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Abstract
The Learning Approaches Scale (EABAP) showed evidence of  structural and external validity in assessing the 
deep and surface approach of  elementary and high school students. However, this evidence is supported only 
by participants from a single school. The present study evaluates the generality of  EABAP by verifying through 
the multigroup confirmatory factor analysis whether this scale is invariant across sex, type of  school, and educa-
tional level variables. The sample consisted of  2,148 students from elementary school II, high school, and higher 
education in public and private schools. The results indicate configural, metric, and partial scalar invariance for 
the sex variable; configural, partial metric, and partial scalar invariance for the educational level variable; and 
configural, partial metric, and scalar invariance for the type of  school variable. We conclude that it is possible to 
compare the means of  the latent variables measured by EABAP for the groups analyzed in this sample.
Keywords: Validity; Psychological testing; Educational psychology.

Invariância entre Sexo, Escola e Nível Educacional da EABAP

Resumo
A Escala de Abordagens de Aprendizagem (EABAP) apresenta evidências de validade estrutural e validade 
externa para avaliar a abordagem profunda e superficial de estudantes do ensino fundamental II e ensino médio. 
Não obstante, essas evidências são sustentadas apenas por participantes de uma escola. O presente estudo avalia 
a generalidade da EABAP, verificando por meio da análise fatorial confirmatória multigrupo se essa escala é 
invariante para a variável sexo, tipo de escola e nível educacional. A amostra foi composta por 2.148 estudan-
tes do ensino fundamental II, ensino médio e ensino superior, oriundos de escolas públicas e particulares. Os 
resultados indicam invariância configural, métrica e escalar parcial para a variável sexo; invariância configural, 
métrica parcial e escalar parcial para a variável nível educacional; e invariância configural, métrica parcial e escalar 
para a variável tipo de escola. Conclui-se que é possível comparar médias das variáveis latentes mensuradas pela 
EABAP nos grupos analisados nesta amostra.
Palavras-chave: Validade; testes psicológicos; psicologia educacional.

Invarianza entre sexo, escuela y nivel educativo de la EABAP 

Resumen
La Escala de Enfoques de Aprendizaje (EABAP) presenta evidencias de validez estructural y validez externa 
para evaluar el enfoque profundo y superficial de los estudiantes de primaria y secundaria. Sin embargo, las evi-
dencias solo están respaldadas por participantes de una escuela. El presente estudio evalúa la generalidad de la 
EABAP, verificando mediante el análisis factorial confirmatorio si esta escala es invariante para las variables sexo, 
tipo de escuela y nivel educativo. La muestra estuvo conformada por 2148 estudiantes de primaria II, bachil-
lerato y educación superior, de colegios públicos y privados. Los resultados indican invarianza de configuración, 
métrica y escalar parcial para la variable sexo; invarianza configuracional, métrica parcial y escalar parcial para la 
variable nivel educativo e invarianza configuracional, métrica parcial y escalar para el tipo de variable de escuela. 
Concluimos que es posible comparar las medias de las variables latentes medidas por EABAP en los grupos 
analizados en esta muestra.
Palabras clave: Validez; Tests psicológicos; Psicología educacional. 

Predictive studies on academic performance indicate that many variables are associ-
ated with educational outcomes. The most important predictors are intelligence (Gomes, 
2010b, 2011b, 2012; Gomes & Borges, 2007; Gomes et al., 2022; Gomes & Golino, 2012; 
Ohtani & Hisasaka, 2018), metacognition (Gomes, Golino et al., 2014; Ohtani & Hisasaka, 
2018), and socioeconomic variables (Gomes, Amantes et al., 2020; Gomes, Fleith et al., 
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2020; Gomes & Jelihovschi, 2019; Gomes, Lemos et al., 
2020; Pazeto et al., 2019; Selvitopu & Kaya, 2021). 
There are several variables of  secondary importance, 
such as the students’ approaches to learning (Gomes, 
2010c, 2011a, 2013; Takase & Yoshida, 2021), motiva-
tion for learning (Gomes & Gjikuria, 2018; Nauzeer & 
Jaunky, 2021; Nunes et al., 2022), their beliefs around 
teaching and learning (Gomes & Borges, 2008), learn-
ing styles (Gomes, Marques et al., 2014), and academic 
self-reference (Costa et al., 2017; Nunes et al., 2022).

These predictors are sustained by an implicit or 
explicit assumption that the active interaction of  the 
subject with the objects of  knowledge is essential for 
better learning and achievement (Cardoso et al., 2019; 
Pereira et al., 2019), which is in agreement with the 
constructivist approach (Gomes, 2007, 2010a; Gomes 
& Borges, 2009; Pires & Gomes, 2018) and with neuro-
psychology (Dias et al., 2015).

Deep approach and surface approach are two 
variables of  educational psychology that predict school 
performance. Deep approach is defined in theory as the 
combination of  strategies and motivations that mobi-
lize the active interaction of  the subject with objects of  
knowledge. In turn, surface approach is defined as the 
combination of  strategies and motivations that mobi-
lize the subject’s passive interaction with objects of  
knowledge (Gomes, 2013).

The theory of  learning approaches conceptually 
defines that the active interaction of  the subject with 
the objects of  knowledge represented by the deep 
approach, is the fundamental condition for better 
quality learning because active interaction determines 
learning through conceptual understanding of  what 
is learned, plus an understanding of  how the learned 
subject relates to prior knowledge. Meaningful learn-
ing is a consequence of  this kind of  interaction. 
Furthermore, the learning approach theory argues 
that active interaction is driven by intrinsic motives, 
that is, the subject interacts with the objects of  knowl-
edge because the interaction itself  produces benefits 
to the subject. The theory also proposes the existence 
of  an interaction which is opposite to active interac-
tion. This interaction is represented by what the theory 
calls the surface approach. The theory holds that this 
interaction generates a poor quality learning because 
it determines an absence of  conceptual understanding 
and the production of  fragments by the absence of  rel-
evant relationships between what is learned and prior 
knowledge. Moreover, the learning approaches theory 
also theorizes that this passive interaction is guided 

by motives extrinsic to the interaction itself  with the 
objects of  knowledge, mainly those motives that gen-
erate a disengagement of  the subject (Gomes, Araújo 
et al., 2020). In short, the theory of  learning approaches 
has a conceptual framework that helps explain how 
people learn and how teaching can foster better learn-
ing (Rodrigues & Gomes, 2020). Throughout the 
learning approach theory, it is possible to integrate, at 
the theoretical level, the aforementioned predictors, in 
terms of  their role as mobilizers of  the subject’s active 
interaction with the objects of  knowledge.

The theory of  learning approaches contributes to 
the field of  education and psychology by investigating 
how school activities and assessments impact the way 
students interact with objects of  knowledge and, con-
sequently, learn more or less effectively. The theory also 
contributes to the diagnosis of  learning problems, as 
well as to the planning of  pedagogical interventions. 
The prime assumption is that the deep approach, as 
opposed to the surface approach, provides better qual-
ity learning (Rodrigues & Gomes, 2020).

One contribution of  learning approaches theory 
is the understanding of  the way that the approaches 
are used in different groups and contexts. Research 
in this area has looked at differences in the use of  
approaches in male and female students of  different 
nationalities, educational levels, and courses (Asikainen 
& Gijbels, 2017; Chiesi et al., 2016; Freiberg-Hoffmann 
& Romero-Medina, 2020; Immekus & Imbrie, 2009). 
This kind of  information about differences between 
groups is relevant for the diagnosis of  student learn-
ing and pedagogical planning. However, the field of  
psychometrics cautions that comparisons between 
groups are effectively valid only if  they are supported 
by invariance analysis. What the analysis of  invariance 
does is to provide evidence that the scores used for 
the comparison are valid for the different groups (Put-
nick & Bornstein, 2016).

There are different levels of  analysis of  whether 
the scores are adequate. The first of  these involves the 
knowledge of  whether the constructs of  interest are 
measured in both groups. For example, when com-
paring the deep and surface approaches in men and 
women, there is a need to have evidence that the mea-
surement instrument used is able to measure these two 
approaches in both sex. This analysis is called config-
ural invariance. Two other levels are required for the 
comparison to be valid. One is the analysis of  whether 
the items have the same importance for the compo-
sition of  the scores. In a more technical language, it 
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involves analyzing whether the factor loadings of  the 
constructs in relation to the items are the same in the 
groups. This analysis, called metric invariance, is man-
datory, because you cannot compare groups if  the 
items have different weights. For example, suppose that 
when comparing the deep approach in men and women 
all items have the same weight, i.e. the value weight 1, 
except for one item. In this item, the correctness weight 
for men is 1 and the correctness weight for women is 
10. In this case, the measurement instrument used is 
biased in favor of  women, so that many differences 
in favor of  women are false. Finally, it is necessary to 
assess whether the items of  the measuring instrument 
show equal difficulty for the groups. This is analyzed in 
so-called scalar invariance analysis, where the distances 
between the values representing an item’s score with 
respect to the latent variable are inspected. For instance, 
items in a self-report instrument might represent 
learning approach behaviors and have three response 
options. The options would indicate how much the 
respondent believes the behavior indicated by the item 
is present in his or her academic life: “Not at all” would 
have a value of  1; “More or Less” would have a value 
of  2; and “Totally” would have a value of  3 points. In 
this case, each of  the items would have a score of  1, 2 
or 3. In terms of  this score, the distance between the 
value 1 and 2 is the same distance between the value 2 
and 3. However, the item scores and their distances are 
necessarily entered into a score of  the estimated latent 
variable itself, which in our example is either the deep 
approach or the surface approach. For example, an item 
may have a distance of  3 points between scores 1 and 
2 within the latent variable score, just as scores 2 and 3 
of  this item may have a distance of  4 points within the 
latent variable score. These distances need to be equal 
between the groups being compared. For example, if  
in this item the distance is 3 points in the latent vari-
able score for scores 1 and 2 for men and 10 points 
for women, this means that it is much easier for men 
to score option 2 instead of  1 compared to women, 
which biases the measure. This is why the scalar invari-
ance analysis is mandatory, as it avoids this kind of  bias 
and allows for proper comparison between the groups 
(Putnick & Bornstein, 2016).

The literature on learning approaches shows 
few studies about invariance. Through a search in the 
Capes journals portal, which gathers 455 databases with 
diverse contents, and using the keywords “Approaches 
to learning”; “Students’ Approaches to learning”; 
“Learning approaches”; “Studying approach”; “Deep 

approach” and “surface Approach”, combined with 
the keywords “Measurement Invariance”; “Measure-
ment Equivalence”; “Multigroup Confirmatory Factor 
Analysis”; “Factorial Invariance”; “Invariance”; “CFA” 
and “SEM”, we found only 19 articles on invariance, 
where 9 of  them appeared twice. After screening these 
articles, we found that only 3 studies performed invari-
ance analysis on some measurement instrument of  the 
approaches. In addition to this systematic search, poten-
tial studies were also sought through the references of  
the selected articles themselves (snowball technique) 
and Google Scholar, resulting in the addition of  only 
1 more article. It is relevant to mention that, after this 
extensive search, only 4 studies on invariance were 
found. One of  them investigated the invariance of  
approaches in the sex variable (Duff, 2002), two in the 
country variable (Chiesi et al., 2016; Immekus & Imb-
rie, 2009) and one in the undergraduate course variable 
(Freiberg-Hoffmann & Romero-Medina, 2020). 

The proper comparison through analysis of  
invariance of  approaches as a function of  educational 
level, school type, and sex is important because it allows 
for testing arguments of  the approaches theory itself. 
For example, the theory of  approaches assumes that as 
students advance in educational levels, they increase the 
use of  the deep approach and decrease the use of  the 
surface approach (Asikainen & Gijbels, 2017). Learn-
ing approaches theory also argues that approaches are 
context dependent (Asikainen & Gijbels, 2017), so that 
the use of  approaches can be expected to be distinct in 
different types of  schools, such as public and private, 
and sex. The comparison between male and female 
has occurred since the earliest studies on learning 
approaches. Duff ’s (2002) study stands out as the only 
attempt to perform an invariance analysis to compare 
between male and female. However, the methodology 
of  the study is inadequate because Duff  (2002) does 
not perform an invariance analysis of  the items on the 
instrument used. His invariance analysis involves the 
summation of  groups of  items (composite scores). 
Duff ’s (2002) choice is understandable, because at the 
time confirmatory factor analyses were not very acces-
sible and popular software only had estimators that 
required the observable variables to be continuous. 
Probably, the technical difficulty of  the time made it 
impossible for the author’s analysis to be adequate. In 
summary, it is possible to state that, to the best of  our 
knowledge, there is no study on approaches that have 
satisfactorily performed invariance in the variables edu-
cational level, type of  school, and sex. 
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In Brazil, there are few initiatives with the 
objective to create an agenda of  studies on learning 
approaches (Fontes & Duarte, 2019). Up to the pres-
ent moment, there is knowledge of  the existence of  
a single self-report instrument made in Brazil to mea-
sure the approaches: The Learning Approach Scale 
(EABAP). EABAP has presented evidence of  struc-
tural and external validity in assessing the deep and 
surface approach of  Brazilian students in elementary 
and high school (Gomes, 2010c, 2011a, 2013; Gomes 
et al., 2011; Gomes & Golino, 2012b). Besides, EABAP 
has influenced the construction of  many other tests, 
like the Students’ Learning Approach Test - Identifica-
tion of  Thinking Contained in Texts (SLAT-Thinking) 
(Gomes, Linhares et al., 2021; Gomes, Quadros et al., 
2020), SLAT-Thinking Second Version (Gomes, & 
Nascimento, 2021a, 2021b), and Approach-in-Process 
Test (Gomes & Rodrigues, 2021).

Gomes et al. (2011) tested a model which assumed 
that EABAP is capable of  measuring the deep and sur-
face approaches, assuming that the nine target items 
of  the deep approach were only loaded by this fac-
tor, and similarly, the eight target items of  the surface 
approach were only loaded by the latter factor. Gomes 
et al. (2011) shows evidence that this model is adequate 
to represent the factorial structure of  the EABAP. 
Furthermore, they found that the deep and surface 
approaches correlate negatively.

The objective of  the present study is to evaluate 
the invariance of  EABAP, evaluating the scale invari-
ance across the variables sex, type of  school, and 
educational level. A relatively large and diverse sample 
is used in this study. The scores of  deep and surface 
approaches of  male and female students (sex), private 
and public schools (the type of  school), who attended 
elementary school II, high school, and higher education 
(educational level) are compared.

Method

Participants
The sample of  this study comes from three stud-

ies: 709 participants from the study of  Gomes (2010c), 
791 participants from the study of  Costa (2014) and 
648 participants from the study of  Gomes, Quadros 
et al. (2020). The sample comprised 2148 students, 
415 from elementary school II (19.32%), 1085 from 
high school (50.51%), and 648 from higher education 
(30.17%). Private education institutions represented 
71.55% of  the sample, comprising 415 elementary 

school II students (27%), 735 high school students 
(47.82%), and 387 higher education students (25.18%). 
Of  public-school students, 349 (57.12%) are from state 
schools and 262 (42.88%) are from federal schools. 
The female sex represented 52.14% of  the sample, 
whereas the sample age ranged between 8 and 68 years 
(M = 17.67 and SD = 5.68).

Instrument

Learning Approach Scale (EABAP)
The EABAP was created by C. M. A Gomes. It 

is a self-reported scale composed of  17 items, with 
each item consisting of  a statement that expresses 
behaviors of  the student which represent either sur-
face or deep approaches (Table 1). The respondent 
must assess the frequency with which the behavior 
described in each item occurs in his/her academic 
life, answering according to a Likert scale that ranges 
from (1) not at all to (5) completely. The EABAP mea-
sures deep and surface approaches to learning. Eight 
items measure the surface approach and nine items 
measure the deep approach. In the specific domain of  
the surface approach, the EABAP generates a mini-
mum raw score of  8 points and a maximum raw score 
of  40 points; the minimum raw score in the specific 
domain of  deep approach is 9 points and the maxi-
mum raw score is 45 points. There is evidence of  
internal and external validity that EABAP measures 
surface and deep approaches and predicts academic 
performance in elementary school II and high school 
(Gomes, 2010c, 2011a, 2013; Gomes et al., 2011; 
Gomes & Golino, 2012b).

Procedures
This study used data from Gomes (2010c), Costa 

(2014), and Gomes, Quadros et al. (2020). The EABAP 
was applied collectively, with no time limit, and always by 
properly trained psychologists or psychology students. 

The data from Gomes (2010c) was approved by 
the ethics committee of  the Federal University of  Minas 
Gerais (ETIC 456/07) and collected in early 2008 in a 
private school in Belo Horizonte. The data from Costa 
(2014) was approved by the ethics committee of  the 
Federal University of  Minas Gerais (364.253) and col-
lected in 2013 in six schools, three public state schools 
and one private school in Belo Horizonte, one public 
federal school, and one private school in Viçosa. The 
data from Gomes, Quadros et al. (2020) was approved 
by the ethics committees of  the Federal University 
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of  Minas Gerais (n. 3,377,700) and the Santa Cata-
rina State University (n. 3,293,418) and was collected 
in 2019 in private and public colleges of  the state and 

federal networks located in Belo Horizonte, Divinópo-
lis, and Itaúna in Minas Gerais, as well as in Joinville, 
Santa Catarina, Brazil. 

Table 1. 
Learning Approach Scale (EABAP) Items
Items
 1. I only study on the eve of  exams, memorizing the material.
 Eu só estudo na véspera das provas, decorando a matéria.
 2. When studying, I only use the material indicated by the school.
 Na hora de estudar, eu só utilizo o material indicado pela escola.
 3. I seek to engage in activities that increase my knowledge.
 Eu busco me envolver em atividades que aumentem o meu conhecimento.
 4. I do strictly what the assignment asks for, without exploring other possibilities.
 Eu faço estritamente o que a tarefa pede, sem explorar outras possibilidades.
 5. I take pleasure in studying.
 Eu tenho prazer em estudar.
 6. When studying, I aim to achieve the minimum score necessary just to pass the year.
 Ao estudar, tenho como objetivo alcançar a pontuação mínima necessária apenas para passar de ano.
 7. I like activities that require reflection on the subject for their execution.
 Eu gosto de atividades que exigem uma reflexão sobre o assunto para sua execução.
 8. When carrying out an activity, my only goal is to reach the expected result.
 Ao realizar uma atividade, meu único objetivo é chegar ao resultado esperado.
 9. I pay attention to the way I perform a task in order to improve my strategies.
 Eu presto atenção na maneira como executo uma tarefa com o objetivo de melhorar minhas estratégias.
10. I only read the texts that the teacher assigns.
 Eu só leio os textos que o professor manda.
11. When studying I focus only on those contents that the teacher will address in the tests.
 Na hora de estudar eu foco apenas àqueles conteúdos que o professor irá cobrar nas provas.
12. I only study when I absolutely have to.
 Eu só estudo quando sou obrigado.
13. When it comes to studying, I try to understand the logic behind each activity and I don’t get stuck in its 

content alone.
 Na hora de estudar eu procuro entender a lógica por trás de cada atividade e não fico preso somente no seu 

conteúdo.
14. I try to relate what I am learning to the information I already have.
 Eu procuro relacionar aquilo que estou aprendendo com as informações que eu já tenho.
15. When studying I relate the pieces of  information to memorize the new content.
 Na hora de estudar eu relaciono as informações para memorizar o novo conteúdo.
16. I see in studies a possibility to develop my thinking.
 Eu vejo nos estudos uma possibilidade de desenvolver meu pensamento.
17. Learning new things motivates me to study more.
 O fato de aprender coisas novas me motiva a estudar mais.
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Data analysis
The Gomes et al. (2011) model of  the correlated 

approaches will be evaluated in the complete sample of  
this study, using the item confirmatory factor analysis 
(CFA), through the Weighted Least Squares Mean and 
Variance Adjusted (WLSMV) estimator, because the 
items of  EABAP are ordinal and have a raw score of  1 to 
5. The model of  the correlated approaches defines that 
the latent variable of  the deep approach loads items 3, 
5, 7, 9, 13, 14, 15, 16, and 17 while the latent variable of  
the surface approach loads items 1, 2, 4, 6, 8, 10, 11, and 
12 of  EABAP. These two latent variables are correlated.

The goodness of  fit of  the model is verified 
using the Comparative Fit Index (CFI) and the Root 
Mean Error Approximation (RMSEA), the first must 
be ≥ .90 and the second <.10 for the model not to be 
rejected. For a good data fit, the model needs to present 
CFI values   ≥ .95 and RMSEA <.06 (Cangur & Ercan, 
2015; Kline, 2016). Despite its relevance, the literature 
points out that the cutoff  points of  these indexes are 
quite arbitrary and not very accurate. The reader inter-
ested in this problematization can refer to the work of  
Xia and Yang (2019).

The generality of  EABAP will be evaluated 
through an analysis of  its configural invariance, weak 
invariance (metric), and strong invariance, regarding sex 
(male and female), educational level (elementary school 
II, secondary and higher education) and type of  school 
(private and public) of  the sample.

In invariance analysis, the configural invariance 
model is taken as the basis while the more restrictive 
models (metric and scalar invariance) are compared 
with it. The configural model is the simplest level of  
invariance, as it only assumes that the scores of  people 
in certain groups pertain to the same latent variables 
(Putnick & Bornstein, 2016). The configural model 
must have CFI ≥ .90 and RMSEA < .10 in order not 
to be rejected. If  it is rejected, it means that the scale 
is not invariant, at the simplest level, so the analysis 
must then be finished. 

In this study, the configural model to be analyzed 
is the model of  the correlated approaches, which will be 
previously tested in the complete sample. This model 
defines that the deep and surface approaches, as well 
as, the measurement errors (part of  the item variance 
not explained by the two approaches), are the existing 
latent variables that explain the variation in people’s 
responses to EABAP items. If  the configural model is 
not rejected, then it is compared to the metric invari-
ance model. This is more restricted than the configural 
model, as it determines that the latent variables of  the 

configural model and the factorial loadings are equal in 
the two compared samples. The metric model is rejected 
if  it presents ΔCFI > .002, ΔRMSEA > .000 and a 
p-value < .01 for the chi-square differences, in favor of  
the configural model (Putnick & Bornstein, 2016). The 
last step of  the invariance analysis is the comparison 
between the configural model and the scalar invariance 
model. In addition to determining the same restrictions 
as the previous models, this model also defines that the 
threshold values   of  the EABAP items are the same for 
the compared samples. The same criteria used to com-
pare the configural model and the metric invariance 
model are used to determine whether the scalar invari-
ance model should be rejected. If  the scalar invariance 
model is rejected, then the procedure for identifying 
the parameters that caused the model rejection will be 
performed. These parameters will be relaxed and par-
tial invariance models will be tested to find out whether 
there is a partial scalar invariance and whether this level 
of  partial invariance allows the comparison among 
the means of  the latent variables, regarding the com-
pared groups. According to the literature, there is no 
well-defined cutoff  point, but partial scalar invariance 
that does not reach more than 20% of  the instrument’s 
parameters can be considered non-compromising, 
which allows us to conclude that the instrument has 
strong invariance (Putnick & Bornstein, 2016).

The groups are compared by the true scores of  
the latent variables, estimated in the scalar invariance 
model. The first group is taken as the reference group 
with zero mean. In the scalar invariance model, the other 
groups’ values are always constructed comparing to the 
reference group. This comparison is defined in terms 
of  standard deviation. For example, in the scalar invari-
ance model if  a group has a mean of  0.50 in a given 
latent variable, it says that it is 0.50 standard deviation 
higher than the reference group. Following the sugges-
tions of  Hattie (2009) for the effect in educational data, 
we considered d ≤ 0.2 as small effect size, d = 0.4 as 
medium effect size and d ≥ 0.6 as large effect size.

All of  the analyses were performed using the 
lavaan packages (Rosseel, 2012), and semTools (Jor-
gensen et al., 2020) packages of  the statistical software 
R (R Core Team, 2020). The reliability analysis involved 
the estimation of  the alpha and omega indexes in the 
complete sample (Gomes et al., 2018; Raykov, 2001), 
which was calculated using the semTools package (Jor-
gensen et al., 2020). We presented the alpha since it 
is commonly used in the literature, but made use of  
McDonald’s omega to assess factor reliability. Values 
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greater than or equal to .65 were classified as acceptable 
(Kalkbrenner, 2021).

Results

The model of  correlated approaches showed an 
acceptable data fit (see CFI and RMSEA in Table 2). 
The deep approach factor has factor loadings between 
.55 and .79 (M = .65, SD = .08) and the surface 
approach between .43 and .67 (M = .58, SD = .07). 
The correlation between the factors is -.57. Cronbach’s 
alpha index for the deep approach was .86 and for the 
surface approach, .80. McDonald’s omega for the deep 
approach was .86 and for the surface approach, .78.

The comparison between men and women, exhib-
its configural invariance, because this model shows 
an acceptable data fit (see CFI and RMSEA in Table 
2). The difference between the configural and metric 
models in the CFI and RMSEA was .001 and .000, 
respectively, so we did not reject the (weak) metric 
model. The invariance of  the (strong) scalar model was 
rejected for presenting ΔCFI > .002, ΔRMSEA > .000, 
and Δχ² (Δgl) p-value <.01, in favor of  the configural 
model. While the partial scalar models M4s and M5s 
present a worse fit than the configural model, the par-
tial scalar model M6s presents adjustment similar to the 
configural model (see Table 2). The M6s partial scalar 
model eliminated the constraints at the thresholds 2, 3, 
and 4 of  item 5. Therefore, we conclude that EABAP 
can be used to compare the deep and surface approach 
of  men and women in the sample of  this study.

The educational level variable indicates configural 
invariance (see CFI and RMSEA in Table 2). The met-
ric invariance was rejected for exhibiting ΔCFI> .002, 
ΔRMSEA> .001 and Δχ² (Δgl) p-value <.01, in favor 
of  the configural model. While the partial metric mod-
els M3n, M4n, and M5n have a worse data fit than the 
configural model, the partial metric model M6n has 
similar data fit in comparison to the configural model 
(see Table 2). The scalar invariance was rejected, but 
the partial scalar model M8n, which only relaxes the 
factorial loading on item 4, has similar data fit in com-
parison to the configural model. In sum, we conclude 
that EABAP can be used to compare the deep and 
surface approach of  the students in elementary school 
II, high school, and higher education included in the 
sample of  this study.

The configural invariance model for type of  
school variable has an acceptable fit (see CFI and 
RMSEA in Table 2). The metric invariance was rejected 

because it produced a ΔCFI> .002, ΔRMSEA> .001 
and Δχ² (Δgl) p-value <.01, in favor of  the configural 
model. The partial metric models M3e, M4e, and M5e 
has a worse data fit than the configural model, the 
partial metric model M6e has a similar adjustment in 
comparison to the configural model (see Table 2). The 
M7e scalar model was not rejected since it produced 
a ΔRMSEA of  .000 in comparison to the configural 
model, indicating that EABAP can be used to compare 
the approaches of  the students from public and private 
schools in the sample of  this study.

Table 3 shows the differences between the groups 
in terms of  deep and surface approaches, their statisti-
cal significance and effect size. The male and female 
students in this sample show no statistically significant 
difference in the deep approach. There is an almost 
moderate difference in the surface approach in favor of  
men (Table 3). High school students in the sample of  
this study report a greater deep approach and less sur-
face approach than the students of  elementary school 
II. The higher education students in the sample of  this 
study exhibit a greater deep approach and less surface 
approach than high school students. This result sug-
gests that higher educational levels are associated with 
an increment in the deep approach and a decrease in 
the surface approach, according to the sample of  the 
study (Table 3). The greatest difference in the deep 
approach was in favor of  higher education in compari-
son to high school. School types have small effect sizes, 
where the public school’s students have higher scores 
in the deep approach and lower scores in the surface 
approach in comparison to the private school’s students 
in the sample of  this study (Table 3).

Discussion

In this study we investigated the invariance of  sex, 
educational level, and type of  school in the EABAP by 
using a large and heterogeneous sample. The model 
tested in this study, called correlated approaches, has 
not been refuted. The deep and the surface approach 
showed a negative correlation, which corroborates the 
work of  Gomes et al. (2011). This study shows evi-
dence of  configural, metric, and scalar invariance of  
the EABAP, with respect to the variables mentioned 
above. There were cases in which the full scalar invari-
ance was rejected, but the partial scalar invariance, with 
very few relaxations, remained invariant. The literature 
on invariance has used the recommendation of  Dim-
itrov (2010) according to which a partial model with 
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Table 2. 
Results Of  The Confirmatory Factor Analysis And Invariance

Model χ²(gl) Δχ²(Δgl) p CFI ΔCFI RMSEA ΔRMSEA CI RMSEA 90%
Correlated approaches 1146 (118) - - .972 - .064 - .060-.067

Sex Invariance
Configural (M1s) 1280 (236) - - .971 - .064 - .061-.068

Metric (M2s) 1338 (251) 23 (15) .067 .970 -.001 .064 .000 .060-.067
Scalar (M3s) 1514 (300) 194 (64) .000 .967 -.004 .061 -.003 .058-.065
Scalar (M4s) 1488 (299) 173 (63) .000 .967 -.004 .061 -.003 .058-.064
Scalar (M5s) 1463 (298) 154 (62) .000 .968 -.003 .060 -.004 .057-.063
Scalar (M6s) 1445 (297) 139 (61) .000 .969 -.002 .060 -.004 .057-.063

Educational level invariance
Configural (M1n) 1636 (354) - - .964 - .071 - .068-.075

Metric (M2n) 1905 (384) 77 (30) .000 .957 -.007 .074 .003 .071-.078
Metric (M3n) 1852 (382) 65 (28) .000 .959 -.005 .073 .002 .070-.077
Metric (M4n) 1806 (380) 53 (26) .001 .960 -.004 .072 .001 .069-.076
Metric (M5n) 1781 (378) 46 (24) .004 .961 -.003 .072 .001 .069-.075
Metric (M6n) 1749 (376) 37 (22) .024 .961 -.003 .071 .000 .068-.075
Scalar (M7n) 2245 (482) 343 (128) .000 .951 -.013 .072 .001 .069-.075
Scalar (M8n) 2189 (480) 324 (126) .000 .952 -.012 .071 .000 .068-.074

School type invariance
Configural (M1e) 1346 (236) - - .970 - .066 - .063-.070

Metric (M2e) 1553 (251) 63 (15) .000 .964 -.006 .070 .004 .066-.073
Metric (M3e) 1507 (250) 49 (14) .000 .966 -.004 .068 .002 .065-.072
Metric (M4e) 1474 (249) 41 (13) .000 .966 -.004 .068 .002 .064-.071
Metric (M5e) 1450 (248) 33 (12) .001 .967 -.003 .067 .001 .064-.071
Metric (M6e) 1430 (247) 27 (11) .004 .968 -.002 .067 .001 .063-.070
Scalar (M7e) 1721 (300) 229 (64) .000 .961 -.009 .066 .000 .063-.070

Note. χ² = chi-square; gl = degrees of  freedom; Δ = difference; CI = confidence interval; M1s = Configural model of  the sex variable; 
M2s = Metric model of  the sex variable; M3s = Scalar model of  the sex variable; M4s = Partial scalar model of  the sex variable (Item 5 with 
threshold 3 released); M5s = Partial scalar model of  the sex variable (Item 5 with thresholds 3 and 4 released); M6s = Partial scalar model of  
the sex variable (Item 5 with thresholds 3, 4 and 2 released); M1n = Configural model of  the educational level variable; M2n = Metric model of  
the educational level variable; M3n = Partial metric model of  the educational level variable (Item 4 with released factorial load); M4n = Partial 
metric model of  the educational level variable (Items 4 and 14 with released factorial loads); M5n = Partial metric model of  the educational level 
variable (Items 4, 14 and 7 with released factorial loads); M6n = Partial metric model of  the educational level variable (Items 4, 14, 7 and 12 
with released factorial loads); M7n = Scalar model of  the educational level variable; M8n = Partial scalar model of  the educational level variable 
(Item 4 with released factorial load); M1e = Configural model of  the type of  school variable; M2e = Metric model of  the type of  school vari-
able; M3e = partial metric model of  the type of  school variable (Item 14 with released factorial load); M4e = Partial metric model of  the type 
of  school variable (Items 14 and 8 with released factorial loads); M5e = Partial metric model of  the type of  school variable (Items 14, 8 and 6 
with factorial loads released); M6e = Partial metric model of  the type of  school variable (Items 14, 8, 6 and 15 with released factorial loads); 
M7e = Scalar model of  the type of  school variable.

less than 20% of  relaxed parameters does not com-
promise the invariance.

Our study also brought evidence that there is no 
difference between men and women of  the sample 
in the deep approach, on the other hand, there is an 

almost moderate difference in the surface approach 
in favor of  men. Unfortunately, there is a scarcity of  
studies about the invariance of  instruments that mea-
sure students’ approaches to learning. The comparison 
between men and women is made in several studies, 
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but we only found one study, by Duff  (2002), in which 
the comparison was based on an analysis of  invariance. 
This study employed a small sample of  students from a 
single university in the UK and performed a confirma-
tory factor analysis of  composites, using the maximum 
likelihood estimator. It is not possible to know if  the 
estimator was chosen correctly because the author does 
not report an analysis of  the multivariate normality of  
the composites. Furthermore, a proper analysis would 
require a multigroup item confirmatory factor analy-
sis. Therefore, Duff ’s study (2002) differs significantly 
from the analysis carried out in this article about the use 
of  the estimator and the use of  composites instead of  
items. The result of  Duff ’s study shows an absence of  
invariance in the sex variable already in the configural 
model for the Revised Approaches to Studying Inven-
tory. Despite the absence of  studies of  invariance on 
gender, Severiens and Ten Dam (1994) meta-analysis 
indicates that men tend to have more extrinsic motiva-
tions while women have more intrinsic motivations. The 
authors argue that this difference may be the result of  
greater competitiveness and focus on academic grades 
found in men. Several studies have been conducted on 
the differences between men and women and learning 
approaches, but their results are quite contradictory, 
sometimes indicating no difference, sometimes in favor 
of  either women or men (McDonald et al., 2017).

The present study found evidence that the progres-
sion from elementary education II to higher education 
is associated with an increase in the deep approach and 
a decrease in the surface approach. There was an almost 
large effect size in the deep approach when comparing 
high school to higher education. It is noteworthy that 
we did not find any study that performed the analysis 
of  invariance to compare the students’ approaches to 
learning in different educational levels. However, the 
theory of  learning approaches itself, assumes that the 
increasing of  deep approach and decreasing of  surface 
approach occurs across educational levels. The the-
ory conceives the existence of  a positive relationship 
between deep approach and cognitive development and 
a negative relationship between surface approach and 
cognitive development (Asikainen & Gijbels, 2017).

The score of  public school’s students was higher 
in the deep approach and lower in the surface approach 
in comparison to private school’s students. However, it 
must be taken into account that the public school’s stu-
dents in this sample include universities and federal and 
state high school institutes which represent the Brazilian 
elite of  students in secondary education and the private 
school students belong to educational institutions of  
lesser prestige in comparison to the public institutions. 

Considering the limitations of  the study, the 
EABAP invariance analyses were performed with 

Table 3. 
Mean Differences In The Deep And Surface Approaches

Variables Estimated 
intercept

Standard 
error z p d CI d 95%

Difference between sex (Group 1 = Male; Group 2 = Female)
Deep Approach .008 .030 0.268 .789 0.013 [-0.046, 0.072]
surface Approach -.207 .030 -6.990 .000 -0.356 [-0.415, -0.297]

Difference between educational levels
(Group 1 = High School vs Group 2 = Elementary II)

Deep Approach -.105 .039 -2.717 .007 -0.169 [-0.245, -0.093]
surface Approach .157 .038 4.096 .000 0.290 [0.216, 0.364]

(Group 1 = High School vs Group 3 = Higher Education)
Deep Approach .350 .035 9.903 .000 0.564 [0.495, 0.633]
surface Approach -.108 .038 -2.845 .004 -0.148 [-0.218, -0.076]

Difference between types of  schools (Group 1 = Private; Group 2 = Public)
Deep Approach .177 .034 5.202 .000 0.275 [0.208, 0.342]
surface Approach -.108 .034 -3.225 .001 -0.175 [-0.242, -0.108]

Note. CI = confidence interval.
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samples of  convenience, despite its size and heteroge-
neity, so that other studies need to be performed with 
new samples. This study considered three important 
variables to make the analysis of  invariance but did not 
consider other variables that were also relevant, such 
as type of  discipline enrolled by the student. Further 
studies should take into account whether EABAP is 
invariant in different university courses and different 
disciplines in the academic curriculum.

Although we have shown the differences between 
the groups in our sample, we need to point that no 
evidence capable of  representing the groups analyzed 
has been shown. In order to affirm that men pres-
ent a greater superficial approach than women, we 
would need to have a representative sample of  these 
groups. In Brazil, due to its size, logistical difficul-
ties, and very high costs, it is practically impossible 
to collect representative samples. Therefore, we sug-
gest that those who wish to apply EABAP to compare 
groups, should perform invariance analysis on their 
own samples. Our focus involved invariance analy-
sis with the specific intent to provide initial evidence 
that the EABAP can be used by clinicians and educa-
tional psychologists when carrying out comparisons. 
Our evidence indicates relevance of  the EABAP for 
comparing the groups analyzed. Because it is initial 
evidence, it may be restricted only to characteristics of  
the sample analyzed. 

This paper, as far as we understand, is the first 
work that investigates the invariance of  the approaches 
in the variables sex, educational level, and type of  
school, allowing comparisons empirically well sup-
ported of  the groups related to these variables. We 
hope that this article will encourage researchers in the 
area of  students’ approaches to learning who wish to 
compare groups to use invariance analysis, since this is 
a basic condition in order to make feasible comparisons 
(Gomes, de Araujo et al., 2021).
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