Q5+Q14 H:Q5+Q14) 0.58 0.16 0.24 0.60 0.35 0.38 0.58 0.27 configural valid 3 2.74
11. Bifactor G+PSH (G:Q5+Q14 S:Q14 H:Q5) 0.61 0.16 0.19 0.26 0.35 0.39 0.54 1.28 configural invalid 1 3.14
12. 1st Order PSH (no Q5 and Q14) - - - - - 0.76 0.59 0.55 preliminary valid - -
13. 2nd Order G->PSH (no Q5 and Q14) - - - - - 0.76 0.59 0.55 preliminary valid - -
14. 1st Order PS (no Q5 and Q14) - - - - - 0.68 0.60 - preliminary valid - -
15. 1st Order PSH (P:Q14) - - - - - 0.74 0.60 0.55 preliminary valid - -
16. 2nd Order G->PSH (G:Q14 P:Q14) - - - - - 0.74 0.60 0.55 preliminary valid - -
17. 1st Order PSH (H:Q14) - - - - - 0.76 0.59 0.53 preliminary valid - -
18. 2nd Order G->PSH (G:Q14 H:Q14) - - - - - 0.76 0.59 0.53 preliminary valid - -
19. 2nd Order G->PSH (G:Q14 S:Q14) - - - - - 0.76 0.59 0.55 preliminary valid - -
20. 1st Order PSH (S:Q14) - - - - - 0.76 0.59 0.55 preliminary valid - -
21. 1st Order PS (P:Q14) - - - - - 0.68 0.60 - preliminary valid - -
22. 1st Order PS (S:Q14) - - - - - 0.68 0.60 - preliminary valid - -
23. Bifactor G+PS (G:Q5 S:Q5) - - - - 0.54 0.05 0.45 - preliminary valid 1 0.05
24. Bifactor G+PS (G:Q5 P:Q5) - - - - 0.54 0.04 0.43 - preliminary valid 1 0.11
25. Bifactor G+PSH (G:Q5 S:Q5) - - - - 0.56 0.09 0.40 0.42 preliminary valid - -
26. Bifactor G+PSH (G:Q5 P:Q5) - - - - 0.51 0.09 0.43 0.42 preliminary valid - -
27. 1st Order PSH (S:Q5) - - - - - 0.76 0.58 0.55 preliminary valid - -
28. 2nd Order G->PSH (G:Q5 S:Q5) - - - - - 0.76 0.58 0.55 preliminary valid - -
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Model 480G |<48 0P <48 ®wS | <48 wH | >48 ©G (;1}{’3 >48 oS | >48 oH | plausibility up to | o range | offending count | estimates sum
29. 1st Order PSH (P:Q5) - - - - - 0.68 0.60 0.55 preliminary valid - -
30. 2nd Order G->PSH (G:Q5 P:Q5) - - - - - 0.68 0.60 0.55 preliminary valid - -
31. 1st Order PSH (H:Q5) - - - - - 0.76 0.59 0.46 preliminary valid - -
32. 2nd Order G->PSH (G:Q5 H:Q5) - - - - - 0.76 0.59 0.46 preliminary valid - -
33. 1st Order PS (S:Q5) - - - - - 0.68 0.58 - preliminary valid - -
34. 1st Order PS (P:Q5) - - - - - 0.66 0.60 - preliminary valid - -
35. Bifactor G+PS (G:Q5+Q14 P:Q14 S:Q5) - - - - 0.55 0.05 0.45 - preliminary valid - -
36. Bifactor G+PS (G:Q5+Q14 P:Q5+Q14) - - - - 0.55 0.03 0.43 - preliminary valid 1 0.05
37. Bifactor G+PS (G:Q5+Q14 S:Q5+Q14) - - - - 0.54 0.05 0.45 - preliminary valid 1 0.05
38. Bifactor G+PS (G:Q5+Q14 P:Q5 S:Q14) - - - - 0.55 0.03 0.43 - preliminary valid 1 0.09
39. Bifactor G+PSH (G:Q5+Q14 P:Q14 S:Q5) - - - - 0.55 0.11 0.39 0.43 preliminary valid - -
40. Bifactor G+PSH (G:Q5+Q14 S:Q5 H:Q14) - - - - 0.56 0.06 0.40 0.39 preliminary valid - -
41. Bifactor G+PSH (G:Q5+Q14 S:Q5+Q14) - - - - 0.55 0.06 0.40 0.42 preliminary valid - -
42. Bifactor G+PSH (G:Q5+Q14 P:Q5 H:Q14) - - - - 0.52 0.09 0.43 0.40 preliminary valid - -
43. Bifactor G+PSH (G:Q5+Q14 P:Q5+Q14) - - - - 0.54 0.11 0.40 0.43 preliminary valid - -
44, Bifactor G+PSH (G:Q5+Q14 P:Q5 S:Q14) - - - - 0.52 0.09 0.42 0.42 preliminary valid - -
45. 1st Order PSH (P:Q14 S:Q5) - - - - - 0.74 0.58 0.55 preliminary valid - -
46. 2nd Order G->PSH (G:Q5+Q14 P:Q14 S:Q5) - - - - - 0.74 0.58 0.55 preliminary valid - -
47. 1st Order PSH (P:Q5+Q14) - - - - - 0.67 0.60 0.55 preliminary valid - -
48. 2nd Order G->PSH (G:Q5+Q14 P:Q5+Q14) - - - - - 0.67 0.60 0.55 preliminary valid - -
49. 1st Order PSH (S:Q5 H:Q14) - - - - - 0.76 0.58 0.53 preliminary valid - -
50. 2nd Order G->PSH (G:Q5+Q14 S:Q5 H:Q14) - - - - - 0.76 0.58 0.53 preliminary valid - -
51. 1st Order PSH (P:Q14 H:Q5) - - - - - 0.74 0.60 0.46 preliminary valid - -
52. 2nd Order G->PSH (G:Q5+Q14 P:Q14 H:Q5) - - - - - 0.74 0.60 0.46 preliminary valid - -
53. 1st Order PSH (P:Q5 H:Q14) - - - - - 0.68 0.60 0.53 preliminary valid - -
54. 2nd Order G->PSH (G:Q5+Q14 P:Q5 H:Q14) - - - - - 0.68 0.60 0.53 preliminary valid - -
55. 1st Order PSH (H:Q5+Q14) - - - - - 0.76 0.59 0.45 preliminary valid - -
56. 2nd Order G->PSH (G:Q5+Q14 H:Q5+Q14) - - - - - 0.76 0.59 0.46 preliminary valid - -
57. 1st Order PSH (S:Q5+Q14) - - - - - 0.76 0.58 0.55 preliminary valid - -
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Model 480G |<48 0P <48 ®wS | <48 wH | >48 ©G (;1}{’3 >48 oS | >48 oH | plausibility up to | o range | offending count | estimates sum
58. 2nd Order G->PSH (G:Q5+Q14 S:Q5+Q14) - - - - - 0.76 0.58 0.55 preliminary valid - -
59. 2nd Order G->PSH (G:Q5+Q14 P:Q5 S:Q14) - - - - - 0.68 0.60 0.55 preliminary valid - -
60. 1st Order PSH (P:Q5 S:Q14) - - - - - 0.68 0.60 0.55 preliminary valid - -
61. 2nd Order G->PSH (G:Q5+Q14 S:Q14 H:Q5) - - - - - 0.76 0.59 0.46 preliminary valid - -
62. 1st Order PSH (S:Q14 H:Q5) - - - - - 0.76 0.59 0.46 preliminary valid - -
63. 1st Order PS (P:Q14 S:Q5) - - - - - 0.68 0.58 - preliminary valid - -
64. 1st Order PS (P:Q5+Q14) - - - - - 0.66 0.60 - preliminary valid - -
65. 1st Order PS (S:Q5+Q14) - - - - - 0.68 0.58 - preliminary valid - -
66. 1st Order PS (P:Q5 S:Q14) - - - - - 0.66 0.60 - preliminary valid - -
67. Unidimensional (no Q5 and Q14) - - - - 0.65 - - - none valid - -
68. Unidimensional (G:Q14) - - - - 0.66 - - - none valid - -
69. Unidimensional (G:Q5) - - - - 0.64 - - - none valid - -
70. Unidimensional (G:Q5+Q14) - - - - 0.65 - - - none valid - -
71. 2nd Order G->PS (no Q5 and Q14) - - - - - 0.68 0.60 - not available | undefined - -
72. 2nd Order G->PS (G:Q14 P:Q14) - - - - - 0.68 0.60 - not available | undefined - -
73. 2nd Order G->PS (G:Q14 S:Q14) - - - - - 0.68 0.60 - not available | undefined - -
74. 2nd Order G->PS (G:Q5 S:Q5) - - - - - 0.68 0.58 - not available | undefined - -
75. 2nd Order G->PS (G:Q5 P:Q5) - - - - - 0.66 0.60 - not available | undefined - -
76. 2nd Order G->PS (G:Q5+Q14 P:Q14 S:Q5) - - - - - 0.68 0.58 - not available | undefined - -
77. 2nd Order G->PS (G:Q5+Q14 P:Q5+Q14) - - - - - 0.66 0.60 - not available | undefined - -
78. 2nd Order G->PS (G:Q5+Q14 S:Q5+Q14) - - - - - 0.68 0.58 - not available | undefined - -
79. 2nd Order G->PS (G:Q5+Q14 P:Q5 S:Q14) - - - - - 0.66 0.60 - not available | undefined - -

McDonald’s omega calculated for factors G, P, S, and H. Offending estimates: factor loadings outside the [—1, 1] range.
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Among these three plausible models at the configural level, it is still
necessary to verify the loading factors, which are Pearson’s correlations ranging
from -1 to 1. Model 10 had three problematic estimates at the configural level: 1.93
for H to Q7 and 1.26 for P to Q12 for participants aged 48 years or younger, and
2.55 for H to Q7 for those older than 48 (not shown). In contrast, Model 8 exhibited
the smallest problematic estimate with 1.04 for G to Q12 for participants older than
48 (Figure 2, upper panel). This was closely followed by Model 7, with an estimate
of 1.12 for P to Q12 for participants aged 48 years or younger (Figure 2, lower
panel). Considering the difficulties caused by a small sample, these are the only
two models with almost all loading factors in the correct range, both bifactor
models with three specific factors, without Q5 and with Q14 placed in the S factor
(model 8) or H factor (model 7). Although apparently successful, all remaining

models presented offending loading factors.
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Bifactor model, 3 specific factors (including Q14 in S)
Intervalar items

Bifactor model, 3 specific factors (including Q14 in H)
Intervalar items

age less or equal fo 48 age more than 48

Figure 2 Graphical representation of model 8 (upper panel) and model 7 (lower panel).
Bifactor models with three specific factors, personal (P), social (S), and healthcare (H),
including Q14 in social and healthcare specific factors, respectively

Models 12 through 66 are plausible only at the preliminary level, and their w
ranges are valid. At this preliminary level, these structures can be interpreted as
plausible representations of the EOAQ motivation items in this sample of women
with obesity, but they provide only limited structural support and were not retained
for subsequent multi-group invariance testing. Numerical instability likely did not
occur at this level because these models are less demanding. More complex
models, such as those at the configural level, may require larger samples to

achieve stability.
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According to SABIC rankings, the best models should exclude items Q5 and
Q14, followed by those including only Q14 or only Q5. Models containing both Q5
and Q14 tended to rank lower. All unidimensional models (Models 67 to 70) were
rejected. Among the remaining, all are second-order models with two specific
factors presenting convergence problems, whose SABIC-based ranking is as
follows: without Q14 and Q5, including only Q14, including only Q5, and finally, the
full models with all fourteen items, which performed the worst.

In summary, models 8 and 7 emerged as the best ones after testing 79
models, each verified across 7 levels (preliminarily with the entire sample and with
each subgroup, as well as configural, metric, scalar, and strict invariances). They
indicated acceptable fit measures and achieved admissible w values. These

models are almost complete, with only item Q5 excluded.

Discussion

For the first time, a systematic confirmatory factor analysis (CFA) framework
is proposed to identify and refine candidate structural equation models, using fit
indices and reliability metrics to compare competing structures. This process was
demonstrated through its application to Part 11l of the EOAQ in treatment-seeking
individuals with severe obesity. Two bifactor solutions emerged as the most
plausible candidates under the proposed decision rules after evaluating 79
competing models that included unidimensional, bifactor, first-order, and second-
order structures. Within this dataset, the EOAQ motivation items were better
represented by a general motivation factor, alongside personal, social, and
healthcare-related dimensions. Both bifactor models retained nearly all items,
excluding one malfunctioning item (Q5: “improve fertility”), and achieved
acceptable RMSEA p-close values and favorable SABIC rankings. McDonald’s
omega coefficients and factor loadings were used as additional criteria to identify
unstable or inadmissible models.

Measurement invariance helps to locate where group equivalence is
supported and where it stops (Meredith 1993; Putnick and Bornstein 2016). It also
contributes to evaluating the extent to which score properties and interpretations
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can be generalized across populations, settings, tasks, or experimental

conditions (Wu et al. 2007; Dimitrov 2010). In the present study, the selected
bifactor models reached the configural level, which may appear incomplete if strict
invariance is treated as the expected endpoint. However, the purpose of invariance
testing is to identify the level of measurement equivalence supported by the data,
rather than to force the strongest possible level (Robitzsch and Ludtke 2023). In
the present example, the same item—factor architecture (configural) was not
rejected across the two age-defined groups, but equality constraints on factor
loadings (metric), item intercepts (scalar), and residual variances (strict) were not
supported. This differs from conventional statistical comparisons between groups,
which usually begin after measurement has already produced the numbers to be
compared. These procedures may compare means, variances, or regression
coefficients, but they usually leave implicit the assumption that the same underlying
condition would generate the same observed value in each group. Psychometric
invariance analysis brings this assumption into the model by examining the ruler
itself (Dimitrov 2010). In this study, the ruler had the same architecture across
groups, but the data did not support the same units, origin, or residual structure.
The comparison did not fail after reaching the observed scores; it stopped earlier,
at the measurement ruler. One virtue of psychometric analysis is that it locates
where group nonequivalence appears in the available data. An analogy with serum
creatinine may clarify this distinction.

When a conventional t test compares serum creatinine as a proxy for renal
function, the analysis begins after the observed values have already been
produced. Although the laboratory procedure may correctly measure the circulating
concentration of creatinine, its relation to renal function may not be the same
across groups because it is affected by muscle mass, age, sex, sarcopenia,
amputation, or diet. For example, consider a comparison between young adult men
and women, who differ in muscle mass. The same reduction in renal function may
not produce the same increase in serum creatinine in the two groups; conversely,
the absence of a difference between group means does not necessarily mean that

renal function is equivalent. A t test may reject or fail to reject the null hypothesis of
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equality between means, but it does not evaluate whether the inference from
creatinine to renal function uses an equally calibrated ruler across the conditions
represented by the groups. In this analogy, the configural level corresponds to
adopting serum creatinine as an indicator of renal function in both groups when the
same basic measurement architecture is assumed: renal function is linked to
serum creatinine, while group-related conditions such as muscle mass, age, sex,
and diet may affect how this link operates (of course, this is a didactic analogy: in
psychometric models a latent variable is not well identified with only one indicator).
The metric level then tests whether the same change in the latent factor
corresponds to similar changes in the observed indicator across groups (i.e.,
similarity of loadings). In the creatinine analogy, this would ask whether the same
change in renal function produces the same expected change in serum creatinine
across groups. Assuming equality of factor loadings, that is, comparable slopes in
the relation between the latent and the observed variables, the scalar level
concerns the origin of the scale, represented by the intercepts. In the analogy,
even if the relation between renal function and serum creatinine had the same
slope in both groups, the expected creatinine value at the same level of renal
function could still be shifted upward or downward for reasons not directly
attributable to renal function. This shift corresponds to a difference in the baseline
expected value of the observed values. In psychometric terms, equivalent changes
in motivation may produce similar changes in a given item (metric equivalence),
but the same latent level of motivation may correspond to different expected item
responses across groups (scalar non-equivalence). The strict level adds
equivalence of residuals. In the analogy, this would require that, in addition to the
same structure (configuration), relationship (slope), and baseline (intercept), the
unexplained part of the observed value be comparable across groups. If renal
function were treated as a latent variable in a psychometric model, measured
creatinine values could be compared directly as indicators of renal function only if
the data supported an equally calibrated measurement ruler across groups.
Otherwise, renal function should be compared between groups only to the level at

which its observed values showed measurement equivalence. This is a central
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contribution of psychometric modeling: while conventional group comparisons,
such as a t test, assume that the observed scores were generated by the same
measurement ruler, measurement invariance analysis makes this assumption
explicit and tests whether it is supported by the data.

The same reasoning applies to the EOAQ: in the current data, measurement
equivalence stopped at the configural level; therefore, observed or latent mean
comparisons were not pursued. Larger samples would clarify whether the
configural-only result reflects limited power and estimation instability, an
incomplete specification of the candidate models, or a true difference in the
measurement rule across groups. With more observations per group, the same
model-comparison procedure could provide more stable estimates of factor
loadings, intercepts, residual variances, and omega coefficients. It could also
determine whether the bifactor solutions retained here remain the most plausible
candidates, whether models currently classified as preliminary become admissible
at higher invariance levels, or whether specific items, such as Q5 or Q14, show
stable evidence of differential functioning.

Although the baseline variables summarized in Table 4 did not show
statistically detected differences between the two age-defined groups apart from
age itself, possible group heterogeneity is not, in itself, a problem for CFA or MG-
CFA. Invariance analysis exists precisely because groups may differ. What MG-
CFA tests is whether the same ruler can be used across groups, that is, whether
the measurement instrument remains sufficiently similar despite demographic or
clinical differences. In the present study, the age-defined groups were not used to
estimate the effect of age, menopausal status, or baseline clinical variables on
motivation for bariatric surgery. Because the selected bifactor models reached only
the configural level, group comparisons of observed or latent motivation means
were not pursued. If larger samples do not support stronger invariance levels, an
alternative would be to reconsider the organization of EOAQ items and test
whether another theoretically interpretable factor configuration provides a more

stable measurement rule, at least at the metric invariance level.
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This study is not intended to dictate the definitive structure of the EOAQ. Its
purpose is to demonstrate a systematic procedure that combines theoretical
restrictions with exhaustive testing within a predefined model space. The candidate
models were constrained by item content, interpretable domains of motivation, and
standard CFA families. Within this theoretically delimited space, all admissible
combinations were tested under explicit decision rules. The same procedure can
be reused in larger EOAQ samples or adapted to other psychometric instruments
in which the latent structure is uncertain.

Our core findings echo international research on obesity-related motivations
(Sarwer et al. 2018; Zomer et al. 2016), highlighting personal, social, and
healthcare factors. After exploring multiple models, the best fitting models reflected
the same structure: bifactor models with secondary factors (P, S, and H) plus a
general factor influencing the entire item set. In Brazil, body image holds significant
cultural importance, as evidenced by the high prevalence of cosmetic surgery and
body dissatisfaction among Brazilian individuals (Rodrigues et al. 2025).
Additionally, the psychosocial burden of obesity, including societal pressure and
employment discrimination, further reinforces patients’ motivations. This
sociocultural emphasis on appearance may amplify the social motivation for
bariatric surgery, influencing patients’ motivations for seeking surgery. Additionally,
healthcare accessibility and public health policies impact decision-making, as
Brazil’s Unified Health System (SUS) provides free bariatric surgery, albeit with
long waiting lists (Zomer et al. 2016). Patients often undergo extensive
bureaucratic processes before receiving surgical approval, which may help explain
why healthcare-related motivations emerged as a key factor in our model. The
present study contributes by showing how universal psychological factors may
interact with Brazilian-specific cultural and structural influences. Given the limited
research on this topic in Brazil, our study has addressed this gap and encourages
future investigations into long-term psychosocial outcomes, as well as comparisons
with other Latin American populations (Kelles et al. 2015).

Our proposed approach relies on its emphasis on thoroughly assessing a

broad range of models, in contrast with traditional frameworks that often overlook
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or fail to test alternative structures. Limiting model exploration in covariance
structure modeling carries risks, and specification searches should be approached
with caution. Evaluating too few models may cause researchers to miss viable
configurations. Scholars have argued that rigid adherence to cutoff values for fit
indices can be misleading, and that model evaluation should instead involve a
contextual examination of multiple models and fit criteria (Marsh et al. 2004).

Rather than testing multiple competing models, some researchers rely on
modification indices to adjust a limited number of underperforming models. This
practice may result in overfitting and statistically acceptable but theoretically
unsupported solutions (MacCallum 1986; MacCallum et al. 1992). Simulation
studies have warned against the uncritical use of specification searches without
theoretical justification and have shown that systematically evaluating a broader
range of models, especially when guided by an explicit analytical strategy, can
increase the likelihood of identifying well-fitting structures (Silvia and MacCallum
1988). Therefore, comprehensive assessment of diverse alternative models should
become standard practice in validating any new construct or measurement tool.

Researchers face a combinatorial challenge when searching for the best-
fitting model, especially when there is uncertainty about which items belong to
which factors. Manually exploring dozens of models is time-consuming, which
helps explain why only a limited number of models appear in the literature; the
sheer volume of results can complicate interpretation. However, as demonstrated
here with the EOAQ, using fit indices to rank multiple models and automating the
calculation of variations makes it feasible to evaluate numerous factor—item
combinations. In this context, model selection depends heavily on the choice of
evaluation indices.

We assessed both statistical and practical significance. Statistical plausibility
was determined using RMSEA and its associated p-close value. Practical
significance was examined through McDonald’s w, which can be interpreted as an
effect-size estimator because it represents the proportion of reliable variance
attributable to a factor. In the present study, however, w was used primarily as an

admissibility criterion for comparing candidate models: estimates outside the [0,1]
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interval were taken as evidence of numerical instability or inadmissible model
solutions. Factor loadings were also inspected, with values outside the [-1,1]
interval also treated as offending estimates. Because the present study aimed to
compare candidate structures constrained by the original two- and three-factor
organization of the EOAQ, rather than to dictate a definitive structure for the
instrument, w was not used to classify the retained factors as weak or strong
effects.

Potential limitations should be kept in mind when interpreting the results.
First, the sample of 137 female patients could limit the generalizability of the
findings to male patients or demographically and culturally diverse groups (Dimitrov
2010). Future studies could benefit from including a more diverse population with
an expanded sample size. Statistically speaking (Kyriazos 2018), small sample
sizes may lead to estimation instability, with recommendation of at least 200 for a
single group or 100 per group in multi-group CFA, but it could be solved with
Bayesian methods. Although our sample size falls below this general guideline,
many CFA models we tested for single- or multi-group analyses successfully
converged with acceptable fit indices. Second, there is no “gold standard”
instrument of a similar motivation construct available for its original English or
translated versions of the questionnaire to compare. Third, testing a combinatorial
set of structural models requires implementation in a computational environment;
however, the R implementation of the proposed approach is described step by step
and is available in the Supplementary Material.

In conclusion, this study presents a flexible framework that emphasizes the
value of a systematic approach to structural model comparison in CFA. In this
illustrative dataset, two bifactor solutions were identified as plausible candidates for
representing both general and domain-specific dimensions of motivation for
seeking treatment. The proposed CFA-based framework offers a replicable
strategy for comparing complex structural models when the dimensionality of a
construct is uncertain. This methodological approach allows the evaluation of

multiple competing models and may be adapted to other instruments and research
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contexts. The empirical findings regarding the EOAQ should be interpreted as

preliminary and require replication in larger and independent samples.
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