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Background The Burnout Assessment Tool (BAT) is a new burnout measure developed to replace the Maslach
Burnout Inventory (MBI). Studies have supported the psychometric properties and cross-cultural measurement
invariance of the BAT. However, some unresolved questions remain. These questions are the appropriate level of score
interpretation, convergent validity with the MBI, and measurement invariance using sample groups from countries

Methods We used a cross-sectional survey approach to obtain 794 participants from Australia (n=200), the
Netherlands (n=199), South Africa (n=197), and the United States (n=198). In brief, we used bifactor modelling to
investigate the appropriate score interpretation and convergent validity with the MBI. Hereafter, we used the Rasch
model and ordinal logistic regression to investigate differential item functioning.

Results The bifactor model showed a large general factor and four small group factors, which suggests calculating
and interpreting a general burnout score. This model further shows that the BAT and MBI measure the same burnout
construct but that the BAT is a more comprehensive burnout measure. Most items fit the Rasch model, and few

Conclusions Our results support the psychometric properties and cross-cultural measurement invariance of the BAT
in Australia, the Netherlands, South Africa, and the United States. Furthermore, we provide some clarity on the three

Keywords Bifactor modelling, Burnout, Burnout Assessment Tool, Differential item functioning, Maslach Burnout

Introduction

The Burnout Assessment Tool (BAT) is a new burnout
measure developed by Schaufeli et al. [61] to replace the
Maslach Burnout Inventory (MBI). A 23-item version—
the focus of our study—and a shorter 12-item version
exist. The BAT measures four burnout dimensions: (a)
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Exhaustion, (b) Mental Distance, (c) Cognitive Impair-
ment, and (d) Emotional Impairment (defined later in
the article). Research supports the psychometric proper-
ties and cross-cultural validity of the BAT—at least with
sample groups from Europe (e.g., [17])—meaning that
practitioners and researchers can use it to obtain burn-
out scores. However, some unresolved questions with
implications for the BAT exist. These questions are (a)
the appropriate level of score interpretation, (b) conver-
gent validity with the MBI, and (c) measurement invari-
ance for countries outside of Europe. We expand on these
questions and their importance below.
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The appropriate level of score interpretation

The BAT has two scoring options: a general (summated
total) burnout score or four dimension scores [61]. Sup-
port for these options comes from the fit of second-order
factor models (e.g., [72]), which operationalises the gen-
eral burnout factor as the shared variance between the
first-order factors (see [43]). However, this model might
not be the best approach to deciding which scores to
interpret because it can potentially lead to erroneous
conclusions about the viability of group factors [11]. Fol-
lowing Reise et al. [53], we believe that a bifactor model
and its associated unidimensional indices [55, 56] can
better determine appropriate score interpretation.

We know of two studies that have applied a bifactor
model to the BAT items, both of which argued in favour
of a general burnout score [16, 58]. However, they did not
report on all the unidimensional indices, making it dif-
ficult to determine which scores to calculate and inter-
pret. This uncertainty is a problem because using the
wrong scores can lead to a loss of statistical information
and interpretational ambiguity [22, 23, 73]. For example,
a summated Exhaustion score might reflect a combina-
tion with other three scales instead of just Exhaustion.
It is important to also examine dimensionality from the
perspective of predictive and incremental validity [22].
To our knowledge, no studies have investigated these
validities for the BAT general burnout and group scores.
Therefore, we also use Ferrando and Lorenzo-Seva’s [22]
external validity approach to clarify which scores to cal-
culate and interpret.

The convergent validity of the BAT with the MBI
Convergent and discriminant validity are important
sources of information on how one measure differs from
others [1]. Regarding the BAT, convergence with the MBI
will support its validity as a burnout measure. Discrimi-
nant validity will indicate that the BAT measures parts of
burnout that the MBI does not capture. Researchers usu-
ally use the multitrait-multimethod (MTMM) approach
to investigate convergent and discriminant validity [57].
Studies have supported these two validities for the BAT
and MBI (e.g., [4, 48, 58]). The MTMM approach is use-
ful but has limitations. One major limitation is conver-
gence problems when estimated via factor analysis [21].
Instead of using the MTMM approach, we employ a
bifactor model to investigate how much the items of the
two measures converge (e.g., [16]). From this perspective,
convergent and discriminant validity means that the BAT
and MBI items measure the same or different constructs
at the general factor and group levels (see [9, 39, 63]).

Measurement invariance of the BAT
Measurement invariance, or fairness, means that the
measurement properties of a measure are the same
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across groups, a requirement for cross-group score com-
parisons [10]. Studies generally support the cross-cul-
tural measurement invariance of the BAT (e.g., [17, 65]).
As of writing this article, de Beer et al. [17] have con-
ducted the most comprehensive measurement invariance
study. They found invariance with sample groups from
the Netherlands, Belgium, Germany, Austria, Finland,
Ireland, and Japan. Six of these countries are members
of the European Union. Speculatively, these countries
might share similar economic, political, and labour con-
texts that affect the meaning people attach to burnout
and how they respond to the BAT items (see [59]). We
use participants from Australia, the Netherlands, South
Africa, and the United States to understand further the
measurement invariance of the BAT items in three coun-
tries outside of Europe and to build on the results from
de Beer et al. [17].

Most BAT measurement invariance studies have
relied on second-order factor models (e.g., [17]). A sec-
ond-order model provides valuable information on the
invariance of relevant item parameters at different mea-
surement levels. However, its focus is on a measure-
ment model as a whole rather than the individual items.
Instead, we use differential item functioning from a
Rasch and ordinal logistic regression perspective because
it provides greater clarity and a more nuanced under-
standing of how each item functions across groups [28].
A benefit of using the Rasch model is that it also provides
information on the measurement properties of the BAT
items that cannot be obtained by factor analysis (e.g., [31,
49]).

Research questions

Against this background, we set out to determine (a)
the appropriate score interpretation and (b) the con-
vergent validity of the BAT with the MBI using bifactor
modelling, and (c) investigate differential item function-
ing of the BAT item scores across four countries using
the Rasch measurement model and ordinal logistic
regression.

The development of the BAT

The BAT is a 23-item measure of burnout developed by
Schaufeli et al. [61] to replace the MBI, the most used
and well-known burnout measure. They identified three
major problems with the MBI First, it has “conceptual,
technical and practical imperfections” (p. 7); second, it
“was developed almost forty years ago” (p. 7); and third,
it is a research rather than an assessment measure of
burnout. Schaufeli et al. [61] set out to reconceptualise
burnout and create a measure of this reconceptualisation.
They interviewed medical professionals and searched
through existing burnout measures to achieve these
objectives. Schaufeli et al. [61, 62] identified four core
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burnout symptoms, Exhaustion, Mental Distance, Emo-
tional Impairment, and Cognitive Impairment, and three
secondary dimensions, Psychological Distress, Psycho-
somatic Complaints, and Depressed Mood. We focus on
the four core symptoms in our study.

Exhaustion is the loss of physical and mental energy
[61] and is similar to the MBI's definition of “feelings
of exhaustion, in general” ([45], p. 40). Mental distance
refers to psychological distancing from work or people
at work [61], which is similar to Cynicism/Depersonali-
sation in the MBI, defined as “feelings of indifference or
a distant attitude towards work” ([45], p. 40). Emotional
and Cognitive impairment is unique to the BAT. The for-
mer is emotional reactions, such as frustration and irri-
tability, brought on by burnout; the latter is “memory
problems, attention and concentration deficits and poor
cognitive performance” ([61], p. 27).

The dimensionality of the BAT
Dimensionality refers to the number of latent factors
summarising the common variance in item responses
[10]. The BAT has four theoretical dimensions. Research
supports these four dimensions. For example, Schaufeli
et al. [61] found four components in the BAT item cor-
relation matrix using the eigenvalue greater than one and
scree test criteria, and Consiglio et al. [14] found four
components with eigenvalues greater than one. Some
studies compare the fit of alternative models, such as a
correlated factor model and second-order model, to a
one-factor model. Schaufeli et al. [61, 62] found that
these two models fit better than a one-factor model.
Other studies concluded that a second-order model fits
best (e.g., [4, 30, 48, 72]). A second-order model implies
that the four BAT dimensions are correlated and that a
higher-order general burnout factor explains these cor-
relations (e.g., [11]). In this model, the group factors
mediate the relationship between the second-order fac-
tor and items because the items do not directly load on
the general factor. In contrast, a bifactor model places the
general and group factors on the same hierarchical level.
Therefore, it decomposes item variance between general
and group factors instead of through group factors [11].
We know of two studies that applied a bifactor model
to the BAT items. Sakakibara et al. [58] found that the
general factor accounted for 70% of the common vari-
ance in their sample from Japan. Inspection of their pat-
tern matrix shows that item EX2 had a negligible general
factor loading, with only 36% of the item common vari-
ance explained by the general factor. The Mental Dis-
tance, Cognitive, and Emotional Impairment items were
also almost entirely dominated by the general factor. De
Beer et al. [16] found that a bifactor model best fit the
data for their South African sample. They do not report
the percentage of common variance the general factor
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explains. However, using their pattern matrix, we calcu-
lated that this factor accounted for 64% of the common
variance. As with Sakakibara et al. [58], item EX2 had a
negligible factor loading. These two studies suggest that
the general factor explains most item variance.

Rasch model applied to the BAT

The Rasch model is a probabilistic model that indicates
if items adhere to fundamental measurement proper-
ties. These properties mean that items can be summed
[8]. Hadzibajramovi¢ et al. [31] applied the unidimen-
sional Rasch model to the BAT items with data from
the Netherlands and Flanders. Regarding dimensional-
ity, principal components analysis of the standardised
Rasch residuals and the residual correlation matrices
showed evidence for more than one dimension in the
item responses, implying that there are possibly multiple
dimensions. Their result supported the BAT’s five-point
response scale and showed that most items fit the model.
Only three items, EX7, MD2, and EI3, did not adequately
fit the model. Sinval et al. [65] used the multidimensional
Rasch model with data from Brazil and Portugal. Most
items, except for EX2, MD2, MD5, and CI2, fit the model.
Both studies also found that the Exhaustion and Mental
Distance items required less of the trait to endorse than
the Emotional and Cognitive Impairment items.

The convergent validity of the BAT and MBI scale scores
Correlation coefficient matrices in existing studies show
that the BAT Exhaustion and Mental Distance scale
scores have the strongest linear relationships with the
MBI Exhaustion and Cynicism scale scores ([4, 48, 58]).
Studies using the multitrait-multimethod (MTMM)
approach have concluded that the BAT and MBI have
convergent validity. However, this conclusion must be
cautiously treated because it is based on nested models.
The BAT and MBI method factors typically correlate
above 0.80 ([14, 16, 58, 61]), which suggests that they
share a large proportion of method and trait variance
(e.g., [44]) with little unique variance at the factor level
[61].

Measurement invariance of the BAT

Research suggests that burnout is a typical response to
demands and resources regardless of the country, but
that cross-cultural differences exist in the experience and
possible antecedents of burnout (e.g., [6, 46, 50, 59]). In
this regard, Rattrie et al. [52] found that the relationship
between workplace demands and burnout differed across
some of Hofstede’s cultural dimensions. Similarly, Fish et
al. [24] suggest that cultural differences, such as individu-
alism or collectivism, might explain the experience and
consequences of burnout. Commenting on cross-coun-
try differences, Schaufeli [60] writes that “even within
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Western culture ‘burnout’ can mean different things in
different countries, ranging from mild psychological dis-
tress to a medically diagnosed incapacity to work” (p.
124).

Cultural differences can introduce irrelevant vari-
ance or bias from a measurement perspective, render-
ing score comparisons meaningless [66] unless research
shows measurement invariance for a particular measure.
Research supports the measurement invariance of the
BAT second-order model across different cultural groups
[17, 65]. However, as previously mentioned, these studies
focused on the model, whereas we are interested in bias
in the items.

Summary

The BAT is a new burnout measure that has shown good
psychometric properties. However, some unresolved
questions remain. These questions are (a) the appropriate
level of score interpretation, (b) its convergent validity
with the MBI, and (c) measurement invariance in coun-
tries outside of Europe.

Method

Participants

We obtained 800 responses to the BAT and MBI between
2020 and 2022 using non-probability sampling. We
removed six participants who failed the attention check
questions or did not consent for us to use their data
(see the Online Supplement for more information). The
final sample consisted of 794 participants from Aus-
tralia (7=200), the Netherlands (7=199), South Africa
(n=197), and the United States (#=198). The mean age of
the participants was 30.09 (median=28, standard devia-
tion=9.47) and ranged from 18 to 72 years. Most of the
participants identified as a woman (#=497, 62.60%), fol-
lowed by man (n=276, 34.80%) and non-binary (n=16,
1.90%) identification. The participants generally had
full-time (n=502, 63.20%) or part-time (n=259, 32.60%)
employment. Employed participants indicated that
they worked from both their home and office (n=288,
36.30%), the office exclusively (n=36.30%), home exclu-
sively (n=154, 19.40%), or had some other work arrange-
ment (n=38, 4.80%). The participants worked for 34 h
on average (median=38, standard deviation=12.79) and
approximately 4.53 days (median=5, standard devia-
tion=1.17) per week.

Procedure

We placed the questionnaires on Google Forms and used
Prolific—an online research platform—to obtain partici-
pants. The inclusion criteria to participate were that par-
ticipants resided in one of the four countries, were older
than 18 years, and currently worked or had had at least
one job. Participants were invited via Prolific to complete
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a biographical information section, the BAT, and the
MBI. The participants were paid approximately £2.60
(3$) for completing the questionnaires. We included
four attention-check questions to screen out potentially
invalid responses.

Instruments

Participants completed the 23-item BAT and the 16-item
MBI General Survey. The MBI consists of three scales:
Exhaustion, Cynicism, and Professional Efficacy. Stud-
ies support the psychometric properties of the MBI in
Australia [29, 38], the Netherlands [5, 64], South Africa
[18, 69], and the United States [7, 25]. We included three
single-item questions in the biographic questionnaire to
measure job complexity, satisfaction, and turnover inten-
tions. The job complexity and satisfaction items had a 1
to 10 rating scale from 1=not at all complex to 10=very
complex and 1=not at all satisfied to 10=very satisfied.
Lastly, we used a dichotomous yes or no response format
to measure turnover intentions.

Data analysis

Correlation coefficients and reliability coefficients

We used Pearson and distance correlation coefficients
to investigate the linear and non-linear relationships
between the BAT and MBI scale scores using the Hmisc
version 4.6-0 [34] and energy version 1.7-9 [54] pack-
ages in R version 4.1.2 [51]. We also calculated the mul-
tiple correlation coefficient with each respective BAT or
MBI scale as the dependent variable and the MBI or BAT
scales as the independent variables. Cronbach’s alpha and
omega total reliability coefficients were calculated using
the MBESS version 4.9.0 [36] package.

Dimensionality and convergent validity

We investigated dimensionality using the empirical Kai-
ser criterion, parallel analysis of components, and the
hull method in the EFAfools package version 0.4.0 [68].
We added resampling to determine consistency [27]. Sev-
eral options are available for analysing a bifactor struc-
ture. An important consideration is a confirmatory or
exploratory estimation (see [26, 53]). Confirmatory mod-
els typically constrain factor loadings so that an item has
two non-zero loadings, one on the general factor and one
on the group factor. Cross-loadings are constrained to
zero. Exploratory models relax the constraint on cross-
loadings so that a general factor and multiple group fac-
tors influence items [53].

We used an exploratory orthogonal target-rotated
bifactor model with a pre-specified target matrix for
three reasons. First, exploratory models allow research-
ers to identify inadequate model fit directly. Second, forc-
ing zero cross-loadings can lead to biased factor loading
estimates [53]. Third, we were interested in examining
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the cross-loadings between the BAT and MBI to under-
stand better how the scales converge. We estimated the
model using unweighted least square estimation in the
EFAutilities package version 2.1.1 [76] using polychoric
correlation for the BAT Combined Sample and Pearson
correlation coefficients for the country samples and the
combined BAT and MBI items. We opted for Pearson
correlation coefficients to prevent biased estimation due
to small sample sizes or too many empty cells in the con-
tingency tables (see [42]).

We investigated the factor sizes and replicability using
the explained common variance (ECV), coefficient
omega hierarchical and subscale, relative omega, and
coefficient H. The ECV is the proportion of common
variance in each factor, with a general factor ECV>0.70
or 0.80 indicating essential unidimensionality [55]. Coef-
ficient omega hierarchical is the proportion of reliable
variance in each factor. Relative omega is the ratio of
coefficient omega hierarchical to coefficient omega total,
which indicates the proportion of reliable variance in
each factor after controlling for the other factors [20, 55].
Coefficient H indicates the construct replicability of each
factor, with a value>0.80 indicating replicability [33, 55].
We then calculated the item-explained common variance
(I-ECV) and absolute relative bias. The former indicates
the proportion of variance in each item explained by
the general factor, and the latter indicates the difference
between factor loadings from a one-factor model and the
general factor [70]. An absolute relative bias>10-15%
indicates potential multidimensionality [55]. However,
this bias is small when the ECV and percentage uncon-
taminated correlation coefficients (PUC) are >0.70' [56].
We used the BifactorindicesCalculator package version
0.2.2 [19] to calculate the bifactor indices.

We investigated the added value of multiple factor
score estimates using Ferrando and Lorenzo-Seva’s ([23],
p- 257, formula 18) weighted proportional reduction in
mean square errors. Hereafter, we investigated dimen-
sionality based on the incremental variance in prediction
using job complexity, satisfaction, and turnover inten-
tions as the external variables ([22], p. 444). Both analyses
were conducted in the Factor software version 12.01.02
[41] with unweighted least squares estimation and an
oblique target rotation. Polychoric or Pearson correlation
coefficients were used as input and 95% bias-corrected
and accelerated confidence intervals were obtained using
1000 bootstrapped samples.

Rasch model and differential item functioning
We investigated the fit of the BAT items to the Rasch
Rating Scale model in Winsteps version 5.2.20 [40]. This

! The PUC for the 23 BAT items and 39 BAT and MBI items are 0.77 and
0.87.
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model is a polytomous extension of the dichotomous
model [3]. We first investigated the suitability of the BAT
five-point response format with category threshold func-
tioning. Then we used principal components analysis
of standardised residuals [67] and Yen’s expected value-
adjusted Q3 statistic [75] to investigate dimensionality.
We calculated the mean eigenvalue of the first and sec-
ond principal components using 1000 simulations to
obtain empirical cut-off values for multidimensionality.
An adjusted Q3 correlation coefficient > |0.30| indicated
multidimensionality (see [13]). We investigated the fit of
the items to the Rasch model with infit and outfit mean
square statistics, which are chi-square statistics divided
by their degrees of freedom. The expected value of these
statistics is 1.00. We considered an item to have an inad-
equate fit when its 95% bias-corrected and accelerated
confidence interval did not include 1.00. The coxed pack-
age version 0.3.3 [37] was used to obtain these confidence
intervals based on 1000 resamples. We were only con-
cerned with infit or outfit mean square statistics>1.00
because this value means that an item contains unmod-
elled noise [74].

After fitting the Rasch model, we investigated differen-
tial item functioning (DIF) using ordinal logistic regres-
sion [15] with the lordif package [12] (version 0.3-3). The
Rasch person measures served as the conditioning vari-
able. This DIF approach compares three models repre-
senting a baseline (Model 1), uniform DIF (Model 2), and
non-uniform DIF (Model 3). We first compared the fit of
model 1 and model 3 with a likelihood-ratio test to obtain
an overall DIF effect size. Hereafter, we determined if the
DIF was non-uniform or uniform [12, 15]. We set statisti-
cal significance to p<.001 instead of p<.05 to account for
Type-1 errors [77]. The change in Nagelkerke’s pseudo
R?* across the three models indicates the DIF effect size
(see [12]). The DIF effect labels of Jodoin and Gierl [35]
determined the DIF size: Negligible (R*=0.035), moder-
ate (R*=0.070), and large (R*>>0.075). We first investi-
gated DIF by comparing one country to the combined
responses from all other countries. Hereafter, we investi-
gated DIF for each pair-wise country comparison.

Ethical considerations

The Department of Industrial Psychology and People
Management research ethics committee at the University
of Johannesburg provided ethical clearance for our study
(IPPM-2020-471). Participants received information
about the study’s purpose, how we planned to use their
data, what information we required, and our intention
to include anonymised item responses on the Open Sci-
ence Foundation website. The consent asked participants
to provide consent for us to include their data in the
study and online. After completing the questionnaires,
we again asked the participants to provide their consent
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Table 1 Pearson Correlation, Distance, and Multiple Correlation Coefficients for the BAT and MBI Scale Scores

Scale 1 2 3 4 5 6 7 8 9
1. BAT Exhaustion 0.83 0.53 0.50 047 0.80 0.54 0.24 0.73
2. Mental Distance 0.58 0.81 047 043 0.57 0.75 038 0.72
3. Cognitive Impairment 0.57 0.52 0.61 043 048 047 0.38 0.52
4. Emotional Impairment 0.52 048 049 0.55 . 047 042 0.28 049
5. BAT Total . . . . 0.85 0.77 0.70 0.39 0.81
6. MBI Exhaustion 0.83 0.62 0.53 0.51 0.80 0.85 0.63 0.24
7. Cynicism 0.57 0.79 0.50 0.46 0.72 0.67 0.80 0.37
8. Professional Efficacy -0.26 -040 -0.39 -0.30 -041 -0.24 -0.37 0.46 0.32
9. MBI Total 0.77 0.77 0.57 0.53 0.83 -0.33 0.87

Note. Pearson correlation coefficients below the diagonal and distance correlation coefficients above the diagonal. Multiple correlation coefficients on the diagonal

in bold. MBI Total does not include Professional Efficacy items

Table 2 Recommended Number of BAT Factors or Components to Extract

Sample EKC % Parallel % Hull %
Combined 4 99 4 100 5 58
Australia 3 52 3 63 4 31
Netherlands 3 52 4 77 1 58
South Africa 3 62 3 78 1 30
United States 4 59 4 91 4 29

Note. EKC=empirical Kaiser criterion, Parallel=parallel analysis of components, Hull=Hull method. Values under % indicate consistency for each technique (1000

bootstrap samples used)

if they changed their minds. Participants were still paid
if they changed their consent. We provide a link to the
Open Science Foundation in the Online Supplement for
researchers who want to access the anonymous data.

Results

Descriptive statistics, reliability, and correlation
coefficients

The BAT scale score descriptive statistics are available
in the Online Supplement. The participants scored the
highest on the BAT Exhaustion subscale (mean=2.96)
and lowest on the Emotional Impairment subscale
(mean=1.95). Coefficient alpha (mean=0.85) and omega
total (mean=0.86) reliability coefficients were >0.80 for
all four scale scores. Table 1 presents Pearson, distance,
and multiple correlation coefficients. The BAT Exhaus-
tion and Mental Distance scale scores had the largest
linear relationships with the MBI Exhaustion (r=.83 and
r=.62) and Cynicism (r=.57 and r=.79) scale scores, sug-
gesting that these scales measure similar constructs.

Dimensionality

Table 2 presents the recommended number of compo-
nents or factors to extract from the BAT item correlation
matrix. The empirical Kaiser criterion (99% consistency)
and parallel analysis (100% consistency) suggested
extracting four components, with the first linear combi-
nation in the item correlation matrix explaining 39.91%
of the total variance. The Hull method suggested extract-
ing five factors (58% consistency). The results for each
country were less consistent, likely due to the smaller

sample sizes, with one to four components or factors
suggested.

Table 3 shows statistically significant factor load-
ings (p<.001) in the bifactor pattern matrix. The pat-
tern matrix supports a large general factor with four
smaller group factors (see Table 4). The general factor
explained most of the variance in the BAT Exhaustion
(mean=0.65), Mental Distance (mean=0.61), and Cog-
nitive Impairment (mean=0.58) items. Seven items had
[-ECV<0.50, with item EX2 showing the lowest I-ECV
and general factor loading (A=0.06). Results for each
country were similar, except that item EX2 had a stron-
ger general factor loading in Australia (A\=0.31) and the
Netherlands (A=0.36).

Table 4 shows the bifactor model indices. The general
factor explained 59% of the common variance. The group
factors' explained variance ranged from 7 to 12%. Coef-
ficients omega hierarchical and relative were 0.82 and
0.85, respectively. The general factor was the only well-
defined factor with a coefficient H of 0.94. We found
similar results to those reported above for each country.
One noticeable difference is the explained common vari-
ance of the general factor and coefficient omega hierar-
chical of 0.49 and 0.75 in the United States. There was a
22% bias between the combined sample’s unidimensional
and general factor loading. However, it appeared that
item EX2 was mostly responsible for this bias because of
its small general factor loading. The bias was 10% after
removing this item. Similar results occurred for each
country. In the United States sample, removing item EX2
reduced the mean bias from 51 to 10%. The proportional
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Table 3 Target Rotated Bifactor Model and Item Explained Common Variance

Item General Exhaustion Mental Cognitive Emotional FECV
EX1 0.65 047 . . . 0.65
EX2 . 0.69 . . 012 0.01
EX3 0.67 043 . . . 0.71
EX4 0.54 040 . -0.19 0.10 0.59
EX5 0.75 . . . -0.11 0.93
EX6 0.72 0.24 . 0.14 . 0.87
EX7 0.68 038 . . . 0.75
EX8 0.70 048 . . . 0.67
MD1 0.85 . 0.26 . -0.18 0.88
MD2 0.57 . . . . 0.85
MD3 049 . 0.64 . 012 0.34
MD4 0.59 -0.13 0.53 . . 0.55
MD5 048 . 049 0.13 . 045
an 0.67 . . 0.53 -0.08 0.61
Cl2 0.68 0.10 . 0.54 . 0.60
ci3 0.67 . . 0.60 . 0.55
Cl4 0.69 . . 0.65 . 0.53
Cl5 0.55 . . 041 0.21 0.59
ENn 0.55 . . . 0.61 044
EI2 0.53 . . . 0.60 043
EI3 046 . . . 047 047
El4 0.66 . . . 043 0.69
EI5 045 . . . 0.70 0.29

Note. EX=BAT Exhaustion, MD=Mental Distance, Cl=Cognitive Impairment, El=Emotional Impairment, General=General Factor, Exhaustion=BAT Exhaustion,
Mental=Mental Distance, Cognitive=Cognitive Impairment, Emotional=Emotional Impairment, I-ECV=item explained common variance. Shown factor loadings
are statistically significant at p<.001. Item explained common variance>0.50 are given in bold

Table 4 Bifactor Indices for the Target Rotated Bifactor Models

Sample Index General Factor Exhaustion Mental Cognitive Emo-
tional
Combined ECV 0.59 0.11 0.07 0.11 012
Wy, 0.82 0.29 0.28 038 047
Wrel 0.85 030 029 040 048
H 0.94 0.69 0.60 0.69 0.72
Australia ECV 0.62 0.11 0.06 0.12 0.09
w, 0.85 0.28 0.22 0.38 0.34
Wel- 0.88 0.29 023 040 0.36
H 0.94 0.65 0.53 0.70 0.62
Netherlands ECV 0.60 0.09 0.09 0.12 0.10
Wy, 0.85 0.14 033 039 041
Wl 0.89 0.14 035 041 043
H 093 051 0.57 0.68 0.66
South Africa ECV 0.60 0.12 0.06 0.11 012
w, 0.81 0.30 0.14 0.34 048
Wel- 0.85 031 0.15 035 0.51
H 0.94 0.64 046 0.63 0.67
United States ECV 049 0.14 0.10 0.14 0.14
Wy, 0.75 0.34 039 048 0.53
Wl 079 036 041 051 0.56
H 091 0.71 0.65 0.74 0.74

Note. EX=BAT Exhaustion, MD=Mental Distance, Cl=Cognitive Impairment, El=Emotional Impairment, General=General Factor, Exhaustion=BAT Exhaustion,
Mental=Mental Distance, Cognitive=Cognitive Impairment, Emotional=Emotional Impairment. ECV=explained common variance, w,=coefficient omega
hierarchical, wg,.=relative omega, H=construct replicability
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reduction in mean square errors suggested multidimen-
sionality, with the group factors showing incremen-
tal validity in the prediction of Satisfaction (rggerence =
0.50) and Complexity (7igerence = 0-40) but not Turnover
(" gifference=-0.01). The Online Supplement provides more
detailed information on these results.

Convergent validity

As previously mentioned, we use the term convergent
and discriminant validity to mean the extent to which
the BAT and MBI items load on general or group factors.
Before running a bifactor model, we combined the two
questionnaires to investigate how many components or
factors best describe their combined structure. The two
questionnaires should have seven dimensions if they are
not measuring something in common. The empirical
Kaiser criterion (100% consistency) and parallel analysis
(89% consistency) recommended extracting five compo-
nents, with the first linear combination in the item cor-
relation matrix explaining 37.45% of the total variance.
Therefore, the two questionnaires appear to have some
similarities. The Hull method suggested extracting one
factor, but the consistency was only 38%. We found simi-
lar results for each country.

We then proceeded with a bifactor model with the tar-
get matrix specifying one general factor and seven group
factors. The Professional Efficacy items were reverse-
scored for this analysis to remove the negative sign on
the general factor. Table 5 presents the bifactor pattern
matrix’s statistically significant factor loadings (p<.001).
Bifactor indices are available from the Online Supple-
ment. The results support the presence of a general fac-
tor with five instead of seven group factors. The BAT and
MBI Exhaustion items formed one factor, and the general
factor completely dominated the BAT Mental Distance
and MBI Cynicism items. The Cognitive Impairment,
Emotional Impairment, and Professional Efficacy items
had the most well-defined group factors. We found simi-
lar results to those reported above for each country.

Rasch rating scale model

Category thresholds

Table 6 presents the response category summary sta-
tistics. The observed average logits (minimum = -2.10,
maximum=1.27), indicating the average person measure
in each response category, and Rasch-Andrich thresholds
(minimum = -2.13, maximum=1.94), indicating the trait
coverage of the response options, increased monotoni-
cally. There was also no unsatisfactory fit to the model for
each category. The results were similar for each country.

Item locations and fit statistics
Table 7 presents the Rasch item location and item fit sta-
tistics, with a Wright map of these locations available
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in the Online Supplement. The item locations ranged
from -1.21 to 1.42. We calculated the mean of the item
logits for each scale, which showed that the Exhaus-
tion (mean=-0.71) and Mental Distance (mean=-0.05)
items were the easiest to endorse, and the Cognitive
Impairment (mean=0.20) and Emotional Impairment
(mean=0.99) items the most difficult items to endorse.
Items EX2, MD2, MD3, and MD5 had a poor fit to the
Rasch model. We provide item characteristic curves for
these items in the Online Supplement. Item EX2 consis-
tently showed the worst fit with an infit and outfit mean
square of 1.63 and 1.78 in the combined sample. It’s fit to
the model was particularly poor in South Africa, with an
infit and outfit mean square of 2.04 and 2.29. The Mental
Distance items also consistently showed poor fit across
the four countries.

Rasch dimensionality

The first component of the standardised residual matrix
had an eigenvalue of 3.25 and explained 14.10% of the
residual variance. This eigenvalue is larger than the simu-
lated eigenvalue of 1.36 from data that fit the model. This
component contrasted the Exhaustion items with the
Cognitive Impairment items. These contrasting items had
a disattenuated correlation coefficient of r=.63. The sec-
ond component had an eigenvalue of 2.79 and explained
12.10% of the residual variance. As with the first com-
ponent, this eigenvalue was larger than the simulated
eigenvalue of 1.30. The disattenuated correlation coeffi-
cient between the contrasting items on this component
was r=.68. Yen's Q3 coefficient showed non-negligible
local dependence in 41 (16%) item pairs. The Cognitive
(mean=0.37) and Emotional Impairment (mean=0.25)
items had the most local dependence.

Differential item functioning

After fitting the unidimensional Rasch model, we inves-
tigated DIF using the Rasch person measures as the
trait score. Table 8 presents the x2 difference test p val-
ues and change in Nagelkerke R* between Model 1 (no
DIF) and Model 3 (total DIF). The full results are in the
Online Supplement. Ten items, two in the Netherlands,
seven in South Africa, and one in the United States, had
statistically significant DIF. These items are EX2 (twice),
EX3, MD3, CI1, CI2, CI3, CI4 (twice), and EI3. All of
these items showed uniform rather than non-uniform
DIF. However, only items EX2 and MD11 in South Africa
had non-negligible DIF effect sizes. There was little DIF
between Australia, the Netherlands, and the United
States. Regarding South Africa, the following items
showed statistically significant DIF: Australia and the
United States=EX2 and MD3, the Netherlands=EX2,
MD3, CI1, and CI4. Items EX2 and MD3 had the largest
DIF effect size.
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Table 5 Target Rotated Bifactor Model and Item Explained Common Variance for the BAT and MBI ltems

G BEX MD Cl El MEX cYy PE I-ECV

BEX1 0.63 0.34 . . . . . . 0.68
BEX2 0.16 0.57 . . . . . . 0.06
BEX3 0.65 0.28 . . . 0.25 . . 0.74
BEX4 0.54 0.37 . -0.14 . . . . 0.59
BEX5 0.71 . . . . . . . 0.82
BEX6 0.68 0.22 . 0.18 . . . . 0.84
BEX7 0.67 0.35 . . . . . . 0.73
BEX8 0.66 0.33 . . . 0.32 . . 0.66
MD1 0.80 . . . -0.10 . . . 0.82
MD2 0.51 . . . . . . . 0.79
MD3 0.60 . . -0.19 . . . . 0.71
MD4 0.63 . . . . . . . 0.78
MD5 0.61 . 0.36 . . . . . 0.66
(@) 0.57 . . 0.58 . . . . 048
Cl2 0.60 . . 0.56 . . . . 0.52
ci3 0.58 . . 0.61 . . . . 047

Cl4 0.59 . . 0.68 . . . . 043

cl5 046 . . 042 0.22 . . . 0.46
En 045 . . . 0.62 . . . 0.34
EI2 044 . . . 0.56 . . 0.1 037
EI3 044 . . . 043 . . . 0.50
El4 0.60 . . . 0.40 . . . 0.68
EI5 040 . . . 0.66 . . . 0.26
MEX1 0.74 0.19 . . . 0.46 . -0.08 0.67
MEX2 0.71 0.20 . . . 0.44 . -0.12 0.67
MEX3 0.79 . . . . 0.30 . . 0.84
MEX4 0.75 0.17 . . . 0.29 . . 0.82
MEX5 0.75 0.21 . . . 0.36 . -0.10 0.74
CY1 0.75 . . . . . . . 0.68
Cy2 0.77 . . . -0.10 . . . 0.70
CY3 043 . . . . . . -0.25 0.68
CY4 0.71 . 045 . . . . . 0.65
CY5 0.68 -0.18 . . . . . 0.19 0.69
PE1 . 0.15 . . 0.17 . . 0.52 0.03
PE2 0.40 . . . . . . 0.58 0.30
PE3 0.18 0.13 . 0.17 . . . 0.67 0.06
PE4 0.38 -0.31 . . . . . 045 0.31

PE5 0.44 -0.31 . . . . . 0.57 0.30
PE6 0.25 0.16 . 0.22 . . . 0.69 0.10

Note. BEX=BAT Exhaustion, MD=Mental Distance, Cl=Cognitive Impairment, El=Emotional Impairment, MEX=MBI Exhaustion, CY=Cynicism, PE=Professional
Efficacy, G=General Factor, I-ECV=item-explained common variance. Shown factor loadings are statistically significant at p<.001. Item explained common
variance>0.50 are given in bold

Table 6 Item category response function Discussion

Observed  Expected Infit Outfit Andrich Our study investigated (a) the appropriate level of score
Never -2.10 203 095 096 . interpretation of the BAT, (b) its convergent validity with
Rarely -1.06 111 104 099 213 the MBI from the perspective of bifactor modelling, and
Sometimes  -0.33 033 096 100 061 (c) cross-country differential item functioning. We dis-
Often 036 038 102 103 0.79 cuss the results for these questions below and then pres-
Always 127 1.29 108 114 1.94 ent some implications and recommendations for using

Note. Observed=average observed logit, Expected=average model expected the BAT.
logit, Andrich=Rasch-Andrich Thresholds



Redelinghuys et al. BMC Public Health (2023) 23:824 Page 10 of 14

Table 7 Rasch Item Locations and Fit Statistics

Item Location SE Infit Zinsit Outfit Zoutiit
EX1 -0.84 0.04 0.63[0.53,0.75] -8.96 0.68 [0.55,0.91] -7.57
EX2 -1.21 0.04 1.63 [1.40, 1.89] 9.90 1.78 [1.46, 2.20] 9.90
EX3 -0.80 0.04 0.85[0.73,0.98] -3.29 0.84[0.72, 0. 96] -341
EX4 -0.40 0.04 1.05[0.88, 1.21] 0.99 1.04[0.88, 1.19] 0.79
EX5 -0.85 0.04 0.89[0.75, 1.05] -247 0.89[0.75, 1.04] -2.36
EX6 -0.16 0.04 0.81[0.67,0. 94] -4.30 0.80 [0.66, 0. 93] -4.52
EX7 -0.31 0.04 0.79[0.69, 0.90] -4.79 0.7810.67,0.89] -4.97
EX8 -1.14 0.04 1[0.70,0.93] -4.37 0.80[0.70,0.92] -4.45
MD1 -0.46 0.04 0.90[0.79, 1.05] -2.22 0.89[0.78,1.03] -2.27
MD2 -0.27 0.04 1.37[1.20, 1.54] 6.84 1.39[1.23, 1.59] 7.26
MD3 0.27 0.05 1.34[1.14,1.57] 6.26 1.39[1.16, 1.65] 7.05
MD4 0.14 0.05 1.13[0.97,1.33] 2.50 1.13[0.98, 1.34] 2.66
MD5 0.06 0.05 1.38[1.18, 1.56] 6.98 1.42[1.21, 1.65] 7.59
(@) -0.21 0.04 0.881[0.79,1.02] -247 0.87[0.77,0.98] -2.82
Cl2 0.19 0.05 0.69[0.61,0. 80} -7.10 0.681[0.61,0.77] -7.27
ci3 0.33 0.05 0.78[0.66,0.91] -4.96 0.76 [0.67,0.89] -5.21
Cl4 0.14 0.05 0.77[0.70,0.88] -5.00 0.76 [0.69, 0.87] -5.23
cl5 0.55 0.05 0.78[0.67,0.9] -4.70 1[0.68,0.93] -4.05
En 1.25 0.05 1.03 [0.89, 1.25] 0.66 0.98[0.84, 1.16] -0.31
EI2 142 0.05 1.281.08, 1 49} 4.90 1.18[0.98, 1.39] 293
EI3 0.15 0.05 1.18[0.99, 1.36] 3.58 1.18[1.00, 1.37] 3.51
El4 1.04 0.05 1.05[0.91,1.21] 0.93 0.97[0.85,1.11] -0.58
EI5 1.09 0.05 1.22[1.03,1.38] 4.06 1.19[1.00, 1.39] 3.27

Note. EX=BAT Exhaustion, MD=Mental Distance, Cl=Cognitive Impairment, El=Emotional Impairment, SE=standard error of the location. 95% bias-corrected and
accelerated confidence intervals in parentheses (1000 samples). Infit and outfit mean squares showing underfit in bold

Table 8 Total differential item functioning Model 1 versus Model 3

X’ difference test p values Change in Nagelkerke R?
Item Australia Netherlands South Africa United States Australia Netherlands South Africa United States
EX1 0.080 0018 0.734 0.191 0.00 0.01 0.00 0.00
EX2 0.040 0.000 0.000 0.350 0.01 0.02 0.08 0.00
EX3 0.045 0.107 0.000 0.746 0.00 0.00 0.01 0.00
EX4 0.605 0.120 0.059 0.543 0.00 0.00 0.01 0.00
EX5 0.240 0.004 0.298 0.846 0.00 0.01 0.00 0.00
EX6 0.840 0.747 0.668 0.573 0.00 0.00 0.00 0.00
EX7 0.991 0467 0210 0.081 0.00 0.00 0.00 0.00
EX8 0.239 0.681 0914 0472 0.00 0.00 0.00 0.00
MD1 0.307 0.875 0.016 0480 0.00 0.00 0.01 0.00
MD2 0.226 0.750 0.004 0.094 0.00 0.00 0.01 0.01
MD3 0.128 0.003 0.000 0.058 0.00 0.01 0.04 0.01
MD4 0318 0.040 0.963 0.438 0.00 0.01 0.00 0.00
MD5 0.897 0.050 0.005 0467 0.00 0.01 0.01 0.00
ch 0.184 0.002 0.000 0.872 0.00 0.01 0.02 0.00
[@p] 0.775 0.006 0.000 0.192 0.00 0.01 0.01 0.00
Ci3 0814 0.010 0.000 0.794 0.00 0.01 0.01 0.00
Cl4 0.645 0.000 0.000 0.885 0.00 0.01 0.02 0.00
cl5 0435 0.594 0.204 0.922 0.00 0.00 0.00 0.00
El 0977 0.648 0.867 0429 0.00 0.00 0.00 0.00
EI2 0.301 0.979 0.534 0.620 0.00 0.00 0.00 0.00
EI3 0.183 0.025 0.033 0.001 0.00 0.01 0.01 0.01
El4 0.065 0.705 0.530 0.004 0.00 0.00 0.00 0.01
EI5 0.229 0.591 0.703 0.900 0.00 0.00 0.00 0.00

Note. EX=Exhaustion, MD=Mental Distance, Cl=Cognitive Impairment, El=Emotional Impairment. p values<0.005 and R? change values>0.035 are in bold
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Appropriate level of score interpretation
The BAT has two scoring options: a general (or total)
burnout score or four dimension scores [61]. We first
investigated the major number of dimensions. Similar to
Schaufeli et al. [61] and Consiglio et al. [14], our results
support four major dimensions. However, the large inter-
scale correlation coefficients suggest a general factor. The
bifactor model showed that the general factor accounted
for more than half of the common and reliable variance
and explained more variance in the Exhaustion and Men-
tal Distance than the Cognitive and Emotional Impair-
ment items. This result suggests that the two latter scales
have unique variance not shared with the other scales.
Results from Hadzibajramovi¢ et al. [31] and our Rasch
analysis support this suggestion. The proportional reduc-
tion in mean-squared error and external variable analyses
also suggested that group factors are warranted.
Regarding the appropriate level of score interpreta-
tion, our results, combined with those from Sakakibara
et al. [58] and de Beer et al. [16], suggest calculating and
interpreting a general burnout score. However, it might
be useful to calculate group scores, particularly for Cog-
nitive and Emotional Impairment, if a more nuanced
understanding of the general burnout score is desired
(see [61]). That said, the reliabilities of the group scores
after controlling for the general factor will likely be too
low to be used for decision-making purposes. Therefore,
it is probably better to use group scores as additional
information to help explain general burnout scores. Fur-
ther research is needed to determine if our suggestion is
viable (see [20]).

The convergent validity of the BAT with the MBI

The second question we investigated is the convergent
and discriminant validity of the BAT and MBI Studies
show that the BAT and MBI measure the same general
burnout construct, but some scales diverge [14, 16, 58,
61]. We first investigated the number of major dimen-
sions in the combined BAT and MBI responses. The
results showed five major dimensions, which suggests
that the two measures share common constructs. We
then used bifactor modelling to investigate this similar-
ity. The bifactor model showed a prominent general fac-
tor, explaining the large correlation de Beer et al. [16]
found between the BAT and MBI general factors. These
results indicate that the BAT and MBI measure the same
burnout construct. They also show that the BAT and MBI
Exhaustion items and the Mental Distance and Cyni-
cism items converge at the group level. The BAT and MBI
Cognitive Impairment, Emotional Impairment, and Pro-
fessional Efficacy items diverge. However, the general
factor loadings of the Professional Efficacy items suggest
that the scale is not part of burnout [17, 61]. Together,
our results show that the BAT and MBI general burnout,
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Exhaustion, Mental Distance, and Cynicism scales con-
verge, and the Emotional and Cognitive Impairment
scales are unique to the BAT. Therefore, the BAT is a
more comprehensive burnout measure.

Rasch rating scale model and differential item functioning
The third question we investigated is the differential item
functioning (DIF) of the BAT items. We first fit the items
to the Rasch model. The results supported using a five-
point scale, showing that the BAT can measure people
low and high on burnout. As with Hadzibajramovi¢ et
al. [31] and Sinval et al. [65], the Exhaustion and Men-
tal Distance items provide most information on the
lower end of burnout and the Emotional and Cogni-
tive Impairment items at the upper end. Most items fit
the Rasch model, meaning a general burnout score can
be made by summing them. However, items EX2, MD2,
and MD5—the same items identified as potentially prob-
lematic in the studies above—had inadequate fit to the
model. Item EX2 consistently showed inadequate fit,
which leads us to question its continued use in the BAT.
Few items showed DIF, which agrees with the measure-
ment invariance found by de Beer et al. [17]. The items
had only uniform DIF, implying they were not on the
same measurement scale. Of the DIF items, only EX2 and
MD3 showed non-negligible effect sizes. Most of the DIF
comes from the South African data. It is difficult to deter-
mine what might cause conditional differences in item
responses and whether statistical DIF equates to bias
[66]. Possible reasons related to South Africa could be
stigma, social acceptance, or limited information about
psychological conditions such as burnout [2, 32, 47],
which might influence how the participants responded to
the items. Another potential explanation is that the BAT
item descriptions might differ from how people describe
burnout in other countries [71]. Therefore, although the
latent burnout trait is the same in different countries,
how people interpret the item descriptions might differ,
leading to conditional response differences. However, we
caution against speculating until other studies reproduce
our results, lest the DIF does not generalise outside our
sample.

Limitations

Our study has several limitations that necessitate cau-
tion in interpreting the results. First, we only collected
approximately 200 participants from each country. Fewer
participants can increase the uncertainty of an estimated
parameter. This uncertainty can cause problems with sta-
tistical significance tests. Smaller sample sizes are also
more likely to differ from the population. Sample-specific
peculiarities can limit the generalisation of the results.
Together, the sample sizes can reduce the certainty of
the results. Second, not all participants spoke English as
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their home language, which means that language rather
than country might explain the DIF. Language differ-
ences might also explain the worse fit of the items to the
Rasch model in South Africa (e.g., [17]). Given these limi-
tations, we encourage readers to consider results in our
study that converge with those from other studies instead
of viewing our results in isolation.

Conclusion

Our study set out to investigate the psychometric prop-
erties and differential item functioning of the BAT in
Australia, the Netherlands, South Africa, and the United
States. Our results support using BAT scores in these
countries and the argument that the BAT is a more com-
prehensive measure of burnout than the MBL
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