
feduc-05-00040 April 17, 2020 Time: 19:20 # 1

ORIGINAL RESEARCH
published: 21 April 2020

doi: 10.3389/feduc.2020.00040

Edited by:
Ana Lucia Pereira,

Universidade Estadual de Ponta
Grossa, Brazil

Reviewed by:
Sonia Brito-Costa,

Instituto Politécnico de Coimbra,
Portugal

Horace Crogman,
California State University, Dominguez

Hills, United States

*Correspondence:
Håvard Lorås

havard.loras@ntnu.no

Specialty section:
This article was submitted to

Educational Psychology,
a section of the journal
Frontiers in Education

Received: 07 October 2019
Accepted: 27 March 2020

Published: 21 April 2020

Citation:
Aslaksen K, Haga M,

Sigmundsson H and Lorås H (2020)
Evidence for a Common Multi-Modal

Learning Style in Young Adults?
A Psychometric Investigation of Two

Modality-Specific Learning Style
Inventories. Front. Educ. 5:40.

doi: 10.3389/feduc.2020.00040

Evidence for a Common Multi-Modal
Learning Style in Young Adults? A
Psychometric Investigation of Two
Modality-Specific Learning Style
Inventories
Karoline Aslaksen1, Monika Haga2, Hermundur Sigmundsson1,3 and Håvard Lorås2*

1 Department of Psychology, Faculty of Social and Educational Sciences, NTNU – Norwegian University of Science
and Technology, Trondheim, Norway, 2 Department of Teacher Education, Faculty of Social and Educational Sciences,
NTNU – Norwegian University of Science and Technology, Trondheim, Norway, 3 Department of Sport Science and Physical
Education, Reykjavík University, Reykjavik, Iceland

A well-known hypothesis amongst educators and the general public is that matching
instructional method with an individual’s modality-specific learning style improves
learning. Several critical reports in the past decade, however, have shown that the
psychometric properties of the inventories applied to establish modality-specific learning
styles have been poorly validated. Furthermore, theoretical development has challenged
the theoretical basis for the modality-specific learning style model. Thus, the aim of the
current study was to examine the psychometric properties and relationship between,
two modality-specific learning style inventories: the Barsch Learning Style Inventory
(BLSI) and the Learning Style Survey (LSS). University students (n = 242) completed the
two inventories, and their responses were subjected to confirmatory and exploratory
factor analysis, as well as analysis of inter-item agreement (internal consistency). The
results failed to support the expected three-factor measurement model and thus
indicated questionable reliability and factorial validity of the two inventories. Analysis
of inter-correlations between factors from the two inventories resulted in a one-factor
solution explaining up to 40% of the variance, which is discussed as emerging through
an overall multimodal learning style.

Keywords: learning style, modality, psychometric, reliability, validity

INTRODUCTION

In many fields and professions, there has been an ongoing debate regarding the implications
for, and effect on, skill learning that emerges from the interaction between individual differences
and instructional strategies. For example, the theoretical question of the early 1900s postulated
by Thorndike (1908) and as formulated by Reed (1931) concerned: “Does equal training make a
group of individuals more alike or more different in their achievement?” (p. 1). This relatively early
scientific interest in putative individual differences–instructional strategy interactions that affected
learning outcomes have resulted in a plethora of subsequent research approaches and concepts.
A theoretical concept that has emerged from these approaches is the notion of significant individual

Frontiers in Education | www.frontiersin.org 1 April 2020 | Volume 5 | Article 40

https://www.frontiersin.org/journals/education
https://www.frontiersin.org/journals/education#editorial-board
https://www.frontiersin.org/journals/education#editorial-board
https://doi.org/10.3389/feduc.2020.00040
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3389/feduc.2020.00040
http://crossmark.crossref.org/dialog/?doi=10.3389/feduc.2020.00040&domain=pdf&date_stamp=2020-04-21
https://www.frontiersin.org/articles/10.3389/feduc.2020.00040/full
http://loop.frontiersin.org/people/555124/overview
http://loop.frontiersin.org/people/404339/overview
http://loop.frontiersin.org/people/768182/overview
http://loop.frontiersin.org/people/350437/overview
https://www.frontiersin.org/journals/education
https://www.frontiersin.org/
https://www.frontiersin.org/journals/education#articles


feduc-05-00040 April 17, 2020 Time: 19:20 # 2

Aslaksen et al. Investigation of Learning Style Inventories

differences in learning style, which basically “refers to the concept
that individuals differ in regard to what mode of instruction or
study is most effective to them” (Pashler et al., 2008). The term
learning styles first appeared in the literature many decades ago
(e.g., Thelen, 1954) and has been the focus of extensive research
in the past four decades, especially in Western Europe and the
United States (Coffield et al., 2004; Evans et al., 2010).

The learning style literature in itself also demonstrates
substantial heterogeneity in theoretical constructs and
approaches. For example, the concept of learning styles has
occasionally been considered equal to cognitive styles (Desmedt
and Valcke, 2004). The latter term primarily refers to the form
rather than the content of cognitive activities and is usually
defined as “individual differences in the ways people perceive,
think, solve problems, learn and relate to others” (Witkin et al.,
1977). The two concepts differ in the area of focus, however,
in that the concept of learning styles is explicitly concerned
with the learning process, while cognitive styles have a more
general and extensive application to human mental activities.
Learning styles are thus individual differences in preferred ways
of responding to learning tasks which might change depending
on the environment or context (Armstrong et al., 2012). It
has been established that more than 70 different learning style
models have been presented in the literature, demonstrating
heterogeneity to such a degree that it is virtually impossible to
construct a single synthesized model (Coffield et al., 2004).

The most cited and best-known learning style perspective
amongst teachers and educators’ states that individual differences
in learning styles represent individual differences in modality-
specific preferences (Howard-Jones, 2014). This specific version
of the learning style hypothesis states that learners prefer to
receive instruction through (or study with) a specific modality
that is most effective for them (Willingham et al., 2015). The
overarching assumption is that if individuals are given instruction
in their preferred modality, they will experience enhanced
learning outcomes, for example, people who prefer the auditory
modality obtain enhanced learning outcomes if the instruction
is given auditorily. This has also been termed the meshing
hypothesis: individuals with differing modality-specific learning
styles are thought to have improved learning outcomes if the
instruction meshes with their preferred modality as opposed to
the less preferred modality, regardless of the learning content or
context. Most proponents of the learning styles concept believe in
some form of the meshing hypothesis, and most accounts of how
instruction should be optimized assume the meshing hypothesis
(Pashler et al., 2008).

Positive attitudes toward the modality-specific learning style
concept can be found across levels of education and in research
approaches. Regarding the latter, Newton (2015) identified that
nearly 90% of research published from 2013 to 2015 (in ERIC
and PubMed databases) supported the use of learning styles in
teaching and instruction. Furthermore, surveys have indicated
that a substantial proportion of both primary and secondary
school teachers, as well as K-12 teachers, respond in favor to
statements aligned with modality-specific learning styles (Dekker
et al., 2012; Howard-Jones, 2014; Gleichgerrcht et al., 2015;
Ferrero et al., 2016). The same positive attitudes have been

observed among two-thirds of United States higher education
faculty, and many reports that learning style theory is a part of
teacher education and curriculum as a textbook principle (Dandy
and Bendersky, 2014; Meyer and Murrell, 2014; Cuevas, 2015;
Newton and Miah, 2017).

The perspective of modality-specific learning styles, as with
other learning-style taxonomies, is in principle a “type” theory,
that is, learners must be classified into supposedly distinct
groups, thus providing information that is said to be helpful
in making instructional decisions. One can trace the lineage
of such an approach back to the first modern typological
theorizing in the personality field undertaken by the psychiatrist
and psychoanalyst C.G. Jung, which was later incorporated into
the Myers–Briggs Type Indicator test which remains widely
used today in occupational settings (Lake et al., 2019). The
widespread application of personality assessments such as the
Myers–Briggs test promoted the development of type-based
learning-style assessments, which in terms of modality-specific
learning styles assumes that learners cluster into distinct groups
based upon their preferred visual, auditory, or kinesthetic/tactile
modality. Several models and assessments have been developed
to classify learners into their modality-specific learning style, and
they all share the central assumption that people have different
preferences based upon a more dominant sense/modality which
must be taken into consideration when designing instructional
approaches (Riener and Willingham, 2010; Odendaal, 2015).

The psychometric measurement model that can be derived
from the modality-specific learning style models appears
to be relatively straightforward: Provided a learning-style
questionnaire focusing on modality-based preferences,
participants will volunteer preferences about their preferred
mode of studying and taking in new information. Respondents
answer behavioral statements by ranking (often by using a Likert
scale) how well the statements describe them and their behavior
during a learning situation. Thus, they should answer relatively
consistently that they prefer, for instance, visual aids if they are
to be classified as having a visual-specific learning style.

Subjected to statistical analysis, the abovementioned data
should demonstrate a clear-cut, latent structure with the
modality-specific learning styles emerging as non-correlated
factors (see Figure 1). Provided that learning-style questionnaires
focusing on preferences have (at least to some degree)
psychometric reliability (i.e., a person’s score on one day predicts
their score on another day; see Veres et al., 1987; Henson and
Hwang, 2002), the existence of preferences with some coherence
and stability is to be expected. Indeed, numerous datasets have
been published demonstrating that various groups of people
demonstrate differences in their modality-specific learning styles.
The prevalence of the various styles varies considerably, however,
and in some instances, people are classified with a multimodal
learning style. In the latter example, responders report multiple
preferences by scoring high on several modality-specific styles.
In Table 1, we have pooled together studies that have applied
the same VARK learning style inventory across populations of
university students. As can be found in the table, many studies
report a considerable prevalence of multimodal learning styles
amounting to 47% across studies.
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FIGURE 1 | Overview of the psychometric measurement model from modality-specific learning style theory.

TABLE 1 | Prevalence of modality-specific and multi-modal learning styles across studies applying the VARK inventory in university students.

Study Inventory Population N Visual Auditory Read/Write Kinesthetic Multi-Modal

Abdallah et al., 2013 VARK Medical students 89 2% 26% 2% 3% 67%

Baykan and Nacar, 2007 VARK Medical students 155 3% 8% 2% 23% 64%

Breckler et al., 2009 VARK Physiology students 213 4% 5% 15% 16% 60%

Dobson, 2010 VARK Physiology students 64 3% 5% 14% 8% 70%

Hsieh et al., 2015 VARK Physiology students 90 7% 22% 20% 38% 13%

Kharb et al., 2013 VARK Medical students 100 7% 4% 2% 26% 61%

Liew et al., 2015 VARK Medical students 419 11% 18% 22% 30% 18%

Lujan and DiCarlo, 2006 VARK Medical students 166 5% 5% 8% 18% 64%

Peyman et al., 2014 VARK Medical students 141 1% 18% 17% 6% 58%

Shenoy et al., 2013 VARK Dental students 200 1% 9% 4% 12% 76%

Soundariya et al., 2017 VARK Medical students 121 24% 18% 2% 11% 46%

Total 1758 8% 13% 13% 19% 47%

Previous studies conducted to evaluate the psychometric
properties of self-assessment tools based upon different modality-
specific learning style models have also generated mixed results.
Leite et al. (2010) examined the dimensionality of the VARK
learning styles inventory and reported that an expected four-
factor model fitted the observed data and that the reliability
estimates of the scores of the VARK were adequate. However,
the authors also considered their results preliminary because
not all indices supported the fit of the model and the
estimated factor loadings of the VARK items were small to
moderate. Odendaal (2015) also conducted factor analysis of
responses from a modality-specific learning style questionnaire
and did not obtain response patterns comparable to those
suggested by theory. The principal component analysis (PCA)
and cluster analyses suggested a pattern of underlying variables
that was not aligned with modality-specific learning style
theory and with weak principal component structure (low
eigenvalues, few variables contributing to each component, and
low percentage of variance explained by the model). Similarly,
Wintergerst et al. (2001) performed exploratory factor analysis
of the Perceptual Learning Style Preference Questionnaire
(Reid, 1987) and results showed that specific survey items

did not group into factors conceptually compatible with the
learning style model.

In addition to the classification scheme and the psychometric
assumptions, the modality-specific learning style perspective also
seems to reflect a certain viewpoint on human learning. Although
this feature has somewhat surprisingly been given far less
attention by scholars in the modality-specific learning style field,
the significance of the human senses has long been recognized
in information-processing approaches toward learning (Atkinson
and Shiffrin, 1968; Rumelhart et al., 1986). Such frameworks
postulate that the material to be learned (input) must proceed
through several stages of processing before eventually leading
to a response and consolidation into long-term memory. The
modalities are thus important sensory registers that convey
information to working memory and other control processes
that are important for learning. The modalities are by no
means considered passive in the information processing, as they
form important interactions with the various control processes
(Craik and Lockhart, 1972). Under this approach, modality-
specific learning styles can emerge through individual differences
in the processing capabilities of the modalities. For example,
the auditory system has faster processing speed/reaction times
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compared to the visual system (Jensen, 2006) and such differences
might have an impact on the learning process. Furthermore,
there might be modality-related differences originating from
interaction with other cognitive processes. Regarding the latter
point, research has demonstrated separate auditory and visual
working memories (Vogel and Machizawa, 2004; Arnott et al.,
2005) which can be selectively engaged during the learning
process. One might not rule out the possibility, however, that
modality-specific learning styles emerge through specific practice
and learning within a specific modality, which across time
translates to improved processing capacity compared with the
less frequently applied modalities.

The modality-specific learning style perspective has
undergone considerable scrutiny during the past two decades,
and several reviews have pointed out a general lack of appropriate
experimental evidence (Pashler et al., 2008; Aslaksen and Lorås,
2018). Furthermore, findings from the neurosciences, biological
psychology, and cognitive psychology indicate that the modality-
specific learning style theory may be contradictory to how
processing and storage of memory occurs during the learning
process (Dekker et al., 2012; Lodge et al., 2016). Although
visual, auditory, and kinesthetic information are processed in
different parts of the brain, these separate networks are densely
interconnected and there is profound cross-modal activation and
transfer of information between sensory modalities (Calvert et al.,
2000). From this perspective, it is incorrect to assume that only
one sensory modality is involved with information processing in
the learning process (Crogman and Crogman, 2016).

The findings of cross-modal interconnectivity seem to fit well
with the notion of human learning emerging alongside dynamic
changes in neuronal organization. As the brain forms various
networks based on an individual’s experience and development,
groups of neuronal connections form a repertoire of behavioral
patterns and connect different parts of the brain together
(Edelman, 1993; Sporns, 2012). Together these neural groups
create networks leading to connections that help form our
thoughts and actions. Thus, the central nervous system adapts its
structure and function in response to both internal and external
influences, and neural plasticity is thus a prerequisite for learning
and development (Kleim and Jones, 2008). Experience and
learning will fine-tune these neuronal groups to form the basis
for further learning and skill development. Although practicing
a specific task will strengthen the neural connections involved
in that task and thereby increase the likelihood of executing
similar behavior in the future (Edelman, 1987; Sporns, 2011), it
impossible to predict which neuronal pathways are ultimately
involved when a skill is learned and developed.

The perspective of cross-modality, interconnectivity and
plasticity of neuronal networks as central features in learning
signifies what can be termed a dynamic and non-linear viewpoint
on learning. From this perspective, substantial variability, and
individuality in how people both approach and respond to
learning tasks contributes to context-dependent learning effects
(Chow et al., 2011). As opposed to modality-specific learning
style models, this latter perspective advances the view that
learners might prefer – and experience an increased learning
rate with – a certain type of instruction in some instances, yet

dissimilar instruction and aids in other contexts. When asked
for preferences in various learning situations, as is the case
with modality-specific learning style inventories, people might
display considerable heterogeneity in their rating of behavioral
statements. Thus, in principle, learners have all the learning
styles at their disposal (Crogman and Crogman, 2016). Such
responses might lead to poor internal consistency across items
and emergence of other factor structures than what is expected
based upon modality-specific learning style models.

Based on the presented considerations, which highlighted
the modality-specific learning style perspective (meshing
hypothesis), the corresponding psychometric measurement
model, and theoretical and empirical challenges to the model,
we conducted a study of the psychometric properties and
relationship between two modality-specific learning style
instruments: the Barsch Learning Style Inventory (BLSI) and
the Learning Style Survey (LSS). Two research questions were
addressed in our study:

(1) Does the latent structure of separate modality-specific
learning-style instruments conform to the expected
measurement model (see Figure 1)?

(2) What is the relationship between modality-specific learning
style factors derived from the two different instruments?

Regarding the first question, we conducted confirmatory
factor analysis (CFA) and reliability analysis of the two
instruments. Specifically, we investigated whether the level of
internal consistency (Cronbach’s alpha) is in accordance with
established criteria and whether CFA demonstrates appropriate
goodness-of-fit with the measurement model derived from
modality-specific learning style theory. As to the second
research question, we investigated the relationship between
factors derived from the two instruments by correlational and
exploratory factor analysis (principal component analysis, PCA).
The modality-specific learning style perspective predicts that only
similar factors should be correlated. For instance, the visual
learning style factor derived from either instrument should be
highly correlated.

MATERIALS AND METHODS

Participants
Two hundred and forty-eight students were recruited from a
university population (55 males, 192 females; mean [SD] age: 20.9
[2.5]) and responded to a questionnaire during lecture breaks
consisting of the BLSI and LSS (see descriptions below). Total
time to complete the questionnaires was 15 min. Participants
were recruited through advertisement on information boards
at campus, and thus represent a convenience sample. Given
that there is no consensus regarding absolute sample size
requirements for conducting factor analysis, we based our sample
size upon an expected level of moderate-to-high communality
derived from the expected measurement model, and the number
of expected factors (6). In these instances, a n in the range
of 200–300 is considered sufficient (MacCallum et al., 1999;
de Winter et al., 2009). The participants received oral and
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written information about the purpose of the study, and
then provided informed written consent before filling out
the questionnaires. The Norwegian Centre for Research Data
approved the study protocol.

Modality-Specific Learning Style
Inventories
Translation
In the translation process, a pilot with 27 participants was
conducted to examine whether the translation maintained the
essence in the behavioral statements. Both the English and
the translated Norwegian formats were handed out and the
participants were requested to answer the original English version
if they experienced the content of a behavioral statement to be
dissimilar. Based on the results and feedback from the pilot, the
questionnaires were revised and modified (see below).

Barsch Learning Style Inventory
The BLSI is a self-assessment tool which provides a score for
the modality-specific learning styles, namely visual, auditory and
kinesthetic (VAK) (Krätzig and Arbuthnott, 2006). The inventory
consists of 24 behavioral statements, with eight statements
corresponding to each of the three modality-specific learning
styles. Respondents self-evaluate how often they perform each
behavior, based on a three-point Likert-type scale (1 = seldom,
2 = sometimes, and 3 = often). The three options are scored by
assigning points to each response (five points for often, three
points for sometimes, one point for seldom). The responses
provide three sum scores, one for each modality-specific learning
style, with a maximum sum score of 40 and a minimum score
of 8. Krätzig and Arbuthnott (2006) reported reliability measures
(Cronbach’s alphas) of 0.54 for visual, 0.56 for auditory, and 0.38
for kinesthetic modality-specific learning styles from the BLSI.

In the translation process and after conducting the pilot, three
of the statements from the BLSI were removed – one statement
from each VAK scale – resulting in a total of 21 behavioral
statements. The removed statements were considered not to be
relevant to a Norwegian context for young adults or lost their
meaning in the translation process. The removed statements
were: Learn to spell better by repeating the letters out loud than by
writing the word on paper (auditory), Learning spelling by “finger
spelling the words” (kinesthetic), Grip objects in hands during
learning period (visual).

Learning Style Survey – Part 1: How I Use my
Physical Senses
Just like the BLSI, the LSS is a self-assessment tool, which consists
of 11 parts (Cohen et al., 2009; Tight, 2010). The section of the LSS
with relevance to this study was Part One, which provides a score
for the modality-specific learning styles VAK. The tool consists of
30 behavioral statements, 10 statements corresponding to each
VAK style. Respondents self-evaluate how often they perform
each behavior, based on a 5-point Likert-type scale (0 = never,
1 = rarely, 2 = sometimes, 3 = often, 4 = always). The responses
provide three sum scores, one for each VAK learning style, with a
maximum score of 40 and a minimum score of zero.

Statistical Analysis
The distribution of scores in the dataset was investigated using
the Kolmogorov–Smirnov test, histograms, and Q–Q plots.
For research question 1, CFA was applied to the data from
the university population, through SPSS AMOS, on the three
modality-specific learning styles (VAK) originating from each
of the two assessments (LSS and BLSI). The expected model
for each questionnaire is presented in Figure 1, where circles
represent latent variables and rectangles represent measured
variables (items). Absence of a line connecting variables implies
no hypothesized direct effect. Based on the CFA, the association
between each subfactor of the proposed models was analyzed.

The multidimensional hierarchical model was evaluated
against various types of overall goodness-of-fit indices for the
constructed model: chi-squared (χ2) and normed chi-square
(Barrett, 2007), root mean square error of approximation
(RMSEA) (MacCallum et al., 1996), normed fit index (NFI)
(Bentler and Bonett, 1980), and comparative fit index (CFI)
(Bentler, 1990). The CFAs were conducted with the IBM AMOS
24.0 software (IBM, Armonk, New York, NY, United States).
Reliability estimates for internal consistency and inter-item
agreement for each factor was examined by Cronbach’s
alpha coefficients (Cronbach, 1951).

For research question 2, summarized scores were calculated as
a proxy of factor scores (Distefano et al., 2009) representing the
different VAK learning styles from the LSS and BLSI inventories.
The relationship between factor scores was first examined with
Pearson product-moment correlations, and the dimensional
structure of the correlation matrix was investigated through
exploratory factor analysis. After the underlying structure of
correlation matrices was established, we applied the following
criteria to retain the extracted statistical components: (1)
eigenvalue in accordance with the Kaiser criterion (Yeomans and
Golder, 1982), (2) inspection of scree plots (Cattell, 1966), (3)
eigenvalues larger than expected for permutations of random
data (Horn, 1965), and (4) the standard error scree method
(Zoski and Jurs, 1996). These statistical analyses were conducted
with PASW statistics 25.0 (IBM, New York, NY, United States).
In all analysis, p < 0.05 was applied as the criterion for
statistical significance.

RESULTS

Analyses for Research Question 1
Research question 1 addresses the extent to which responses from
learning style inventories conform to the expected measurement
model (Figure 1) and the degree of internal consistency. As
predicted from learning style theory, participants’ responses
should conform to three distinct modality-specific styles: visual,
auditory or kinesthetic (VAK). As can be found in Table 2, the
CFA resulted in heterogeneity in both absolute and incremental
goodness-of-fit indices for both the BLSI and the LSS. A good
model fit would provide an insignificant chi-square statistic
at a 0.05 threshold (Barrett, 2007), which is clearly not the
case in the current analysis. The normed chi-square (χ2/df ),
however, is below 3 for both inventories which signifies some
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TABLE 2 | Goodness-of-fit indices for the psychometric measurement model applied to Barsch Learning Style Inventory and learning style survey.

x2 p df x2/df CFI NFI RMSEA (90% CI)

Acceptable fit <3 >0.90 >0.90 <0.08

Barsch Learning Style Inventory 505.82 <0.05 186 2.72 0.533 0.435 0.083(0.075–0.92)

Learning Style Survey 972.72 <0.05 402 2.42 0.406 0.303 0.076(0.070–0.082)

degree of fit. A similar pattern emerges from inspection of the
RMSEA indices, which have some degree of variation around
the proposed 0.08 cut-off value. It is generally reported in
conjunction with the RMSEA and in a well-fitting model that
the lower limit is close to 0, while the upper limit should be
less than 0.08 (MacCallum et al., 1996). This is clearly not the
case in the current data. As for CFI and NFI, the obtained
values seem to be well below what is considered to indicate good
model fit (Bentler and Bonett, 1980; Bentler, 1990). Furthermore,
large variations in internal consistency were also found for both
inventories with Cronbach’s alpha ranging from 0.39 to 0.63
and 0.14 to 0.62 for the BLSI and the LSS factors, respectively
(see Table 3).

Analyses for Research Question 2
Research question 2 addresses the relationship between
modality-specific learning style factors within and between
learning style inventories. Across the sample, Bonferroni
correction in independent samples t-tests indicated that
there were no significant gender differences in VAK factor
scores (t ≤ 3, df = 245, p > 0.05). Consequently, further
analysis was conducted on the entire sample (n = 248).
Table 3 reports across all six factors the whole-sample
average and distribution (standard deviation). Raw Pearson
product-moment correlations across all VAK factors that
can be found in Table 3 indicate that all factors from the
BLSI are significantly correlated and that the visual and
kinesthetic factors from the LSS are significantly correlated.
Furthermore, the BLSI visual and kinesthetic factors were
significantly correlated to all three VAK factors computed from
the LSS.

The observed significant correlations in Table 1, inspection of
anti-image matrixes, Kaiser–Meyer–Olkin measure of sampling
adequacy above 0.6, as well as a significant Bartlett’s test of
sphericity (p < 0.001) indicated that the correlation matrix was
legitimately factorable. The PCA of between-factor correlations
resulted in a one-factor solution. The factor eigenvalue (above
1 in accordance with the Kaiser criterion), inspection of scree
plot, as well as the standard error scree test indicated that there
was only one factor. A Monte Carlo simulation (six variables,
248 subjects, 1000 replications) confirmed that this factor had
an eigenvalue larger than expected for randomly generated data.
The factor loadings, eigenvalues and total explained variance are
presented in Table 3. It can be found that the retained one-factor
solution had relatively high loadings from all factors (range 0.6–
0.7), except for the visual learning-style factor extracted from
the BLSI and explained about one third of the total explained
variance. If the BLSI visual learning style factor was removed
from the analysis, the total explained variance increased to ∼40%.

DISCUSSION

The current study had two aims: (1) to examine the degree of
fit between the psychometric measurement model originating
from modality-specific learning style theory within the BLSI and
the LSS and assess the internal consistency, and (2) to examine
the relationship within and between modality-specific learning
style factors derived from the two instruments. The first aim
was carried out by conducting CFA on the responses from the
two inventories as well as investigating the internal consistency
using Cronbach’s alpha. In the context of the modality-specific
learning style theory, participants should demonstrate clear
modality-specific preferences for studying and taking in new
information. Responses should thus conform to a measurement
model with three factors corresponding to the VAK modalities
(see Figure 1). The findings indicated that many of the goodness-
of-fit values signified poor model fit (see Table 2). Furthermore,
the internal consistency values (Cronbach’s alpha) were from low
to medium level. The second aim was examined by investigating
the correlations and factor structure (PCA) of VAK factor scores
from the two inventories. According to modality-specific learning
style theory, only the similar VAK factors should demonstrate
intercorrelations. The findings, however, indicated significant
correlations between most of the modality-specific learning style
factors and a single statistical factor explaining on third of the
variance. This latter measure increased to 40% if one of the
(unreliable) factors was removed from the analysis (see Table 3).

Results from research question 1 showed that reliability
estimates for interrelatedness of items obtained across VAK
factors appeared to be, by any standard, too small to be
interpreted as adequate for any of the two studied inventories.
Although the interpretation of Cronbach’s alpha is not a
straightforward scientific endeavor (Schmitt, 1996), the cut-off
values presented in the literature indicating an adequate alpha
level represent a higher magnitude. A Cronbach’s alpha level at
0.70 is typically applied as a hinge-point in many sources, at
which lower levels should be (at least) interpreted as indicating
a questionable interrelatedness of items (Streiner, 2003; Tavakol
and Dennick, 2011). Bland and Altman (1997), on the other
hand, recommended that for scales that are used as research
tools for comparing groups, alpha values of 0.7 to 0.8 can be
regarded as satisfactory. In more practical (clinical) applications,
however, the authors stated that 0.90 is a minimum level. It is
also well-known that a greater number of items in an inventory
can artificially inflate the value of Cronbach’s alpha, and the
number of pooled items in the current study (range 7–10 items
per VAK factor) might indeed have introduced such an effect.
If this was indeed the case, it should introduce even greater
concern for the reliability estimates obtained in the current
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TABLE 3 | Descriptive statistics, internal consistency (α), Pearson correlations, and overview of principal component analysis of visual, auditory and kinesthetic learning
style factors (n = 248).

Pearson correlations PCA

Learning style Mean (SD) α LSSA LSSV BV BA BK F1 h2

LSS – Visual (LSSV) 22.71(3.52) 0.42 0.09 0.21* 0.07 0.32* 0.28* 0.58 0.34

LSS – Auditory (LSSA) 20.75(3.45) 0.39 0.11 0.08 0.39* 0.34* 0.61 0.37

LSS – Kinesthetic (LSSK) 19.08(4.75) 0.63 0.07 0.17* 0.41* 0.59 0.34

BLSI – Visual (BV) 16.00(1.85) 0.14 0.23* 0.16* 0.01 0.00

BLSI – Auditory (BA) 14.64(2.69) 0.62 0.21* 0.66 0.43

BLSI – Kinesthetic (BK) 14.68(2.35) 0.39 0.73 0.54

Eigenvalue: 2.02

Total explained variance: 33.59%

A, Cronbach’s Alpha; F, Factor; PCA, principal component analysis; h2 are communalities. * p < 0.05 (two-tailed).

study for both the BLSI and the LSS. These findings also
converge with alpha values from the BLSI obtained by Krätzig
and Arbuthnott (2006) and Hansen and Cottrell (2013), which
reported levels of Cronbach’s alpha around 0.50 for visual, 0.60
for auditory, and 0.40 for kinesthetic modality-specific learning
styles, respectively. It thus appears that reliability estimates for
internal consistency by Cronbach’s alpha, at least for a university
population of examinees, signifies questionable interrelatedness
of items for the modality-specific learning style inventories
included in the current study.

The CFA on the expected measurement model (Figure 1)
derived from modality-specific learning style theory did not seem
to indicate a good fit to the data from either of the included
inventories (see Table 1). Although some debate exists in the
literature with regarding to the appropriateness of, and cut-off
values for, different fit indices (Barrett, 2007), the overall pattern
clearly suggests that the current data do not conform to the
VAK learning style model. Similar results with structural equation
modeling have been reported by Wintergerst et al. (2001), Duff
and Duffy (2002), and Odendaal (2015) for other modality-
specific learning style inventories. The results from those studies,
and those from ours, clearly indicate that exploratory and CFA
fails to show support for the existence of the VAK dimensions
and learning styles proposed by theory.

In-depth examination of the inventories included in
the current study might provide some explanation for the
questionable levels of internal consistency and poor CFA model
fit. First, and perhaps foremost, certain behavioral statements
seem to be imprecise and ambiguous regarding the modality-
specific learning style the item is intended to reflect. For instance,
item 4 in the LSS inventory states: “I prefer to learn with TV or
video rather than other media” and high agreement on the item
is supposed to correspond to a visual learning style. However,
this item might just as well reflect that university students prefer
simultaneous audio-visual input in various learning contexts.
Furthermore, some of the statements are vague about the fact that
they do not seem to concern how individuals prefer to obtain and
process information through different modalities in a learning
context. For example, behavioral statement number 23 in the
BLSI reads: “Feel very comfortable touching others, hugging,
handshaking, etc.” It is not clear what aspect of modality-specific

learning style this, and other items, is supposed to reflect upon.
Indeed, ambiguity of behavioral statements has not only been a
concern in the BLSI and LSS inventories, similar argumentation
has been put forward by Leite et al. (2010) in realtion to another
modality-specific learning style inventory.

Ambiguous items might lead to large variability in
interpretation and invoke confusion among respondents.
The lack of clarity might result in more random responses, or
answers based on the respondent’s individual heuristic (Podsakoff
et al., 2003). Indeed, Krätzig and Arbuthnott (2006) examined
what reflections the respondents to the Barsch inventory used
when they examined the different items. The findings indicated
that the respondents did not use specific memories of how they
learned in various situations, but rather applied more general
memories and beliefs that ultimately determined their answers.
The ambiguity of items and its potential consequences for
examinees’ reflections and responses seem to provide a plausible
explanation for the content heterogeneity (McCrae et al., 2011)
observed in limited interrelatedness of items and poor CFA
model fit observed in the current study.

Results for research question 2 indicated that most VAK
factors demonstrated significant correlations within and between
inventories (see correlation matrix reported in Table 3).
Consequently, a one-factor structure emerged through PCA
explaining one third of the variance. The explained variance for
this one factor increased to 40%, however, if the visual learning
style factor from the BLSI was removed from the analysis. These
findings signify that the constructs overlap and demonstrates
a different pattern of intercorrelations compared to what is
predicted by modality-specific learning style theory. According
to the latter, only the similar VAK factors extracted from
different inventories should demonstrate significant correlations.
This finding corresponds to the results obtained by Wintergerst
et al. (2001), Krätzig and Arbuthnott (2006), Hansen and
Cottrell (2013), and Odendaal (2015). Despite differences in
inventories and study participants, all studies demonstrated
intercorrelations between factors and lack of support for the
expected factor structure. Neither study indicated any evidence
to support the modality-specific psychometric model predicted
by theory. The relatively modest amount of data collected
exclusively to validate modality-specific learning style inventories
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thus suggest an overall problem with the application of various
inventories as a tool to classify students into visual, auditory or
kinesthetic learners.

Intercorrelations and shared variance across VAK factors,
as observed in the current study, points to a different pattern
of responding to inventories compared to predictions from
modality-specific learning style theory. Participants are expected
to answer behavioral statements by volunteering clear and
consistent modality-specific preferences for studying and taking
in new information. As this is clearly not the case in the presented
data, a tendency among the participants to give answers that lean
toward a mean sum score across all three learning styles emerges.
Thus, by checking the answer “sometimes” across many items,
the participants identify themselves with behavioral statements
corresponding to each of the modality-specific learning styles.
This in turn, can reflect the findings from several studies that
point to a large proportion of respondents (up to as many as
85%) being indeed categorized as multimodal learners (e.g., Leite
et al., 2010; Kharb et al., 2013; Whillier et al., 2014; Crogman and
Crogman, 2016), as opposed to being classified within a specific
VAK category (see Table 1). This preference for multimodality
across learning contexts can provide an overly simple explanation
for the one-factor solution that emerged in our PCA (see Table 3).

Intercorrelations between various scores, as observed between
the VAK factors in the current study, are typically explained
by positing the existence of an underlying and quantitative
latent psychological factor (Johnson et al., 2008). Our one-factor
result demonstrates similarities with what has been termed the
positive manifold in differential psychology (Borg, 2018), in
which assessments across a wide range of materials and content
demonstrate a single factor that accounts for 40% or more of
the total variance (Deary et al., 2010). Based on the results of
the current study, a general and underlying multimodal learning
style might thus be a plausible account of the observed one-
factor solution. The notion of multimodality in learning is
evident based upon the cross-modal activation and transfer of
information that occurs between sensory modalities. In addition,
the dynamic changes in neuronal organization as the brain
forms various networks based on an individual’s experience and
development, as well as the substantial variability, substantiates
the idea of a multimodal learning style. Finally, individuality
in how people both approach and respond to learning tasks
that contributes to context-dependent learning effects challenges
the modality-specific learning style theory (Chow et al., 2011).
Thus, learners might prefer certain modalities in some situations
and a more multimodal approach in other situations. The
dissemination of such a one-factor theory in terms of an overall
multimodal learning style, however, needs to be evaluated against
other samples and inventories, and is clearly an avenue for
further research.

The current study has limitations that warrant further
investigation. Any psychometric study of various instruments
needs to be evaluated against the sample of participants
under investigation, as inventories might demonstrate different
statistical properties across various populations. Still, one might
argue that young adults from a university population represent an
appropriate sample for evaluating the psychometric model based

upon modality-specific learning style theory. These participants
have long experience with various curricula and teaching at
many (if not all) educational stages, as well as experience
with their current habits for studying. Thus, they have had a
substantial amount of teaching-related exposure that potentially
has shaped their preferences across various learning contexts.
Furthermore, this study does not include any performance- or
ability-related assessments that are important for validating the
modality-specific learning style hypothesis. This basic question,
whether visual learners perform better in visual-processing tasks,
has been examined in various other studies which have all
indicated no relationship between modality-specific learning
style and various task performances (e.g., Rogowsky et al., 2014;
Aslaksen and Lorås, 2019).

CONCLUSION

The current study addressed the psychometric model (Figure 1)
derived from modality-specific learning style theory. The
findings indicated that across various statistical approaches,
no evidence was obtained for the expected three-factor VAK
model. Instead, a one-factor model emerged that explained
a substantial proportion of the variance in the participants’
responses. Furthermore, estimates for internal consistency
indicated questionable interrelatedness of items. These findings
suggest that essential psychometric aspects of reliability and
validity is not at acceptable levels in modality-specific learning
style inventories, in which questions the use of these scores
in classification of learners into supposedly distinct learning-
style groups. A single higher-order factor also clearly points to
the existence of multimodal learning preferences across learning
contexts, as opposed to unidimensional preferences proposed
by modality-specific learning style theory. Further study should
thus investigate whether an overall multimodal learning style in
principle applies to a certain degree in all learning situations.
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