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Abstract

According to cognitive load theory, learning can only be successful when instructional
materials and procedures are designed in accordance with human cognitive architec-
ture. In this context, one of the biggest challenges is the accurate measurement of the
different cognitive load types as these are associated with various activities during
learning. Building on psychometric limitations of currently available questionnaires, a
new instrument for measuring the three types of cognitive load—intrinsic, extraneous,
and germane cognitive load—is developed and validated relying on a set of five empir-
ical studies. In Study 1, a principal component analysis revealed a three-component
model which was subsequently confirmed using a confirmatory factor analysis (Study
2). Finally, across three experiments (Studies 3-5), the questionnaire was shown to be
sensitive to changes in cognitive load supporting its predictive validity. The quality of
the cognitive load questionnaire was underlined by satisfactory internal consistencies
across all studies. In sum, the proposed questionnaire can be used in experimental set-
tings to measure the different types of cognitive load in a valid and reliable manner.
The construction and validation process of the questionnaire has also shown that the
construct germane cognitive load remains controversial concerning its measurement
and theoretical embedding in cognitive load theory.

Keywords Cognitive load measurement - Scale development - Factor analysis -
Subjective scales - Questionnaire

Introduction

Since its first full description in the late 1980s, Cognitive Load Theory (CLT)

has become a prominent and an influential theory in instructional psychology
(Paas and Sweller, 2021; Paas et al., 2004). The theoretical assumptions of this
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framework are used to design learning materials and instructional procedures as
conducive to learning as possible. In order to optimize instructional design, vari-
ous CLT recommendations have been tested for their effectiveness using rand-
omized, controlled experiments (Sweller, 2021). Such experiments often involve
a cognitive load measurement, which is particularly challenging because this
latent construct is not directly observable or physically measurable (Ayres, 2018;
McNeish, 2018). In this context, the learners’ perceived cognitive load including
its types is usually measured with self-rating scales in which individuals reflect
on past learning experiences (i.e., retrospective judgments; e.g., Moller, 2014).
Hereby, a psychological scale or measurement must meet the requirements of
reliability and validity to adequately measure a construct such as cognitive load
(Korbach et al., 2018). A closer look at current available questionnaires reveals
difficulties with item formulations as well as psychometric ambiguities (see sec-
tion “Psychometric limitations of current CLT Questionnaires”). Considering
these challenges, this work aimed to develop and validate a new questionnaire to
measure the learners’ perceived cognitive load during learning more validly and
reliably.

Literature Review
Foundations of Cognitive Load Theory

CLT is based on our knowledge of human cognitive architecture and evolutionary
educational psychology (Sweller, 2020, 2021). According to this theory, process-
ing complex and novel information in a learning situation burden the learner’s
working memory capacity (Sweller et al., 1998, 2011). In this context, CLT aims
to explain how to efficiently use the limited working memory for successful learn-
ing, defined as the construction and automation of knowledge in long-term mem-
ory (Sweller et al., 2019). Central to CLT is the interplay of working memory
and long-term memory (Sweller, 2016). The term working memory refers to brain
systems that are activated when (complex) mental tasks such as language com-
prehension, problem-solving, or reasoning must be carried out (Baddeley, 1992).
However, when dealing with complex, novel information, working memory
reaches its limits. Accordingly, it is assumed that people can process only a lim-
ited number of elements simultaneously (Cowan, 2010; Miller, 1956). Moreover,
there is empirical evidence one can hold novel information in working memory
for not more than 20 to 30 s until it is lost (Peterson and Peterson, 1959). These
limitations protect learners from an overload of new information (Sweller, 2016).
The role of long-term memory within human cognition was decisively influenced
by findings from de Groot (1965). Using the example of playing chess, de Groot
could show that players who could draw on many years of experience were able to
recognize a large number of meaningful board configurations. It is assumed that
long-term memory is unlimited in its capacity to store information. Accordingly,
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the knowledge stored in long-term memory can be retrieved when needed (Uns-
worth et al., 2013). Within long-term memory, a huge amount of retrievable
information is organized into schemata (Bartlett, 1932). Schemata are defined as
cognitive structures which bundle several related pieces of information into one
element. In this vein, learning arises when people construct and automate sche-
mata in long-term memory (Kirschner, 2002). By this, the limitations of working
memory can be overcome when schemata from the long-term memory are acti-
vated in a given learning situation. Novices and experts, therefore, differ in the
amount of domain-specific knowledge stored in their long-term memory (Sweller,
2021). Recently, the foundations of CLT have been expanded by incorporating
findings from evolutionary psychology (Geary, 2008). Following Geary (2005,
2008), information can be divided into two categories — biologically primary and
secondary information. Primary information is essential for human functioning
and is learned without explicit instruction (e.g., learning one’s native language).
In contrast, acquiring secondary knowledge is associated with more effort and
is often supported by an external person. In this context, an instructor (e.g., a
teacher) gives his or her knowledge to a person who lacks that knowledge. In this
context, people obtain secondary knowledge from other people in different ways,
for example by listening to them or reading their texts (borrowing and reorganis-
ing principle; Sweller, 2021). Knowledge and skills, such as mathematics or the
ability to read as secondary information, are therefore taught in educational and
training contexts causing a high cognitive load on the learners’ working mem-
ory (Paas and Sweller, 2012). Recommendations derived from CLT are primarily
focused on the acquisition of secondary knowledge. Accordingly, cognitive load
is usually measured in learning settings in which such knowledge is to be learned.

Types of Cognitive Load

Traditionally, the load imposed on the learner’s cognitive system is divided into
three types, namely intrinsic (ICL), extraneous (ECL), and germane cognitive
load (GCL; Sweller et al., 1998). On a conceptual level, it is assumed that ICL and
ECL are additives (Sweller, 2010; Sweller et al., 2011). The resulting total cogni-
tive load determines the amount of required working memory resources needed
for learning. Ideally, cognitive resources are directed to handle the intrinsic load
(germane processing; Paas and van Merriénboer, 2020). Once the demands of the
learning task exceed the capacity of working memory, a cognitive overload occurs
(Mayer and Moreno, 2003). The aim of CLT is thus to avoid a cognitive overload
during learning by providing appropriate instructional materials (de Jong, 2010).
For this, knowledge of the individual cognitive load types is necessary.

Intrinsic Cognitive Load

Intrinsic cognitive load (ICL) refers to the load imposed by the learning task’s
complexity. Accordingly, the complexity is reflected in the element interactivity
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describing the learning task’s inherent number of elements and their interrelations
(Sweller, 2010). A learning task can thus be classified on a continuum between low
and high element interactivity depending on how much information needs to be pro-
cessed simultaneously (Sweller and Chandler, 1994). The intrinsic load imposed
on working memory can be reduced when learners can resort to already formed
schemata stored in long-term memory—that is domain-specific prior knowledge
(Sweller et al., 2019). In summary, a high intrinsic load arises when a complex task
containing high element interactivity must be handled by a person who has little or
no prior knowledge of the subject matter. From the perspective of an instructional
designer, the aim is not to reduce the amount of complexity but rather to help stu-
dents to manage the intrinsic load (Mayer and Fiorella, 2021). In this context, it is
possible to equip learners with relevant prior knowledge which should help to pro-
cess the learning contents (pre-training principle; Mayer et al., 2002). It is assumed
that people learn better when they are familiarized with key terms before the actual
learning material is presented (Mayer, 2017).

Extraneous Cognitive Load

Extraneous cognitive load (ECL) results from processes that are not relevant to
learning. In general, ECL is determined by the presentation format of the learn-
ing material (Sweller et al., 2019). An inappropriate design of the learning material
represents an unnecessary (or unproductive) load on the learners’ working memory
(Kalyuga and Singh, 2016). Instructional designers should therefore focus their
attention on reducing the ECL to free up enough cognitive resources for learning-
relevant activities. In this vein, several recommendations were derived from CLT
(Paas et al., 2003). For example, it is recommended to avoid search processes within
the learning material by physically and temporally integrating related, learning-rele-
vant information (e.g., Schroeder and Cenkci, 2020). From a cognitive load perspec-
tive, spatially distant formats generate extraneous load because learners are forced
to hold information in working memory while searching for referential information
(split-attention effect; Sweller et al., 2011). Instructional designers should therefore
follow the principles of spatial and temporal contiguity when presenting learning
contents (for a meta-analysis, see; Schroeder and Cenkci, 2018).

Germane Cognitive Load

While the position of both the ICL and ECL within CLT framework is relatively
indisputable, the role of the third type — germane cognitive load (GCL) — is still
controversial (Jiang and Kalyuga, 2020; Kalyuga, 2011). GCL was added to the
CLT framework at a later stage of development (Sweller et al., 1998) because it
has become increasingly clear that cognitive load is also a necessary prerequisite
for learning. To transfer information to long-term memory (i.e., schemata construc-
tion and automation), learners must actively invest cognitive resources (Moreno
and Park, 2010). Consequently, the GCL as a learning-relevant (or productive) load
should be as high as possible, as this is interpreted as a sign of engaged learners
devoting their cognitive resources to learning. Following these assumptions, GCL

@ Springer



Educational Psychology Review (2023) 35:9 Page50f37 9

rather holds an allocation role in distributing working memory resources to learn-
ing-relevant activities (i.e., dealing with the intrinsic load; Sweller, 2010). As indi-
cated above, ICL and ECL additively form cognitive load (Sweller, 2010; Sweller
et al., 2011). Thus, learning materials should be designed to reduce ECL so that
working memory resources are freed to deal with ICL (i.e., complexity) by mental
effort investment. This allows sufficient cognitive resources to be devoted to ICL
what is described as germane processing (Paas and van Merri€nboer, 2020). Ideally,
working memory resources are used for the construction and automation of sche-
mata (Kirschner, 2002). These remarks suggest that ICL and GCL are closely inter-
related (Kalyuga, 2011). Instructional designers apply various design principles to
foster GCL while learning. One way is asking students to mentally form a picture of
the key material described in a scientific text or an auditory explanation (imagina-
tion principle; Leopold and Mayer, 2015). Seeing with the mind’s eye is assumed
to support learning as learners actively stimulate learning elements and their rela-
tions resulting in coherent mental representations. In line with the generative learn-
ing theory, translating information depicted in a text to a mental image initiates the
learner to perform learning-relevant activities such as selecting relevant information,
organizing information into meaningful mental models, and integrating these mod-
els with prior knowledge (Fiorella and Mayer, 2016).

Measuring Cognitive Load

Measuring the different types of cognitive load is of high importance for research-
ers as this is a valid way to examine why some learning materials are more difficult
to learn than others. However, valid and reliable measurement is an ongoing chal-
lenge in CLT research (Ayres, 2018; de Jong, 2010; Moreno, 2010). In this vein,
measuring instruments must be able to differentiate between the types of cognitive
load to better assess the effectiveness of specific instructional designs and princi-
ples. According to Kirschner et al., (2011, p. 104), developing instruments that meet
the conceptual types of cognitive load, “has become the holy grail of CLT research.”

In general, the most common approaches to measuring cognitive load can be
classified into dual task measures, physiological parameters, and self-rating meas-
ures (Paas et al., 2003). Since dual-task methods and physiological measurements
are outside the scope of this work, they should be explained only briefly for the sake
of completeness. In the application of the dual-task method, a second task is added
to the learning scenario (Briinken et al., 2002). Learners are therefore required to
work on two tasks at the same time, with learning performances measured in both
tasks. It is assumed that performance in the secondary task drops when the primary
task consumes too many cognitive resources and therefore represents a high cog-
nitive load. Furthermore, physiological parameters have been increasingly used in
recent years to infer cognitive load. It is assumed that parameters such as pupil dila-
tion (Sibley et al., 2011) or electroencephalography measures (Antonenko et al.,
2010) are related to processes described in CLT. In general, collecting physiological
data requires a greater effort and is often hardly economical (Klepsch et al., 2017).
As with dual-task methods, physiological parameters are not able to differentiate
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between types of cognitive load. While self-rating measures are highly subjective,
dual-task measures and physiological parameters are rather objective measures of
cognitive load. All of these attempts have their strengths and weaknesses whereby
subjective scales of cognitive load are the most used type of measurement in educa-
tional psychology and beyond (e.g., Schmeck et al., 2015).

Measuring Cognitive Load with Unidimensional Scales

One of the first attempts to measure cognitive load in research and practice with
subjective scales was made by Hart and Staveland (1988), who developed the NASA
Task Load Index (TLX) focusing on perceived workload. It is used, for example,
to measure the workload of nurses in intensive care units (Tubbs-Cooley et al.,
2018) or pilots during simulated flight tasks (Mansikka et al., 2019) demonstrat-
ing the important role of this construct in human factors research. Accordingly, the
perceived workload is defined and measured as a broader construct which makes it
rather useless for use in educational scenarios. For educational psychology research,
probably the most popular and widely used subjective instrument was developed by
Paas (1992). This single-item asks learners to rate their perceived mental effort on
a 9-point scale ranging from very, very low mental effort to very, very high mental
effort. Consequently, the perceived mental effort is an indicator of the cognitive load
caused by the learning task. A high level of invested mental effort can be understood
as an indication of a complex learning task. Although the scale from Paas (1992)
can be used in a less intrusive way in educational contexts, it does not differenti-
ate between types of cognitive load. Moreover, using single items is connected with
psychometric problems in terms of reliability as, for example, reliability indices
need to have more than one item to be calculated. Besides the approach to measure
the overall cognitive load, there have been attempts in recent years to measure the
different types of cognitive load. However, one-item scales were often used in these
contexts. For instance, Ayres (2006) used a rating scale ranging from extremely easy
to extremely difficult to assess the learners’ perceived intrinsic load in terms of a
learning task. Cierniak et al. (2009) measured extraneous load with the question
of how difficult it was to learn with the material. As pointed out by Leppink et al.
(2013), the use of these scales is problematic concerning different scale points and
labels. Moreover, some of these scales have not been validated.

Measuring Cognitive Load with Multidimensional Scales

An often-used multidimensional questionnaire for the differentiated measurement
of cognitive load in complex knowledge domains was developed by Leppink et al.
(2013). The scale consists of ten items measuring the individual types of cognitive
load. Concerning the formulation, the ICL items focus on the perceived complexity
of formulas, concepts, and definitions associated with the learning task. The higher
the complexity, the higher the ICL should be assessed. In contrast, the three ECL
items refer to the instruction’s clearness and effectiveness. For example, unclear lan-
guage would therefore increase extraneous load. The four GCL items focus on the
learners’ understanding of the formulas, concepts, and definitions. The questionnaire

@ Springer



Educational Psychology Review (2023) 35:9 Page70f37 9

was validated in the area of statistics, mainly because this area of knowledge is con-
sidered challenging for students. Leppink et al. (2013) found promising results sup-
porting the three-factor model of cognitive load and replicated the questionnaire
validation in another study (Leppink et al., 2014), but within a different learning
domain (language learning). For this purpose, the item formulations were adapted
to the new learning setting, whereby the three-factor solution was confirmed as well.
However, because of problems with the GCL scale (lack of correlation with learning
performance), one GCL-related item was added in a further study to explicitly cap-
ture the effort required to cope with cognitive load. Accordingly, the new cognitive
load instrument consists of 13 items. However, in recent years, the 10-item measure-
ment instrument has become established in experimental practice (e.g., Beege et al.,
2019; Chung & Cheon, 2020; Schneider et al., 2021; Wang et al., 2021). Neverthe-
less, it seems conceptually logical that learners need to exert mental effort to cope
with both intrinsic and extrinsic loads (Klepsch and Seufert, 2021).

Another attempt to measure the different types of cognitive load was made by
Klepsch et al. (2017). Similar to the scale from Leppink et al., (2013, 2014), it con-
sists of multiple items directly measuring the different cognitive load types. Two
items were designed to measure ICL referring to the task’s complexity and the num-
ber of elements of information that must be kept in mind during learning. ECL is
measured with three items focusing on the difficulty to link crucial information,
the design of the task, and finding important information. Depending on whether
the learning material contains prompts that may elicit GCL, GCL is measured with
either two or three items. The items concentrate on the effort to understand the over-
all context as well as the ambition to understand everything correctly. The third item
is only useful when the GCL is intentionally varied, e.g., with prompts, and asks
whether the learning task consisted of elements that supported task comprehension.
Another limitation refers to the item formulations. Some of the items contain the
designation “task” which can lead to potential misunderstandings. Since it is com-
mon in experimental studies in the field of educational psychology to conduct a
learning test after learning, the items could lead to the learning test rather than the
learning intervention being assessed in terms of cognitive load. To avoid this, appro-
priate instruction is necessary. Interesting to note is the fact that learners completed
the Klepsch et al. (2017) scale either with or without prior knowledge of CLT. Stu-
dents assigned to the informed rating group received an introduction to CLT and
its types. This should enable the learners to be able to better differentiate between
cognitive load types with the awareness of how the types are also related to each
other. In contrast, learners in the naive rating group received no introduction to CLT.
As assumed, providing learners with knowledge leads to a more valid measurement
of cognitive load. Participants were able to assess the cognitive load as postulated by
theoretical assumptions. However, besides being a promising way to ensure a valid
cognitive load measurement, providing learners with an introduction to CLT is not
always possible.

The most recent approach to develop and validate a new CLT questionnaire was
made by Donmez et al. (2022). Similar to the mentioned instruments, the question-
naire measured the cognitive load in a differentiated way. Three of the ICL items
focus on the learner’s prior knowledge while one item is related to the learning topic
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and asks respondents to decide whether the topic was quite strange to them. From a
conceptual perspective, this wording is not fully aligned with CLT since it does not
measure the complexity of the learning content. Five ECL items refer to the clear-
ness and adequacy of the language and the instructions and explanations. The four
GCL items of the questionnaire from Donmez et al. (2022) are also disputable con-
cerning the theoretical fit to CLT. Wordings like pleasure (item GCL2) and inter-
esting (item GCL4) while learning are not considered in this cognitively oriented
theory and express more affective feelings during learning. In addition, the active
use of cognitive resources is not addressed in the items.

Psychometric Limitations of Current CLT Questionnaires

In recent years, the questionnaires by Leppink et al. (2013) and Klepsch et al. (2017)
have become established in CLT research. In this vein, these instruments have been
used in a variety of empirical studies to measure cognitive load. Nevertheless, a
closer look reveals psychometric ambiguities. The questionnaire developed by Lep-
pink et al. (2013) was verified with an exploratory and confirmatory factor analysis
that is in line with common recommendations (e.g., DeVellis and Thorpe, 2021; Wor-
thington and Whittaker, 2006) and has been done in other psychology-related scale
developments (e.g., Alisat and Riemer, 2015; Exline et al., 2014; Shea et al., 2019).
In addition, a randomized experiment was added to examine the effects of two dif-
ferent formats of worked examples (familiar vs. unfamiliar) on cognitive load types
and learning outcomes. Here, theory-consistent results could be found. For instance,
learners with a higher level of prior knowledge reported a lower ICL and the order
of the examples had a significant impact on ECL perceptions. However, no separate
experiments were performed to verify whether the questionnaire could explicitly dif-
ferentiate between types of cognitive load, which would be an important criterion for
assessing validity. Similarly, the paper from Donmez et al. (2022) did not report any
experimental studies in which the types of cognitive load were manipulated sepa-
rately. In the validation paper of their questionnaire, Klepsch et al. (2017) have not
reported any exploratory factor analysis. For example, it is not clear whether items
had to be removed from the questionnaire because of factor loadings. Another critical
point is related to the number of items per cognitive load type. Cognitive load types
are measured with two (ICL) or three items (ECL, GCL). Measuring an abstract con-
struct such as cognitive load with a small number of items is problematic (Carpenter,
2018). In this context, various methodologists recommend using at least four or five
items per factor or construct (e.g., Costello and Osborne, 2005; Reise et al., 2000).
Furthermore, the questionnaire by Klepsch et al. (2017) was developed and validated
in the German language. To make the questionnaire applicable to the broad scien-
tific public, an English translation was given. However, the paper did not explain in
more detail how the translation was done—whether it was done, for example, by a
native speaker or a linguist. The questionnaire from Dénmez et al. (2022) was devel-
oped with one exploratory factor analysis complemented by two confirmatory factor
analyses which is in line with methodological recommendations (e.g., Worthington
and Whittaker, 2006). However, from a psychometric view, the mixture of reversed
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items (i.e., positive and negative items) could be problematic (e.g., Barnette, 2000).
In this context, a study by Sonderen et al. (2013) showed that reverse-worded items
may lead to inattention when responding to a questionnaire. Similarly, considering
findings from Swain et al. (2008), respondents seem to make errors when the items
do not reflect their experiences, i.e., claim the opposite. In sum, it is recommended to
formulate all items in the same direction (Sonderen et al., 2013).

Construction of the Questionnaire
Process of the Questionnaire Development

The proposed questionnaire was developed following recommendations from vari-
ous methodologists (e.g., Carpenter, 2018; DeVellis and Thorpe, 2021; Worthing-
ton and Whittaker, 2006). In a first step, the authors jointly developed a catalog
of items of 17 items (Table 1), each measuring one of the three types of cognitive
load (Greco et al., 2011). This was preceded by an extensive literature research to
determine what the cognitive load items should measure (see section “Types of Cog-
nitive Load”). In this context, the authors resorted to both foundational literature
(e.g., Sweller, 1988, 1994; Sweller et al., 1998) as well as newer considerations
(e.g., Sweller, 2020, 2021; Sweller et al., 2019) to formulate the items as precisely
as possible. As suggested by Klepsch et al. (2017) as well as Leppink et al., (2013,
2014), the questionnaire developed in this work aims to measure the learners’ per-
ceived cognitive load by measuring all types of cognitive load separately with mul-
tiple items (see Table 1). For example, the items representing ICL should reflect
the conceptual components of this cognitive load type (perceived task complexity as
well as prior knowledge). Since ICL focuses on the learning content (along with the
information it contains), the designation “learning content” was used in the items.
Thus, it should be easier for learners to assess exactly what makes ICL unique. In
contrast to previous questionnaires, one ICL item explicitly focuses on prior knowl-
edge as an essential part of our understanding of intrinsic load (e.g., Sweller et al.,
2019). Items intended to measure ECL were oriented to the design of the learning
material and not its complexity. In this context, the items were formulated to fit a
variety of sources of extraneous load (for a discussion see Krieglstein et al., 2022b).
Since there is growing evidence that learners seem to have problems differentiat-
ing between ICL and ECL, the strict use of the terms “learning content” (ICL) and
“design or structure of the learning material” (ECL) should make it easier for learn-
ers to separate the two loads in the assessment of learning experience. In addition,
cognitive load types can be assigned to either active or passive load types (Klepsch
and Seufert, 2021). The complexity (ICL) and design (ECL) of the learning inter-
vention are experienced passively by the learner, while the learner must invest cog-
nitive resources to cope with the passively experienced loads (see also Krell, 2017).
In line with these assumptions, the items intended to measure both the ICL and ECL
were formulated passively (e.g., by assessing the complexity of the learning con-
tent). In contrast, the items designed to measure GCL were formulated from a first-
person perspective (“I”’). This is intended to make it easier for learners to assess the
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active investment of their cognitive resources for learning. An exception is item 10
(ECL) in which learners are asked to estimate whether the design of the learning
material caused them to lose concentration on the learning contents. Here, the first-
person perspective was also used. This formulation was intended to help respond-
ents to assess more accurately the extent to which the design of the learning material
results in a negative effect on learning. In detail, the items intended to measure GCL
refer to germane processing as the underlying definition assumes that working mem-
ory resources should be devoted to intrinsic load (Sweller et al., 2011). The GCL
items consider this definition by focusing both on mental effort (Paas and van Mer-
riénboer, 2020) as well as schema construction and automation, which is defined as
the overall goal of learning (Moreno and Park, 2010). Thus, the items asked whether
learners actively reflected upon the learning content and to what extent they made
an effort to understand the learning content. To include the schema construction and
automatization processes, items refer to the extent to which the learning content was
comprehensively understood and the extent to which the existing prior knowledge
could be expanded with the learned information. To record the aspect of a successful
learning process, learners were asked whether they can apply the acquired knowl-
edge quickly and accurately. It becomes clear that the five items intended to measure
GCL follow a chronological order along the learning process. Learners must make
a mental effort (i.e. actively understand the learning content). By this, a schema can
be constructed and automated. The term “learning content” was consequently used
to help learners to better assess the extent to which they devote cognitive resources
to intrinsic load.

In Study 1, the item catalog was examined with the help of a principal compo-
nent analysis (PCA) to determine the number of components (or factors). After the
number of factors (cognitive load types) was determined, the item structure was fur-
ther confirmed using confirmatory factor analysis (CFA) in Study 2 (based on a new
sample). This approach is generally accepted when developing questionnaires and
is therefore used in educational psychology (Leppink et al., 2013) and beyond (e.g.,
Gim Chung et al., 2004; Lecerf and Canivez, 2018; Meichsner et al., 2016).

Procedure of the Measurement Validation

After these factor-analytical considerations, the proposed questionnaire should be
tested in experimental settings to find out whether intentionally manipulated instruc-
tional designs are reflected in the cognitive load scales. For this purpose, three
experimental studies are conducted, each varying one cognitive load type (e.g.,
Klepsch and Seufert, 2020), to determine whether the instrument can differentiate
between the certain cognitive load types as would be expected based on theoretical
assumptions as well as the intentional manipulation of the instructional design. For
this purpose, each cognitive load type was manipulated separately (Study 3: ICL;
Study 4: ECL; Study 5: GCL) to further validate the questionnaire. To make the pro-
posed cognitive load questionnaire applicable to the broad scientific public in educa-
tional psychology research and beyond, an additional translation of the questionnaire
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into English is described. For this reason, the construction process was assisted by a
professor of English and digital linguistics.

Study 1: Principal Component Analysis

Because of the rather small sample size, a principal component analysis (PCA) was
preferred over an exploratory factor analysis (EFA) as it is less stringent in terms of
assumptions (e.g., Leppink et al., 2013). This multivariate statistical method aims to
reduce the dimensionality of data into a few components (Ringnér, 2008).

Method

Participants For the first study, data from 69 participants (78.3% female) was col-
lected. The sample consisted of students from Chemnitz University of Technology
in Germany (M, =23.28; SD,,.=3.28). They were enrolled in the study courses
media communication (55.1%), media and instructional psychology (42.0%), and
others (2.9%). Most of the students were in the first (40.6%), third semester (26.1%),
or fifth semester (23.2%) of their studies.

Instructional Material The learning material used in the first study dealt with the
processes in a wastewater treatment plant. Therefore, the participants received a
static picture including written explanations of the processes explaining how waste-
water is purified in various basins before being discharged into neighboring rivers
or streams. While the schematic picture of the processes was shown on the left-hand
side, the corresponding explanations were presented in text form on the right-hand
side (see Fig. 1).

Procedure The study was conducted online via the open-source survey software
LimeSurvey. Participants, who were invited to participate via email mailing lists,
were able to work on the study on their own. They were instructed in writing to
study the learning material carefully, as they would then be asked to complete ques-
tionnaires. Afterward, participants completed the proposed cognitive load question-
naire. The 17 items were assessed on a 9-point Likert-type scale. This scale width
was chosen because a meta-analysis by Krieglstein et al. (2022a) showed that nine
scale points used in the existing cognitive load questionnaire were associated with
higher reliability values. Participants were asked to fill in the questionnaire based on
the following instruction: “Your task is to evaluate the previous learning interven-
tion. Please answer the following statements on a Likert-type rating scale from 1
(not at all applicable) to 9 (fully applicable).” Since only the endpoints of the scale
were labeled, the scale can be considered interval-equivalent (Wildt and Mazis,
1978). Such numerical scales are the common way to measure constructs like cogni-
tive load (Ouwehand et al., 2021).
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Analysis Plan

PCA was performed using IBM SPSS Statistics (IBM Corp., 2021). The catalog
consisting of 17 items was factor-analyzed using oblique (i.e., oblimin) rotation for
analytic rotation. Similarly, Costello and Osborne (2005) recommend using oblique
rotation in the field of social sciences. As the responses were made on an interval-
equivalent scale, the correlation matrix was analyzed. The number of components to
be extracted was determined based on parallel analysis (O’Connor, 2000). This anal-
ysis is based on the parallel comparison between eigenvalues extracted from random
data sets and the actual data (Buja and Eyuboglu, 1992). After calculating the analy-
sis with subsequent verification of sampling adequacy (Dziuban and Shirkey, 1974),
the next step was to retain and delete items based on previously defined criteria
(Schreiber, 2021; Worthington and Whittaker, 2006). As pointed out by Carpenter
(2018), it is common in scale development to remove items. Besides, it is important
to meet the requirement of an optimal scale length to ensure participants’ motiva-
tion (Carpenter, 2018). The decision whether an item should be retained or deleted
should be made based on previously defined criteria. In general, it is assumed that an
item can be deleted because of (1) a poor factor loading (< 0.05; Mertler and Vann-
atta, 2001), and/or (2) cross-loadings (> 0.30; Worthington and Whittaker, 2006). In
addition, several methodologists recommend to measure a construct (or factor) with
at least four to five items (e.g., Costello and Osborne, 2005; Fabrigar et al., 1999).
In line with Worthington and Whittaker (2006) as well as Schreiber (2021), the PCA
must be rerun with the revised version of the instrument. To ensure internal consist-
ency of the components, McDonald’s omega (®; McDonald, 1999) was calculated
for the revised cognitive load questionnaire.

Results

The adequacy of the sample was verified with the Kaiser—-Meyer—Olkin (KMO) meas-
ure and Bartlett’s test of sphericity (Bartlett, 1950; Kaiser, 1974). Results revealed that
the sampling adequacy can be accepted with a middling value of KMO=0.794 (Kai-
ser, 1974) indicating low partial correlations between variables. Furthermore, Bartlett’s
test of sphericity (Bartlett’s 2(136)=746.59, p<0.001) revealed that the data are suit-
able for factor analysis. The means with corresponding standard deviations, skewness,
kurtosis, and component loadings are displayed in Table 2. Parallel analysis revealed
that three components can be extracted from the data. After the principal component
analysis has been performed, the number of items was reduced as described in the
Analysis plan section. In general, two items had to be removed. The items intended to
measure ICL and ECL could be maintained completely because of high factor loadings
(0.77-0.90) and small cross-loadings (0.01-0.21) following recommendations from
Worthington and Whittaker (2006). However, two items intended to measure GCL had
to be removed for subsequent analysis steps. Specifically, item 14 was removed because
it had the lowest factor loading (—0.49) and cross-loadings with the two other compo-
nents (—0.14; —0.24). Item 12 was also removed from the questionnaire since it had the
second lowest factor loading (—0.70) within the component. The cross-loadings of item
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Fig. 1 Learning material used in Study 1 (presented in German)

12 (0.17;—0.15) also led to exclusion of this item. In addition, the inter-item correlation
of the items was calculated because of its importance for item selection (McDonald,
1999). All items showed values above 0.50 which can be considered a good inter-item
correlation (Kelava and Moosbrugger, 2020). Another important criterion for exclusion
was the number of items. By removing item 12 it was possible to ensure that all compo-
nents contained the same number of items resulting in a set of 15 items. Subsequently,
the PCA was repeated with the revised instrument. The item reduction increased the
KMO to 0.835 which can be interpreted as a meritorious value (Kaiser, 1974). Again,
the Bartlett test of sphericity (Bartlett’s *(105)=726.39, p<0.001) revealed data fit.
As can be seen in Table 2, the item reduction did not lead to any noteworthy changes
in the factor loadings and cross-loadings for the components. The final solution con-
sisted of 15 items underlying three components that explained 74.3% of the total vari-
ance which is above the recommended value of 50% (Henson and Roberts, 2006).
Interestingly, the signs of the factor loadings of the items intended to measure the GCL
reversed (negative to positive). Internal consistencies were satisfactory across the cog-
nitive load types (oo =0.93; wg, =0.91; wge, =0.88). Unsurprisingly, the overall
reliability of ®=0.61 was rather low, which is reasonable when considering that the
individual items are intended to measure different types of cognitive load. Furthermore,
correlations between the three components were calculated. ICL and ECL were posi-
tively correlated (r=0.29; p=0.015). In contrast, ICL and GCL (r= —0.36; p=0.002)
as well as ECL and GCL (r= —0.38; p=0.002) were negatively correlated.

Study 2: Confirmatory Factor Analysis
In the next step, the retained items were examined using confirmatory factor analy-
sis—a more restrictive form of factor analysis (CFA; Lance and Vandenberg, 2002).

It is a deductive approach intended for hypothesis testing focusing on the examina-
tion of relations among latent constructs (in this case, cognitive load; Jackson et al.,
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Table2 Descriptive values and component loadings of the items of the principal component analysis
(Study 1)

Component/  Mean (SD) Skewness Kurtosis Inter-item Component loadings before and (after

item correla- item reduction)
tion
CL1 CL2 CL3
Component 1
crL)
Item 1 270 (1.65) 1.62 269 0.80 .86 (.88) -.11(01) —.03(03)
Item 2 275(1.79) 144 1.53 0.84 .86 (.86) .04 (.03) .10 (-.10)
Item 3 3.30(1.87) 1.15 0.78  0.83 .89 (.89) .02 (.00) —.03 (.01)
Item 4 3.41(1.90) 1.30 129 0.84 .89 (.90) .08 (.08) —.09 (.08)
Item 5 2.86(1.90) 1.30 128  0.77 .81(.82) —-.07(-.06) .12(-.12)
Component 2
(ECL)
Item 6 3.32(2.19) 0.87 -0.12 0.74 21 (.23) 17 (.76) .01 (-.01)
Item 7 4.06 (2.29) 0.32 -099 0.77 .08 (.07) .82 (.82) .01 (—.03)
Item 8 4.38 (2.46) 041 -1.02 0.82 —.18(-.18) .88 (91) A1 (=.11)
Item 9 449 (2.23) 021 -098 0.77 —.06 (-.04) .90 (.91) —.10(.10)
Item 10 3.93(2.45) 047 -0.81 0.77 .02 (.03) .82 (.83) .05 (—.04)
Component 3
(GCL)
Item 11 6.17 (1.77) —0.52 -0.39 0.80 .14 (.16) .04 (-.02) —.94 (.95)
Item 12% 5.29(2.27) -0.18 -1.04 058 17 -.15 -.70
Item 13 7.20 (1.65) —1.37 1.91 0.64 .03 (.04) .01 (—.05) —.76 (717)
Item 14* 6.72(1.54) -0.62 0.02  0.53 -.14 —.24 —-.49
Item 15 5.41(1.68) -0.33 -038 0.74 —.07(-.05) .01(-.04) —.82(.82)
Item 16 6.14 (2.13) -0.63 -044 0.70 —.24(-.22) .03(.01) —.73 (74)
Item 17 4.74 (1.93) -0.14 -0.63 0.67 —.08 (=.05) .07 (.04) =77 (.78)

“Item 12 and Item 14 were removed from the questionnaire and are therefore shown in italics

2009). Since the previous PCA resulted in a three-component solution and previ-
ous cognitive load questionnaires also relied on a three-factor model (Donmez et al.,
2022; Klepsch et al., 2017; Leppink et al., 2013), the a priori hypothesis explicitly
assumed that the observed ratings of the items loaded on three latent variables (fac-
tors). Besides the evaluation of the proposed cognitive load questionnaire with its
latent structure, the second objective was to test for construct validity defined as
the embedding of the measure in a nomological network with other, theoretically
aligned variables (Cronbach and Meehl, 1955). Specifically, it should be checked
whether the developed questionnaire meets the psychometric requirement of con-
vergent validity. Convergent validity is present when a proposed questionnaire is
related to other scales that measure the same construct (Krabbe, 2017). In this con-
text, the questionnaire by Klepsch et al. (2017) was used in addition to the proposed
instrument. To ensure convergent validity, both instruments (or rather the respective
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cognitive load types) should correlate. For example, our proposed ICL items should
correlate with the ICL items proposed by Klepsch et al. (2017). If this case occurs,
it can be assumed that our instrument measures something similar to the cognitive
load questionnaire of Klepsch et al. (2017).

Method

Participants For the second study, participants were recruited via Prolific (https://
www.prolific.co/), a platform for recruiting participants for online experiments or
surveys with selected target groups. There is empirical evidence proving the high
data quality of Prolific for behavioral research (e.g., Eyal et al., 2021). In line with
recommendations from various methodologists (e.g., Bentler and Chou, 1987),
a ratio of 10:1 (participants to items) was used to determine appropriate sample
size. Overall, 158 participants (M,,.=32.08; SD,,.=10.81) took part in the sec-
ond study. 44.3% of the participants were female. The majority of the participants
were employees (45.6%) or students (32.9%). All participants spoke German as their
native language to ensure that both the learning material as well as the cognitive
load questionnaire could be understood adequately.

Instructional Material In accordance with the first study, the learning material of the
second study consisted of a static picture accompanied by textual explanations. The
static picture illustrated the schematic structure of a nerve cell. Hereby, the picture
and eight corresponding labels were presented spatially separated. In addition to the
name of the respective component (e.g., axon, soma, and myelin sheath), informa-
tion about the function was also given (see Fig. 2).

Procedure Again, the study was conducted online via the open-source survey soft-
ware LimeSurvey. After participants received the invitation to participate from Pro-
lific, they could start the study independently. Participants were instructed in writing
to study the learning material carefully, as they would then be asked to complete
questionnaires. After engaging with the learning material, participants completed
two cognitive load questionnaires (the proposed questionnaire and the questionnaire
by Klepsch et al., 2017). In order to avoid potential confounding effects from spe-
cific item orders, the items were presented randomly. The items were assessed by the
participants based on a 9-point Likert-type scale (1 =not at all applicable; 9 =fully
applicable).

Analysis Plan

A confirmatory factor analysis was performed using the robust maximum likelihood
(robust ML) estimation. This estimator was used since the assumption of multivari-
ate normal distribution was violated and robust ML is less dependent on the assump-
tion of multivariate normality (Li, 2016). The 15 remaining items from Study I were
factor analyzed to check whether the items load on the three proposed cognitive load
types. Analysis was performed using RStudio (RStudio Team, 2022). Oriented to Hu
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and Bentler (1998), the model fit was checked relying on several indices, namely the
comparative fit index (CFI), the root-mean-square error of approximation (RMSEA),
the goodness-of-fit index (GFI), and the standardized root mean squared residual
(SRMR). Values greater than 0.95 are usually interpreted as an acceptable fit for
the CFI (Bentler, 1990), while values greater than 0.90 indicate an acceptable fit for
the GFI (Marsh and Grayson, 1995). Concerning the RMSEA, the value should not
exceed the cut-off 0.10 (Browne and Cudeck, 1992). With respect to the SRMR, the
value should be close to 0.08 or below (Hu and Bentler, 1998).

Results

Bartlett’s test of sphericity (Bartlett’s )(2(87)=210.98, p<0.001) confirmed sam-
ple fit for factor analysis. The initial model showed an acceptable fit of the data
(CFI=0.92; RMSEA =0.10; GFI=0.92; SRMR =0.07). Factor loadings revealed
that all items load on the intended factor (p <0.001). A closer look shows that the
items intended to measure ICL and ECL have high factor loadings ranging from
0.73 to 0.93. For the GCL, however, the factor loadings were lower, ranging from
0.35t0 0.91. The items 11 (0.41) and 13 (0.35) showed lower factor loadings. These
items were not deleted to maintain the theoretical convergence of the construct (e.g.,
Carpenter, 2018). Table 3 illustrates descriptive values, squared multiple correla-
tions as an indicator of item reliability, and factor loadings. In addition, the internal
consistency of the three factors (respectively cognitive load types) can be assessed
as good to very good (wyc, =0.93; wgc =0.93; g, =0.80). To check for conver-
gent validity, correlations between the proposed cognitive load items and the items
by Klepsch et al. (2017) were calculated with Pearson’s correlation coefficient r
(Table 4). In sum, evidence for moderate convergent validity could be found. With
regard to ECL, the correlation showed satisfactory convergent validity considering
the recommendations of Carlson and Herdman (2012). The correlation between the
ICL items was lower, but still in the acceptable range. For the GCL items, the low-
est correlation was found. The problems concerning this cognitive load type will be
taken up again in the “General Discussion” section.

Study 3: Varying Intrinsic Cognitive Load

Lastly, three experiments were added to verify the sensitivity of the proposed cogni-
tive load questionnaire. All three studies follow the identical methodological approach
by manipulating one type of cognitive load resulting in similarities between the studies

in terms of procedure and measures. They are all between-subjects designed by ran-
domly assigning participants to either the experimental or control group.

Participants

For the last three studies, 54 students from Chemnitz University of Technology in
Germany were recruited who participated in each study. The sample consisted of
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Fig.2 Learning material used in Study 2 (presented in German)

bachelor and master students who were studying media communication, media, and
instructional psychology, computer science and communication studies, and other
courses. Table 5 provides an overview of the distribution of demographical data for
each study.

Procedure

The procedure of the three experimental studies is almost identical (possible devia-
tions from the following explanations are indicated in the respective studies). All
studies were conducted online via the open-source web conferencing system Big-
BlueButton. Participants were instructed to focus only on the learning content as
they would then answer questions about it. In this context, participants were asked to
share their screens to ensure that participants continuously worked with the learning
material and did not check other websites. No personal data was viewed or recorded.
Taking notes was also forbidden. At the beginning of each study, participants signed
an informed consent form and were instructed about the procedure of the study. As a
next step, participants’ prior knowledge was assessed with some open-answer ques-
tions since it influences cognitive load perceptions and consequently learning per-
formance (e.g., Zambrano et al., 2019). Participants were then randomly assigned
to the experimental or control group and worked on the learning material. Directly
after the learning intervention, the cognitive load questionnaire had to be filled in.
Each cognitive load type was captured with five items. All items had to be rated on
a 9-point Likert-type scale ranging from 1 (not at all applicable) to 9 (fully appli-
cable). Finally, the participants worked on the learning test. In the last part of each
study, the participants had to work on the knowledge test followed by the request for
demographic data. Since the three studies included different learning topics, prior
knowledge and learning tests were created separately for each study. All parts of the
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Table 3 Descriptive values and factor loadings of the items of the confirmatory factor analysis (Study 2)

Factor/item Mean (SD) Skewness Kurtosis Inter-item  Factor loading  Squared multi-
correlation ple correlation
(R

Factor 1 (ICL)

Item 1 5.37(2.26) —0.26 —0.88 .89 93 .86
Item 2 4.54 (2.15) 0.08 -0.93 .85 .88 78
Item 3 6.15(1.99) -0.71 -0.20 .82 .87 15
Item 4 6.49 (2.06) —0.69 -0.27 .83 .88 77
Item 5 490 (2.22) 0.02 —1.04 .70 73 54
Factor 2 (ECL)
Item 6 4.30(2.24) 0.16 -1.13 75 78 .61
Item 7 4.70 (2.43) 0.08 -1.22 .83 .88 18
Item 8 470 (241) 0.02 -1.19 .87 91 .82
Item 9 498 (2.52) -0.09 -1.26 .83 .87 76
Item 10 431237 029 —-1.01 78 .82 .67
Factor 3 (GCL)
Item 11 6.65(1.85) —-0.92 0.56 .54 41 17
Item 13 7.84(1.33) —-1.96 6.29 44 35 12
Item 15 4.63 (2.06) —0.03 -0.86 .66 .86 74
Item 16 6.24(2.23) -0.80 -0.16 .56 .55 .30
Item 17 4.21 (2.05) 0.20 -0.63 .67 91 .83

Table 4 Correlations between
the cognitive load types and the
cognitive load items by Klepsch L ICL
etal. (2017) in Study 2

Variables 1 2 3 4 5 6

2. ECL S5
3.GCL — A5EEE 35k _

4.1CLypy  -SE¥FF 29%FF —06 -

5. ECLygpe, 68%%%  83F0%  _4qiwr 4Twix
6.GCLgepeen, —-11  —20%  44wes 23wr 13 -

"p<.05, ¥¥p < 01, **¥p < 001

studies (i.e., prior knowledge, learning material, CLT questionnaire, and learning
test) were connected via hyperlinks. Each study lasted about 20 to 25 min. A maxi-
mum of four participants took part in the survey concurrently.

Analysis Plan

Each of the three studies was analyzed in the same way using IBM SPSS Statis-
tics (IBM Corp., 2021). Prior to the analyses, it was checked whether the two
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Table 5 List of experimental studies and corresponding demographical data (Studies 3-5)

Study Learning material Experimental groups n M, (SD,,.) % female

3 — ICL manipulation Pulley system Pre-training 26 23.81 (3.64) 84.0%
No pre-training 28 23.14(3.00) 82.1%

4 — ECL manipulation Cellular respiration Integrated format 26 22.88(2.67) 72.0%
Separated format 28 24.00 (3.78) 92.9%

5 — GCL manipulation Human respiratory system Imagination 27 23.85(3.42) 81.5%
No imagination 27 23.07 (3.22) 84.6%

groups to be compared were similar regarding several control variables. In this
context, possible differences between the two groups about prior knowledge,
age, gender, subject of study, and the distribution of bachelor and master stu-
dents were assessed by resorting to independent z-tests and chi-square tests. By
this, comparable groups as a result of randomization should be ensured (Suresh,
2011). Since the learners’ domain-specific prior knowledge was assessed with
open-answer questions across all three studies, two independent raters evaluated
the answers based on a list of correct answers. Their agreement was calculated
with Cohen’s kappa (k; McHugh, 2012) — an indicator for interrater reliability.
In case of disagreement between the two raters, the average of the two ratings
was calculated. Independent -tests were conducted to check whether the experi-
mental and control group differed in terms of the cognitive load types ICL, ECL,
and GCL, as well as learning performance. Based on the means and standard
deviations, the effect size of Cohen’s d was calculated. For interpretation, the
benchmarks proposed by Cohen (1988) were followed assuming that 0.20 is a
small, 0.50 is a medium, and 0.80 is a large effect size. Since the #-test is a par-
ametric statistic assuming a specific distribution, the homogeneity of variance
was checked with Levene’s test (Glass, 1966). It was omitted to check for nor-
mal distribution because commonly used tests used for verification (e.g., Kol-
mogorov—Smirnov test) do not have sufficient statistical power for small sample
sizes and the r-test reacts robustly to a violation of normality (Lumley et al.,
2002). Internal consistencies, measured with McDonald’s o, are presented for
all cognitive load scales in all three studies in Table 6. Moreover, correlations
between prior knowledge, cognitive load types, and learning performance were
calculated separately for each study (Table 7). The results of the three studies
will be discussed in the “General Discussion” section.

Instructional Material and Measures
In Study 3, ICL was varied by applying the pre-training principle (Mayer
et al., 2002). Based on Mayer et al. (2002), the experimental group received

a pre-training before learning, whereas the control group received no pre-
training. Since learners are equipped with prior knowledge resulting from the
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Table 6 Internal consistencies

Stud, McDonald’

for each cognitive load type in g coonaidse

Studies 3 to 5 ICL ECL GCL
3 — ICL manipulation 91 .93 .85
4 — ECL manipulation .88 95 .60
5 — GCL manipulation 93 .96 .81

intervention, they should report a lower ICL than the control group (e.g., Mayer
and Moreno, 2003). This difference should consequently be reflected in the ques-
tionnaire. Concerning ECL and GCL, there should be no differences between
the experimental and control group because these types of cognitive load were
not intentionally manipulated. Overall, 54 students participated in this study,
whereby 26 students were assigned to the experimental group (with pre-training)
and 28 students were assigned to the control group (no pre-training). The two
groups did not differ significantly in terms of the participants’ age (p =0.233)
and prior knowledge (p =0.344). Furthermore, chi-square tests revealed no dif-
ferences concerning gender distribution (p =0.857), subject of study (p =0.477),
and the distribution of bachelor and master students (p =0.835). The learning
material consisted of an instructional text explaining the spatial structure and
functioning of a pulley system (208 words). The text was taken from Eitel et al.
(2013). Prior to the learning intervention, the experimental group received a
schematic illustration of a pulley system that was taken from Hegarty (2005). In
contrast, participants in the control group received no pre-training and started
directly with the learning material. The learner’s domain-specific prior knowl-
edge was assessed with two open-answer questions in which the participants
had to explain how a pulley system works and what purpose it serves. The two
raters showed a strong agreement in the evaluation of the answers (question 1:
k=0.83; question 2: k=0.88). Overall, the students showed rather low prior
knowledge (M =1.04; SD=1.03; maximum of five points). Learning perfor-
mance was measured with eleven decision questions in which statements (e.g.,
“If the rope is deflected over two pulleys, you only have to pull on the rope with
half the force”) had to be assessed as either true or false.

Results

Means and standard deviations of the prior knowledge and dependent variables
are presented in Table 8. As expected, the group with pre-training reported a sig-
nificantly lower ICL than the group without pre-training, #52)=1.91, p=0.031,
d=0.52. In contrast, no significant difference between the groups was found for
ECL, #52)=1.56, p=0.062, d=0.43. Rather unexpectedly, it was found that the
pre-training group reported a significantly higher GCL than the no pre-training
group, #52)=1.91; p=0.031; d=0.52. Considering learning performance, no sig-
nificant difference between the pre-training and no pre-training group could be
found, #(52)=0.40, p=0.345, d=0.11.
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Table7 Correlations between prior knowledge, cognitive load types, and learning performance in Stud-
ies3to5

1 2 3 4

Study 3 (ICL manipulation)

1. Prior knowledge -

2.ICL —-.08 -

3.ECL -.22 RISk -

4.GCL A2 — 467k — 45k -

5. Learning performance 31# —.13 -.19 15
Study 4 (ECL manipulation)

1. Prior knowledge -

2.1CL — 53wk -

3.ECL —.36%* 79k -

4. GCL Ak — 5k — 50k -

5. Learning performance 31# —A41%* —.34% S2¥HE
Study 5 (GCL manipulation)

1. Prior knowledge -

2.ICL — 43k -

3.ECL — 33k .69k -

4. GCL 24 — 5]k — 4Tk -

5. learning performance 34% —.24% —.27* 44k

“p<.05, #¥p < .01, #¥¥kp < 001

Study 4: Varying Extraneous Cognitive Load
Instructional Material and Measures

In Study 4, ECL was manipulated with the help of the split-attention effect (Ayres
and Sweller, 2021). The experimental group received the learning material in a sep-
arated format in which corresponding elements were presented spatially separated
from each other (e.g., Cierniak et al., 2009). In the control group, related elements
were presented in an integrated format, that is, without spatial distance. Drawing on
theoretical assumptions (Sweller et al., 2011) as well as empirical findings (Pouw
et al., 2019), the spatially separated format should result in higher ECL. Conse-
quently, the experimental group should report higher ECL than the control group.
Concerning ICL and GCL, no differences were expected. The 54 participating stu-
dents were assigned to either the integrated format (control group: n=26) or the
separated format (experimental group: n=28). Both groups did not differ in terms
of their age (p=0.110) as well as prior knowledge (p=0.360). Chi-square tests
revealed that the two groups differed in terms of gender distribution (p =0.044), but
not to the subject of study (p=0.575) as well as the distribution of bachelor and
master students (p=0.358). Since gender is not a relevant variable for explaining
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Table 8 Means and standard

Pre-traini N -
deviations of the prior ( ]I,e: ;2;1 ne tre(l)irlljifg
knowledge and all dependent (N=28)
variables (Study 3)

M SD M SD

Prior knowledge (0-5) 1.10 1.02 0.98 1.06
ICL (1-9) 3.76 1.91 4.71 1.98
ECL (1-9) 5.18 2.33 6.13 2.15
GCL (1-9) 6.60 1.28 5.92 1.33

Learning performance (0-11) 7.96 1.59 8.14 1.72

cognitive load effects, it was not included as a covariate in the following analyses.'
The learning material consisted of a schematic illustration accompanied by text
labels displaying partial steps and material transformations of cellular respiration.
In detail, the four phases of glycolysis, oxidative decarboxylation, citrate cycle, and
respiratory chain were illustrated to explain the metabolic pathway in which glu-
cose is broken down and adenosine triphosphate is produced. For the control condi-
tion (integrated format), corresponding labels were displayed close to the picture.
In contrast, for the experimental condition (separated format), the picture and cor-
responding labels were presented separately. The text labels were located under the
picture to generate a spatial distance between corresponding learning elements (e.g.,
de Koning et al., 2020). Learners’ domain-specific prior knowledge was assessed
with three open-answer questions (e.g., “What is the difference between aerobic and
anaerobic respiration?”). The two raters showed a strong agreement in the evaluation
of the answers (question 1: k=0.91; question 2: k=0.91; question 3: k=0.95). Over-
all, the students showed rather low prior knowledge (M =1.32; SD=1.55; maximum
of six points). After the participants engaged with the learning material, the cogni-
tive load questionnaire was presented. Lastly, participants worked on the knowledge
test consisting of five multiple-choice questions (e.g., “Where do the subprocesses
of cellular respiration take place?” given with the answer options cytosol, nucleus,
mitochondrion, cell membrane, and cell wall) and five short open-answer questions
(e.g., “How much adenosine triphosphate is released during the respiratory chain?”),
resulting in a total of 29 points.

Results

Means and standard deviations of the prior knowledge and dependent variables are
presented in Table 9. Because Levene’s test showed that variance homogeneity was
violated for the dependent variables ICL and ECL, non-parametric tests were con-
ducted. A Mann—Whitney U test revealed that the separated format resulted in a

! Multivariate analyses of covariance (MANCOVAs) with gender as covariate indicated that gender had
no significant influence on ICL, ECL, GCL, as well as learning performance.
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significantly higher ICL than the integrated format, U=228.50; Z=2.35; p=0.019;
d=0.68. As expected, students in the separated format reported a significantly
higher ECL than students in the integrated format, U=158.00; Z=3.57; p<0.001;
d=1.12. With respect to GCL, no significant difference occurred between the inte-
grated and separated format, #(52)=0.98; p=0.165; d=0.27. In terms of learning,
it could be shown that the integrated format group achieved significantly higher
learning performance than the separated format group, #(52)=2.05; p=0.023;
d=0.56.

Study 5: Varying Germane Cognitive Load
Instructional Material and Measures

In Study 5, GCL was varied by applying the imagination principle (Leopold,
2021). Both the experimental (imagination) as well as the control group (no
imagination) received the same instructional text. However, while the experi-
mental group received a specific imagery instruction, the control group did
not receive such an instruction (e.g., Leopold and Mayer, 2015; Leopold
et al., 2019). The 54 participating students were assigned to either the imagina-
tion (n=27) or the no imagination condition (n=27). The groups did not differ
in terms of their age (p =0.197) as well as their prior knowledge (p=0.287).
Chi-square tests revealed that the two groups were similar in terms of gender
distribution (p =0.761), the subject of study (p =0.470) as well as the distribu-
tion of bachelor and master students (p =0.776).

The learning material consisted of nine slides (787 words) explaining how the
human respiratory system works and was adapted from Leopold and Mayer (2015).
On each slide, one separate paragraph was presented. In detail, the structure of the
human respiratory system was first explained, and then the processes of inhalation,
gas exchange, and exhalation were illustrated. The explanations were all text-based,
and no pictures were implemented. Within the learning environment, participants
could click on the next button to go to the next slide, but going back to the previous
slide was not possible. To realize the GCL manipulation, an imagination instruc-
tion was added under the paragraph, for example, “Please imagine the steps in the
thoracic cavity and airways when the diaphragm and rib muscles receive a signal
to inhale.” In contrast, the control group received no imagination instruction. The
participants’ prior knowledge was assessed with four open-answer questions (e.g.,
“What is the function of the diaphragm in human respiration?”’). Again, two inde-
pendent raters evaluated the answers based on a list of correct answers. They showed
a strong agreement in the evaluation of the answers (question 1: k=0.92; question
2: k=0.88; question 3: k=0.91; question 4: k=0.87). Learning performance was
assessed with five short open-answer questions. For example, learners were asked to
name the components of the respiratory system. In this context, participants could
achieve a maximum of 16 points.
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Table 9 Means and standard

Integrated S ted
deviations of the prior fgri%;? ¢ f:rlizi ©
knowledge and all dependent

N=26 N=28
variables (Study 4) ( ) ( )

M SD M SD

Prior knowledge (0-6) 1.40 1.59 1.25 1.55

ICL (1-9) 5.98 1.87 7.16 1.23

ECL (1-9) 4.62 2.40 7.07 1.75

GCL (1-9) 5.59 1.41 5.24 1.26

Learning performance (0-29) 19.04  4.00 17.04  3.16
Results

Means and standard deviations of the prior knowledge and dependent variables are
presented in Table 10. In line with our assumptions, independent #-tests revealed that
the imagination and no imagination group did not differ significantly with respect
to ICL, #52)=0.32; p=0.376; d=0.09, and ECL, #52)=0.79; p=0.218; d=0.21.
In contrast, the imagination group reported a significantly higher GCL than the no
imagination group, #52)=1.73; p=0.044; d=0.47. It could be also confirmed that
the imagination outperformed the no imagination group with regard to learning per-
formance, #(52)=2.02; p=0.024; d=0.55.

General Discussion

The aim of this work and the five studies involved was to develop and validate a
new instrument to measure perceived cognitive load types with multiple items.
Current available cognitive load questionnaires show methodological limitations
in the process of development and validation upon closer examination. Taking up
these points, this work aimed at depicting the process of developing and validat-
ing a theory-based cognitive load questionnaire. As recommended in the literature,
an exploratory approach (PCA) was initially chosen to reduce the dimensionality
of the data. Subsequently, the three-factor structure (representing the three cogni-
tive load types) was verified using a deductive approach (CFA). In the last step, the
proposed cognitive load questionnaire was evaluated in terms of predictive validity
by testing whether it is sensitive to intentional manipulation of each cognitive load
type. Across three experimental studies, empirically proven design principles from
multimedia learning research were applied. The result of this work is a questionnaire
consisting of 15 items that researchers can use to measure cognitive load in a differ-
entiated way (Table 11).

In more detail, the PCA confirmed the assumed three-components model con-
sisting of the three types proposed in CLT (Sweller et al., 1998). Items intended
to measure ICL and ECL showed particularly high factor loadings and low cross-
loadings so that none of the items had to be removed. For the items intended to
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Table 10 Means and standard

Imaginati Noi -
deviations of the prior (;ig;;ﬁ)l on ti;)nlmagma
knowledge and all dependent (N=27)
variables (Study 5)
M SD M SD
Prior knowledge (0-7) 1.44 1.26 1.67 1.61
ICL (1-9) 3.73 1.78 3.88 1.81
ECL (1-9) 4.28 2.25 4.79 2.46
GCL (1-9) 6.97 0.91 6.45 1.26

Learning performance (0-16) 8.44 2.83 6.96 2.55

measure GCL, the two items with the lowest factor loading were removed resulting
in a questionnaire consisting of 15 items. As expected, the reduction did not result
in any noteworthy changes in the factor loadings of the ICL and ECL items. Con-
cerning the GCL items, the initially negative factor loadings turned positive. Thus,
higher levels in the assessment of the items resulted in a higher GCL. In terms of
item formulation, this result is important because the items are formulated in such
a way that a higher value in the positive direction increases the respective type of
cognitive load. The individual components showed high reliabilities (i.e., internal
consistencies), whereas the internal consistency across all three components was
rather low. This is an indication that they measure different facets of cognitive load
which is in line with CLT’s differentiated view on cognitive processes while learn-
ing (e.g., Moreno and Mayer, 2010). The CFA confirmed the proposed three-factor
model. While the factor loadings of the ICL and ECL items were very satisfactory,
factor loadings of the GCL items showed lower values but items are still related
to the construct GCL (i.e., they measure it). It seems that GCL is at least partially
related to the other types of cognitive load. This assumption has already been widely
discussed in CLT research (e.g., Kalyuga, 2011; Sweller, 2010). In this context, it is
argued that GCL and ICL are interrelated as germane resources must be expended
to manage the ICL. Concerning ECL, it can be assumed that germane resources are
reduced when the learning material is inappropriately designed (e.g., by unnecessary
search processes). One possible explanation for the correlated factors can be found
in method variance which is a potential problem in questionnaire research. In this
context, part of the variance is attributable to the measurement method rather than to
the measured constructs (e.g., Podsakoff et al., 2003). Variance in item responses is
biased by the measurement method (in this case, self-reported items). Thus, correla-
tions between two constructs could be artificially inflated when learners adjust their
response tendencies (e.g., Lindell and Whitney, 2001). In order to reduce this bias,
future research could implement a method factor including all items in the tested
model (for an example from personality psychology, see Biderman et al., 2011). By
this, it could be determined whether correlations between the three cognitive load
types are reduced.

In the experimental validation, two challenges had to be mastered: (1) the inten-
tional manipulation of the respective cognitive load type had to be successful, and
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(2) the learners’ responses in the questionnaire must correspond to what would be
expected based on theoretical assumptions as well as the intentional manipulation of
the instructional design. Study 3 showed that the proposed ICL items are sensitive
to complexity differences since the pre-training group reported a significantly lower
ICL. However, it could be shown that the pre-training manipulation also resulted
in significant GCL effects. In line with recent debates surrounding the relationship
between ICL and GCL (e.g., Kalyuga, 2011; Sweller, 2010), this study also showed
the theoretical closeness of the two constructs. When learning contents are per-
ceived as complex (i.e., induce a high ICL), the learner must invest more cognitive
resources resulting in higher GCL. In contrast to theoretical assumptions and meta-
analytical findings (e.g., Krieglstein et al., 2022a), the ICL reduction caused by pre-
training was not significantly associated with learning performance. Although the
ECL was not significantly altered by the ICL manipulation, it seems that changes
in complexity may influence the perception of the design. In Study 4, it could be
confirmed that the ECL items are sensitive to changes in the format of the learn-
ing material. The separated format resulted in significantly higher ECL perceptions
supporting both the split-attention effect (Ayres and Sweller, 2021) as well as the
validity of the proposed questionnaire. The strength of this effect was supported by
large effect size. Unfortunately, it was also shown that the separated format leads
to a higher ICL. Learners may have problems making a distinction between the
complexity (ICL) and presentation (ECL) of information (e.g., Sweller, 2010). This
assumption is not new and represents a central issue in CLT research that has been
widely discussed by Krieglstein et al. (2022a). When learners are confronted with
very complex learning contents (in this case cellular respiration), it seems to be dif-
ficult to differentiate between the complexity and the presentation. Similarly, pre-
senting complex learning material in a simple way is probably not quite possible.
It became apparent that the ICL and ECL are less separable from each other on a
measurement level than the theory describes. Following the literature (e.g., Sweller
et al., 2019), lower ECL ratings came along with a significantly better learning per-
formance demonstrating their validity. For the manipulation of the GCL, the ques-
tionnaire showed theory-consistent results (Leopold, 2021) in Study 5. The inten-
tional manipulation using the imagination principle was reflected in the GCL items.
Following the active—passive distinction proposed by Klepsch and Seufert (2021),
the passively experienced cognitive load types ICL and ECL were not affected by
the GCL manipulation showing a good differentiation of constructs. Consistent with
Moreno and Mayer’s (2010) recommendations for promoting generative processing,
imagination instruction was associated with higher learning performance.

Another important point that needs discussion refers to correlations between
prior knowledge, cognitive load types, and learning performance across the experi-
mental studies. These correlations were mostly theory-consistent and thus provide
further evidence for the validity of the questionnaire. In line with our understand-
ing of ICL, it was negatively correlated with prior knowledge (Krieglstein et al.,
2022a). When learners can draw on prior knowledge, the complexity of the learning
content is lower as learners can resort to already learned schemata stored in long-
term memory (Paas and van Merriénboer, 2020). However, it also became clear that
learners have problems differentiating between ICL and ECL which is demonstrated
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by positive correlations between the two constructs. Assuming the learning mate-
rial is perceived as poorly presented (high ECL), it could also be perceived as com-
plex (high ICL). The problem of significant correlations between ICL and ECL has
been also shown in the validation study by Leppink et al. (2013). Although the pre-
sent questionnaire uses different designations for the ICL (“learning content”) and
ECL (“learning material”), learners still have difficulties differentiating between the
two loads. The negative correlations between ICL and GCL could be explained by
motivational factors (Feldon et al., 2019). When the learning content is perceived
as complex, a motivational deficit could cause learners to expend less mental effort
to understand the information. Otherwise, when learners invest a high amount of
mental effort (higher GCL), the learning content could be perceived as less com-
plex. Negative correlations between ICL and learning performance as well as
between ECL and learning performance were found indicating that a rather complex
and poorly designed learning material harms learning (Sweller et al., 2019). These
theory-consistent results can be mapped by the questionnaire. GCL was correlated
positively with learning performance. Assuming that high GCL is associated with
engaged learners investing cognitive resources to learning-relevant activities (intrin-
sic load; Paas and van Gog, 2006), the GCL items of our questionnaire are able to
measure this construct.

Strengths and Limitations of Our Questionnaire

Overall, the results of this work confirm that the different types of cognitive
load can be measured in a reliable and valid manner with the proposed question-
naire. Like any psychological scale, however, this questionnaire has strengths and
weaknesses. In general, the development and validation analyses were conducted
following recommendations by various methodologists in a transparent way. To
ensure the best possible practicability, the theory-based items were formulated so
that a variety of learning interventions across many learning media can be experi-
mentally studied for their learning improvement. The multidimensional measure-
ment of cognitive load helps instructional designers and practitioners to better
understand why learning interventions may be more or less effective for learn-
ing considering different learning mechanisms. Differentiating between different
sources of cognitive load can help to understand the sources of learning deficits.
Either the learning material is too complex, learners have too little prior knowl-
edge (ICL), the learning material is too poorly designed (ECL), or learners were
unable to devote their cognitive resources to learning (GCL). Another strength
of the questionnaire is its verification by means of three experimental studies.
In these studies, the questionnaire proved itself for practical use in controlled,
randomized experimental settings which are the central method in instructional
design research (Sweller, 2021). In line with theoretical assumptions as well as
empirical findings, the cognitive load questionnaire was able to reflect inten-
tional changes in instructional design providing evidence for predictive validity
(e.g., Kuncel et al., 2001). Accordingly, the scores of the cognitive load items can
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predict learning performance as a criterion measure. Another positive aspect is
that the experimental studies were performed under more realistic learning condi-
tions (i.e., learning at home). The proposed cognitive load questionnaire was and
is, therefore, also able to find effects in learning situations that are less artificial.

One weakness of the questionnaire is that just the German version has under-
gone the described construction and validation process. This is important
because small changes in the item formulation stemming from translations may
lead to different understandings (e.g., Arafat et al., 2016). Future studies should
test the proposed instrument in its English version. Another critical point refers
to the GCL measurement. In particular, Study 2 revealed lower factor load-
ings of GCL compared to ICL and ECL. The authors decided to keep the GCL
item battery as it was to keep the items close to the theoretical assumptions
of CLT. Partially lower factor loadings of the GCL items nevertheless suggest
that the relationship between the variables and the factor is weaker. Thus, fur-
ther explanatory variables, therefore, seem to play a role here. For example,
the individual’s motivation to learn appear to be highly relevant in actively
engaging in learning-related activities. Similarly, the cognitive-affective the-
ory of learning with media (Moreno and Mayer, 2010) assumes that generative
processing (similar to germane processing) is caused by motivational factors.
Accordingly, the influence of cognitive processing on learning is mediated by
motivational factors.

In addition, items used to measure GCL consistently showed lower reliability
scores. However, these scores were still within the acceptable range. Especially in
Study 5, where the active component of GCL was intentionally manipulated and
tested, the questionnaire showed significant differences in GCL demonstrating the
validity of the GCL items without changing perceptions of ICL and ECL. In this
context, the questionnaire was able to detect medium effect differences. Finding
even medium effect sizes is a strength of this questionnaire.

The questionnaire also revealed a problem that has been discussed in CLT
research for years. Thus, it seems that learners have difficulties differentiating
between different cognitive load facets, indicating overlaps between involved pro-
cesses (e.g., Ayres, 2018). The construct CLT, which in theory can differentiate
between the types of cognitive load, cannot be transferred to reality with a perfect
fit. Learners, who usually do not have such a comprehensive knowledge of CLT, can
only partially differentiate between the complexity and the presentation format of
the learning material. Another critical point relates to the theory-based construction
of the questionnaire. All items were formulated very close to the theoretical assump-
tions of CLT, taking up both the foundational and the more recent literature (Sweller,
1988, 1994, 2021; Sweller et al., 2019). Concerning the ICL and ECL items, the
formulation of the items could be well adapted to the theoretical description of the
load types, as both constructs are clearly defined in the literature. In contrast, the
definition of GCL has been frequently revised. This work defines GCL as a process
variable (“germane processing”) that involves the investment of cognitive resources
to learning-relevant activities (i.e., dealing with the intrinsic load; Paas and van
Merriénboer, 2020; Sweller, 2010). However, there are also definitions assuming
that germane load refers to the redistribution of working memory resources from
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extraneous to intrinsic activities (Sweller et al., 2019). These assumptions are rela-
tively close to our underlying definition; however, ECL is not included in our items
intended to measure GCL. The point is that the construction of a theory-based ques-
tionnaire highly depends on the most accurate definition possible of the construct to
be measured. Since GCL is not always uniformly defined and the construction of a
theory-based questionnaire highly depends on the most accurate definition of a con-
struct, the formulation of GCL items can be debated and is dependent on the defini-
tion of questionnaire designers.

As also outlined by Klepsch et al. (2017), the most salient problem is that
questionnaires require proper self-assessments. Self-rating scales are usually
used in empirical settings with the assumption that learners can accurately esti-
mate their experience retrospectively (Ayres, 2006). To accurately assess cogni-
tive load experienced with a time delay to previous learning experiences can be
considered as a metacognitive ability that is not equally developed in all individ-
uals (Kelemen et al., 2000). In this context, repeating assessments during learn-
ing could be useful.

Conclusion

The presented questionnaire shows that cognitive load types can be measured
separately in a reliable and valid manner. As a result, instructional designers and
empirical researchers are better able to evaluate cognitive processes during learn-
ing. Besides the encouraging psychometric results of the questionnaire, theoretical
ambiguities of CLT became apparent (e.g., de Jong, 2010; Moreno, 2010). It was
shown again that the clear theoretical separation of the cognitive load types does
not always show up in reality (see also Ayres, 2018). In particular, learners seem to
have problems differentiating between the complexity (described as ICL) and the
presentation format (described as ECL). One solution to overcome this ambiguity
is to make learners aware of what is actually meant by the respective CLT types
(Klepsch et al., 2017). However, this is not always possible in experimental settings
and other measurement methods (e.g., electroencephalography) cannot accurately
determine whether a cognitive load was triggered by the difficulty or by the presen-
tation format. Furthermore, the role of germane load within CLT needs to be exam-
ined more closely. Consistent with Paas and van Merriénboer (2020), this work pro-
poses to define GCL, not as a load per se, but rather as germane processing, whereby
working memory resources are devoted to dealing with intrinsic load to construct
and automate schemata in long-term memory. In particular, the factor analysis has
shown that an accurate measurement, as is the case with the ICL and ECL, is all the
more difficult with GCL. Similarly, Leppink et al. (2014) have expressed problems
regarding the measurability of GCL and recommend measuring ICL and ECL to
enhance the transparency and parsimony of CLT. Nevertheless, the proposed cogni-
tive load questionnaire can be used in experimental settings to measure the cogni-
tive load facets. However, one should be a little more careful with the GCL items.
Understanding the nature of GCL seems to remain the “holy grail” in CLT research.
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