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Abstract

Measurement of cognitive load (CL) is seen as a problematic issue since no consensus about appropri-
ate instruments has been reached. In this study, a rating scale instrument to measure mental load (ML;
6 items) and mental effort (ME; 6 items) is evaluated using Item Response Theory. N=506 students
self-reported their amount of ML and ME after working on a standardised multiple choice-test. The
findings propose to separately measure ML and ME instead of CL in general. Furthermore, the 7-point
rating scale had to be reduced post-hoc to a 3-point scale in order to reach consistent information.
Finally, there was a significant (negative) correlation between ML and test performance, but not be-
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tween ME and test performance.
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Introduction

Cognitive load (CL) can be broadly defined as
an individual’s cognitive capacity which is used
to work on a task, to learn, or to solve a prob-
lem (Sweller et al. 2011). CL theory has become
relevant in educational research. For instance,
CL may significantly influence a learner’s per-
formance and therefore should be considered
when developing instructional designs (Sweller
et al. 1998).

The present study focuses on subjective mea-
surement of CL. In such an approach, respon-
dents are asked to self-report the amount of CL
after working on a task (Sweller et al. 2011).
Paas et al. (2003) emphasise that subjective
measures were shown to be reliable and valid.
Consequently, many researchers use this ap-
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proach (e.g., Nehring et al. 2012; Paas 1992).
However, measurement of CL ‘has become
highly problematic” (Kirschner et al. 2011,
p. 104). With regard to subjective measure-
ment, there are several reasons for this:

(1) Many studies adapt a scale initially devel-
oped by Paas (1992) and change the wording or
number of category labels without re-evaluat-
ing its psychometric properties (Paas et al.
2003; van Gog & Paas 2008).

(2) Often, only a single item is used to measure
CL, although the use of several items would in-
crease measurement precision (Leppink et al.
2013).

(3) Sometimes, it is not entirely clear which trait
items are aimed to measure. Whereas Paas
(1992) focused on mental effort, many research-
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ers use category labels related to task complex-
ity but label them broadly as measures of CL
(de Jong 2010; van Gog & Paas 2008).

(4) Finally, van Gog and Paas (2008) emphasise
that ‘all measures [...] provide indications of
cognitive load as a whole rather than of its con-
stituent aspects’ (p. 18).

Kirschner et al. (2011) call the development of
instruments to separately measure aspects of
CL ‘the holy grail” of CL research but the au-
thors ‘seriously doubt whether this is possible’
(p. 104). Despite this concern, Leppink et al.
(2013) recently published an instrument to sep-
arately measure the aspects intrinsic, extrane-
ous, and germane load (cf. Paas & van
Merriénboer 1994). Paas et al. (2003) underline
that ‘cognitive load can be assessed by measur-
ing mental load, mental effort, and perfor-
mance’ (p. 66). The present study contributes to
these issues by evaluating an instrument to
measure mental load and mental effort using
Item Response Theory (IRT; Bond & Fox 2001)
and, by doing so, extends empirical findings in
CL research which are in most cases based on
Classical Test Theory (CTT).

Theoretical background

Cognitive load

‘Cognitive load can be defined as a muiltidi-
mensional construct representing the load that
performing a particular task imposes on the
learner’s cognitive system’ (Paas et al. 2003,
p. 64). CL has a causal dimension which re-
flects the interaction between person- and
task-characteristics as well as an assessment di-
mension which describes the measurable as-
pects mental load (ML), mental effort (ME), and
performance (PE; Paas & van Merriénboer
1994). ML is said to be task-related, indicating
the cognitive capacity which is needed to pro-
cess the complexity of a task. In contrast, ME is
subject-related and reflects an individual’s in-
vested cognitive capacity when working on a
task. Sweller et al. (2011) propose ML and ME
being two different but, in most cases, positive-
ly correlated constructs.

De Jong (2010) critically discusses that PE is
sometimes conceptualised as being one aspect
of CL (e.g., Paas & van Merriénboer 1994) and
sometimes as being an indicator for CL (e.g.,
Kirschner 2002). Furthermore, the relation be-
tween PE and the aspects ML and ME is not
clear. For example, subjects may reach the
same number of correct answers in a test (i.e.,
PE) but need to working with different amounts
of ME (Paas et al. 2003).

Measuring different aspects of CL is seen as
challenging and the ‘the holy grail’ of CL re-
search (Kirschner et al. 2011). Furthermore,
most instruments are not evaluated due to their
category labels used and no consensus has
been reached about how many categories are
appropriate for meaningfully measuring CL (van
Gog & Paas 2008).

Item Response Theory

Compared to CTT, IRT has some important ad-
vantages (Bond & Fox 2001). First of all, item
parameters (i.e., difficulties) are computed in-
dependently from the current sample. There-
fore, the calibration of an instrument and the
measurement of an attribute are not confound-
ed (Bond & Fox 2001). For rating scales, item-
specific parameters are estimated in order to
allow for item-specific meanings of category
labels (Wei et al. 2014). Furthermore, the ap-
propriateness of the respective IRT-model used
can be evaluated based on several fit-indices.
More specifically, the adequacy of the number
of categories (e.g., Lee & Paek 2014; Zhu et al.
1997) as well as the dimensionality of a given
dataset can be evaluated (e.g., Wei et al. 2014).
Therefore, IRT is commonly used to evaluate
measurement instruments (e.g., Krell 2012; Lee
& Paek 2014; Wei et al. 2014).

Aim of this study

This study evaluates an instrument to measure
ML and ME using IRT. The following research
questions are discussed:

RQ1: To what extent does the instrument distin-
guishably measure the aspects ML and ME?
H1: Referring to Paas and van Merriénboer
(1994) it is assumed to find a two-dimensional
structure in the data according to the aspects
ML and ME.

RQ2: To what extent is a 7-point rating scale
appropriate to measure ML and ME?

H2: As it is done by many researchers (cf., van
Gog & Paas 2008), it is expected that a rating
scale with seven categories is appropriate.
RQ3: To what extent can evidence be found for
the assumption of significant relationships be-
tween PE and the aspects ML and ME?

H3: A negative correlation is expected to be
found between an individual’s PE and the ex-
pressed amount of ML, and a positive correla-
tion between PE and ME.
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Methodology

Testing instrument

Based on CL theory and the instrument used by
Nehring et al. (2012) who measured CL as one
global construct, a testing instrument was de-
veloped consisting of 6 items representing ML
and 6 items representing ME. For each item, a
7-point rating scale was provided. The ML-
items ask to indicate the complexity of tasks,
whereas the ME-items focus on personal effort
(see appendix).

An initial version of the questionnaire was ad-
ministered to secondary school students
(N=188) in biology classes directly after work-
ing on different biology tests (‘normal class
tests’, i.e. no standardised performance mea-
sure). This pilot study was used to optimise
single items (e.g., their wording).

Sample and data collection

The final instrument was administered to a
sample of 506 students (school years 9 and 10;
aged 13 to 18; 53% female) after working on a
standardised multiple choice-test measuring
scientific inquiry competencies (cf. Phan 2007)
which served as performance measure.

Data analysis

Data analysis was done within the framework
of IRT using the software ConQuest 3 (Wu et
al. 2007). Specifically, the rating scale-model
(RSM; Andrich 1978) was applied. The mean
score of five plausible values (m,, ) was used as

vides the weighted and unweighted mean of
squared standardised residuals (WMNSQ and
uMNSQ; Wu et al. 2007) which both have an
expected value of 1 with, for polytomous IRT-
models, a range from 0.6 to 1.4 indicating an
acceptable model-fit (Bond & Fox 2001). Fur-
ther, item-specific thresholds ®,) and m,,,.
should increase monotonically across the re-
sponse categories to support the assumption of
an (at least) ordinal scale (Krell 2012; Wu et al.
2007). Person- (reI.EAP/PV) and item-reliability
(rel.) measures indicate the separability (i.e.
stability) of person and item parameters esti-
mated in the respective RSM (Bond & Fox
2001). The relative model-fit was analysed us-
ing descriptive information indices (i.e. AIC,
BIC) and the chi square difference test (x2-test;
Wu et al. 2007). To discuss RQ3, Pearson cor-
relations between m,,and PE were analysed.

Results

Both the 1D- and the 2D-RSMs resulted in poor
item-fit parameters (Tab. 1). For example, the
thresholds &, did not increase monotonically in
12 of 12 items. Therefore, to optimise the esti-
mation, the response categories were reduced
post-hoc (cf. Zhu et al. 1997). First, the response
categories 1/2 and 6/7 were combined to reach
a 5-point scale. As this still resulted in items
with poor fit parameters (Tab. 1), a 3-point scale
was created post-hoc by combining the catego-
ries 1/2, 3/4/5, and 6/7.

Tab. 1. Absolute fit statistics for the different RSMs

scale model uMNSQ wMNSQ O Mpvs relic  rel.eappy
7-point 1D 0.7t0 1.3 0.7t0 1.3 12 10 .99 .76
2D 0.7to1.4 0.7t0 1.3 12 6 .97 .79/.82
5-point 1D 0.8to 1.2 0.8t0 1.3 12 5 .99 .75
2D 0.7to1.4 0.8to1.3 12 0 .97 .76/.78
3-point 1D 0.8to 1.2 0.8to0 1.2 0 1 .99 73
2D 0.7to 1.3 0.8to0 1.2 0 0 .96 77 1.75

Note. The number of items with unordered values of &;; and mpv, are given in the columns &; and mpys.

For the 2D-models, rel.eappy is provided for both dimensions (ME / ML).

a measure of each student’s response behav-
iour (Wu et al. 2007).

To discuss RQT and RQ2, the model-fit of one-
(1ID) and two-dimensional (2D) RSMs have
been compared. In the 1D-RSMs, an overall
latent dimension (CL) is assumed, whereas two
latent dimensions (ML, ME) are postulated in
the 2D-RSMs. On item level, ConQuest pro-

The 3-point 2D-RSM shows reasonable good
item-fit statistics: The MNSQs range from 0.7 to
1.3 and the values of &, and m,,, increase
monotonically across the categories in all items.
The item separation reliability is good. The vari-
ance of the students’ responses in both dimen-
sions is var.,,=2.94 and var.,;=1.84 which is
sufficiently large to allow for an acceptable
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separation of the persons’ PVs in both dimen-
sions (Tab. 1).

The information indices also suggest the 3-point
scale models as best fitting. Based on the x2-
test, the 2D-RSM fits significantly better than
the 1D-RSM for each scale length (Tab. 2).

category labels (Lee & Paek 2014). The present
findings suggest that the instrument allows sep-
arating between students who report low, me-
dium, and high amounts of ML und ME.

A negative correlation between ML and PE and
a positive one between ME and PE was expect-

Tab. 2. Relative fit statistics for the different RSMs

scale model  parameters deviance AIC BIC X2-test
7-point 1D 18 20,565 20,601 20,677  796.07(2);
2D 20 19,769 19,809 19,893 p <.000
5-point 1D 16 16,170 16,202 16,270  676.07(2);
2D 18 15494 15530 15606  p<.000
3-point 1D 14 10,645 10,673 10,732 622.43(2);
2D 16 10,022 10,054 10,122 p <.000

In the 2D-RSM, the latent correlation between
ML and ME is positive but small (r=.18). On av-
erage, the students reported a significantly
smaller amount of ML (m,,=-1.84, sd=1.54)
than of ME (m,,=0.43, sd=1.24, d=1.62; large
effect). Finally, there is no significant (rp=-.07,
p=.11) or significant and medium (rp,,=-.39,
p<.01) Pearson correlation between the stu-
dents’ PVs and PE.

Discussion and conclusion

It was assumed that a two-dimensional struc-
ture would be found in the data, according to
ML and ME. This assumption can be confirmed,
as the 2D-RSMs show a significantly better
model-fit than the 1D-RSMs (Tab. 2) and the
latent correlation between the dimensions is
small. Hence, there is evidence based on inter-
nal structure that the present instrument allows
inferences to be made about students” ML and
ME. These findings propose to separately mea-
sure ML and ME instead of measuring CL in
general (Sweller et al. 2011; van Gog & Paas
2008).

As also carried out by other researchers, a
7-point scale was provided in the questionnaire
(cf. van Gog & Paas 2008). As this scale could
not be modelled adequately using the RSM, the
7-point scale was reduced to a 3-point one (cf.
Zhu et al. 1997). Leppink et al. (2013) criticises
the fact that instruments with less than 7 re-
sponse categories would not allow measuring
on interval but only on ordinal level. However,
in this study, 7- and 5-point scales did not pro-
vide consistent information (Tab. 1) which
could be caused by respondents who are not
able to clearly distinguish between adjacent

ed. Essentially, this hypothesis can be con-
firmed only partly. For ME, the correlation is
not significant, but for ML it is. Therefore, the
findings provide evidence to support the theo-
retical assumptions which conceptualise a
causal relationship between ML and PE, but not
for a relationship between ME and PE (Paas
& van Merriénboer 1994). This corresponds
with findings of other researchers (cf. Kirschner
et al. 2011) and may be caused, for example, by
individuals who reach the same number of cor-
rect answers in a test but are working with dif-
ferent amounts of ME (Paas et al. 2003). There-
fore, ‘estimates of mental effort may vyield
important information that is not necessarily
reflected in mental load and performance mea-
sures’ (Paas et al. 2003, p. 65).

Kirschner et al. (2011) called the development
of instruments to separately measure aspects of
CL the ‘holy grail” of CL research. In addition to
the instrument recently put forward by Leppink
et al. (2013), the present instrument may be
used to measure students” ML and ME. Where-
as Leppink et al. (2013) aim to assess content-
related (intrinsic load), instruction-related (ex-
traneous load), and process-related (germane
load) sources of CL, the present instrument fo-
cuses on the perceived complexity of tasks and
the invested mental effort. In the present study
the students reported a significantly smaller
amount of ML than of ME. Such information
may be used to further investigate relations be-
tween perceived task difficulty and students’
motivation to investigate ME to complete a giv-
en task (cf. van Gog & Paas 2008).
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Appendix

Note that the original version of the instrument is in German language and that linguistic flaws may be
caused by the translation. Therefore, for the sake of transparency, the German version of each item is

provided in brackets. Items with an asterisk were coded reversely (i.e. 157, 2—6, ..., 7-1).

Your opinion is in demand!

For the end I would like to learn how difficult you found the just finished test altogether. So refer at the reply to the following
questions to the test in the whole, not to single tasks.
Of course, your answers to the following questions aren't graded.

not at all
moderately
totally

Please indicate with one Xon each line how strongly the following
statements are true for you.

S
©
=
G
=
S

The tasks were difficult to answer.
[Die Aufgaben waren schwer zu beantworten.]

O
O
O
O
O
O
O

At the processing of the tasks | haven’t done my best particularly.
* [Bei der Bearbeitung der Aufgaben habe ich mich wenig bemiiht.]

The contents of the tasks were complicated.
[Der Inhalt der Aufgaben war kompliziert.]

The tasks were challenging.
[Die Aufgaben waren anspruchsvoll.]

I haven't taken particular trouble with the reply to the tasks.
* [Ich habe mir keine besondere Miihe bei der Beantwortung der Aufgaben O O O 0 O O O
gegeben. |

The tasks were easy to work on.
* [Die Aufgaben waren einfach zu bearbeiten.]

I have made an effort at the processing of the tasks.
[Ich habe mich bei der Bearbeitung der Aufgaben angestrengt.]

The contents of the tasks were easy to understand.
* [Der Inhalt der Aufgaben war leicht zu verstehen.]

At the reply to the tasks | have made an effort intellectually.
[Bei der Beantwortung der Aufgaben habe ich mich geistig angestrengt.]

The tasks were easy to solve.
* [Die Aufgaben waren leicht zu IGsen.]

I haven't particularly focused me to solve the tasks.
* [Ich habe mich nicht besonders konzentriert, um die Aufgaben zu [6sen.]

I have given my best to complete the tasks.
[Ich habe mir Miihe gegeben, um die Aufgaben zu I6sen.]

Thank you!
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