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Abstract— This work-in-progress paper is part of a project
that aims to analyze how the implementation of different
instructional designs through complete and incomplete examples
influence the cognitive load that students perceive when learning
statistics and computer programming. For this first stage, we
conducted a pilot study aimed at conducting a differentiated
measurement of cognitive loads through secondary tasks and a
subjective scale. The pilot study consisted of three moments. The
first one focused on measuring their working memory capacity
and their prior knowledge of statistics. Then, students worked on
a learning activity focused on using Chi-square and Pearson
correlation to conduct inferential analyses. The study included two
different instructional designs in the form of computational
notebooks. Design 1 consisted of correct and incomplete examples,
while Design 2 included correct, incomplete, and incorrect
examples. Simultaneously, students had to attend to a secondary
task, which consisted of responding to an auditory stimulus, after
which they had to press a key on their keyboard. Finally, students
completed a naive rating scale of cognitive loads involved in the
task. The results highlight the important role of prior knowledge
in different instructional designs and how it connects to students'
perceived cognitive effort. Likewise, the differences in the
instructional designs influenced students' cognitive loads,
suggesting a differentiated measure of extraneous loads. Using
incorrect examples in learning statistics and programming may
affect students' perceived difficulty without resulting in a better
learning outcome.

Keywords—Cognitive load, Computational  Statistics,
Computational Thinking, Subjective Scale, Secondary Task,
Working Memory.

I. INTRODUCTION

Multiple factors can influence the quality of the learning
process. The How People Learn framework discussed that
learning environments should be learner-centered, assessment-
centered, knowledge-centered and community-centered [1].
Using learning activities and materials that do not consider the
unique characteristics of the knowledge to be learned, may
expose students to overwhelming experiences.

For instance, computational statistics can become a
challenge for students who are not used to programming or
working with numbers. Students in the social sciences do not
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often find courses where they must become familiar with
quantitative data analysis or computer programming. However,
these programs are starting to realize the need to prepare
students with the numeracy and computational thinking skills to
understand social phenomena. The learning of computational
statistics is increasingly present in the classrooms, including in
engineering, psychology, and political science programs.

Hence, it is important to understand how learning occurs in
these contexts and what cognitive loads are involved in this
process. This understanding may enable researchers and
educators to design and implement effective learning
environments for these complex topics. This work-in-progress
paper will explore students' cognitive loads while learning
computational statistics using two instructional approaches: (1)
correct and incomplete examples; and (2) correct, incomplete,
and incorrect examples. The guiding research question for this
study is:

How do a secondary task and a subjective scale measure the
extraneous, germane, and intrinsic cognitive loads, and how do
these relate to students' prior knowledge and learning outcomes?

II.  THEORETICAL FRAMEWORK

A. Cognitive load theory

Initially developed by Sweller, the cognitive load theory
describes a cognitive architecture where the working memory
capacity is limited. This theory defines the cognitive architecture
as the structure of cognitive functioning that allows humans to
develop different mental processes, including learning 2, 3]

According to this theory, the cognitive architecture
comprises a working memory and a long-term memory, which
process incoming information using existing knowledge when
learning occurs. The long-term memory is organized as
schemata consisting of groups of concepts that are related to
each other. These schemata are strengthened to the extent that
people make sense of and practice new knowledge. In this
process, the learner must attend to the new information,
manipulate it mentally and give it meaning; when this happens,
the received information for the first time is retained and can
begin to be stored in the long-term memory [2, 3, 4, 5].



When a human is processing new information and
manipulating it mentally, s/he can hold about four to seven
chunks of information in the working memory. Thus, if s/he
needs to attend and remember more information, s/he must use
strategies such as elaboration that allow them to group or
associate these chunks of information [6].

Cognitive loads refer to a person's mental effort in learning.
A person will have a higher or lower cognitive load according
to how challenging the task is, their prior knowledge, and the
learning materials. For Sweller, there are three types of cognitive
loads: intrinsic, extraneous, and germane [5].

The intrinsic cognitive load is related to the complexity of
the subject, concepts, or skills. If the content itself has several
interactive elements that need to be learned simultaneously, it
represents complex learning. For instance, learning to conduct
and interpret a statistical analysis using R programming requires
the learner to recognize whether specific assumptions are met,
decide which statistical analysis to use, and how to implement it
in R. The extraneous cognitive load is related to the learning
design and how much effort a student needs to devote to figure
it out. Thus, the extraneous load is affected by the amount of
information, representations, examples in the learning activity,
the organization of the material, etc. Therefore, the extraneous
load depends more on the instructional design and does not
contribute to learning. Finally, the germane or relevant load is
beneficial to learning, where the learners load existing
knowledge to make sense of new information [2, 3, 4, 5].

Consequently, instructional designers must consider the
characteristics of the cognitive architecture and how it
influences the amount of information that students can process.
If such an amount is exceeded, the learning task may overwhelm
students and negatively affect their learning. Thus, it is
becoming increasingly relevant that educators, when designing
learning environments, should be able to recognize whether the
selected structure, resources, and strategies are adequate and
adjusted to the subject matter.

B. Measurement of cognitive loads

The cognitive loads a student experiences may be measured
indirectly through three variables: mental load, performance,
and mental effort. The mental load refers to the difficulty and
complexity of a task. This complexity relates to the number of
elements that make up the task. The task is difficult if there are
many elements, but these can be learned independently from
each other (e.g., a new vocabulary in second-language learning).
The task is complex if these elements interact with each other
during learning (e.g., learning programming). These two aspects
(i.e., difficulty and complexity) influence students' mental load
while engaged in the task. Thus, increasing the number of
interrelated components increases the required mental load to
solve the activity [7]

The mental effort refers to the relationship between the task
being executed and the characteristics of the individual.
Therefore, the mental effort can be differentiated among
different people since it depends on the prior knowledge of the
subject. The prior knowledge enables them to successfully
complete the task more or less easily [7]
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Finally, performance refers to the measurement carried out
to identify the number of errors and successes in a learning
activity. Thus, performance is similar to mental effort as the
learner's prior knowledge and skills may influence the outcome.

The importance of understanding the cognitive loads
involved in a learning process has led to the study of their
measurement. Over the last thirty years, several researchers have
developed different techniques to measure them. Some of the
most widely used include self-reports or subjective scales and
secondary tasks. Subjective scales seek to identify the learner's
perception of the mental load devoted while working on a given
task [7]. The secondary tasks involve an additional task to the
learning activity and can be implemented using two different
approaches. The first approach applies a secondary task
immediately after the primary task and measures whether the
reaction time is much higher than regular, considering the
previous effort. The second approach implements the secondary
task at the same time as the primary task, and measures either
the number of times the student responds to the secondary task
or the reaction time [8, 9, 10]. Yet another approach for
cognitive load measurement involves assessing the learner's
physiological responses, such as pupil dilation [7].

C. The Learning Design

The development of the cognitive load theory has also
allowed studying the effects of instructional designs on students'
cognitive load. These advances have allowed recognition of the
effect of cognitive loads on student learning and the differences
they can have if implemented with expert or novice learners.
Some of the described effects include the goal-free effect, the
worked example effect, the fading effect, the redundancy
principle, the modality effect, the self-explanation effect, etc. [3,
4].

For this work-in-progress paper, we used complete worked-
examples (i.e., guided by the worked-example effect),
incomplete worked-examples, and incorrect worked-examples
(i.e., guided by the fading effect). The complete worked-
examples refer to examples with an expert's complete solution
to an exercise or problem, accompanied by annotations, or
auxiliary representations that support student understanding of
the learning activity. The incomplete worked-example shows a
partial solution of the example, and the student needs to identify
what to do in order to complete the solution. Finally, the
incorrect worked-example shows a solution that includes one or
more bugs or mistakes, and the learner needs to identify the issue
and figure out how to solve it. [3, 4].

Integrating computational science practices into disciplinary
contexts, such as the social sciences, generates a cognitive
overload in novice learners[11]. Thus, it is essential to identify
which learning activities may reduce students' cognitive loads
and support their learning process. This study aims to assess
student cognitive loads during a computational statistics activity
and identify to what extent the integration of different worked-
examples with self-explanation activities influences the
students' cognitive load.



III. METHODS

A. Participants

Four students enrolled in an inferential statistics course
participated in this study. In this course, students learn statistical
data analysis techniques and implement these using basic
elements of R programming. Participation in this pilot was
voluntary, and all four participants were women.

B. Procedures

The procedures for this pilot study comprised three stages.
The first stage focused on measuring their working memory
capacity. For this purpose, we used a subscale of the intelligence
test WAIS III [12]. We also measured their prior knowledge of
statistics using a test that the first author designed, and authors
two and three (experts in statistics and education) validated.
After completing these tests, the participating students worked
on a learning activity focused on using Chi-square and Pearson
correlation for conducting data analysis. The study included two
different instructional designs in the form of computational
notebooks. Design 1 included both correct and incomplete
worked-examples. Design 2 included correct, incomplete and
incorrect worked-examples. The students identified as S1 and
S3 worked on the activities of Design 1, while students S2 and
S4 completed the learning materials from Design 2. While
working on these learning activities, the students simultaneously
attended to a secondary task. The secondary task required them
to respond to an auditory stimulus, after which they had to press
a key on their keyboard. We used the number of times the sound
was emitted and the number of times they responded to it to
compute their score. After completing the learning activity, we
measured students' cognitive load using a self-report scale. This
scale was translated into Spanish, adapted from English, and
empirically validated with a large sample size. This scale
consists of three subscales, each assessing a type of cognitive
load (i.e., intrinsic, extraneous, and germane) [7].

IV. RESULTS AND DISCUSSION

Table I presents a summary of the results for each of the
participating students, including: their working memory
capacity, their level of prior knowledge before the task, their
performance on the secondary task, their intrinsic, extraneous,
and germane cognitive loads in task, and the assessment of their
understanding of the concepts at the end of the activity.

The results suggest a similar working memory capacity
among students S2, S3, and S4, while student S1 obtained a
slightly lower score. Students S1 and S3 answered all the
questions correctly when assessing their prior knowledge, while
student S4 had the lowest score. As for their performance in the
secondary task, student S1 obtained the lowest score. While S1
was working on the task, the interviewer identified that, after a
few minutes, she stopped paying attention to the secondary task
and focused instead exclusively on the main task; she stopped
responding to the auditory stimulus. When asked about the
reasons for this behavior, she expressed that she preferred to
have all her attention on the main task, especially when
performing the activities in R.

For the cognitive load scales, the evaluation of the perceived
extraneous load was low for all four students, while the germane

load was high for students S1 and S4 (i..e., above 90/100) and
slightly lower for S3 compared to the others. The intrinsic
cognitive load was very low for student S1, while the rest of the
participants rated it with similar scores. Finally, in the
performance task at the end of the activity, S1 had the lowest
score (50), and S2 showed the highest score (100).

TABLE L.
W.M? p. Kb S.T¢ ELY | GLe I Lf E.K®
S1 8 90 16,13 | 0,00 | 94,58 | 8,54 50
S2 13 66 89,00 | 0,00 | 89,55 | 49,10 | 100
S3 12 100 70,83 | 33,27 | 78,31 | 40,83 75
S4 11 33 80,46 | 24,90 | 94,58 | 55,02 75

*Working Memory. *Prior knowlege “Secondary Task, ¢ Extraneous
load, °*Germane load fIntrinsic load and €Evaluation knowlege

When analyzing the results as a whole, it was noted that
participant S1 had the lowest score in working memory,
"abandoned" the secondary task, perceived the lowest intrinsic
load compared to the other participants, and obtained one of the
highest scores in germane cognitive load. These results are
consistent given that having a lower memory capacity and trying
to respond to both tasks simultaneously could generate a
cognitive overload. This process ended up affecting the
participant's ability and intention to continue responding to the
secondary task. Instead, she focused on the learning strategies
needed to understand and learn about Chi-square and Pearson
correlation. Still, S1 had the lowest performance at the end of
the activity compared to the rest of the participants.

In the case of student S2, she obtained the highest score in
working memory capacity among the participants and was the
one who got the highest score in the secondary task. She also
showed a perfect score in the performance activity after
engaging with the examples. Meanwhile, student S3
demonstrated a clear understanding during the prior knowledge
task. She is the one who perceives a lower germane cognitive
load, an indicator of how previous knowledge serves as a basis
for the construction of new knowledge and the implementation
of learning strategies. She also rated the task to have a higher
extraneous cognitive load than the rest of the participants. These
results are aligned to the cognitive load theory, where the types
of loads are associated with each other: the higher the perceived
extraneous load, the lower the cognitive capacity can be directed
to the relevant cognitive load; thus, a cognitive overload may
affect learning [2, 3, 4, 5].

Finally, student S4 obtained the lowest performance in prior
knowledge, and her perception of the cognitive load was high in
the germane and intrinsic loads. This shows how prior
knowledge may influence the perceived effort of students
associated with the intrinsic load when learning a new topic.

Furthermore, when considering the type of instructional
design each participant engaged with, the germane and intrinsic
cognitive loads were greater in those who engaged with
complete, incomplete, and incorrect examples. This result could
indicate a potential cognitive overload when having to identify
errors, as this requires higher cognitive and metacognitive skills.

The results reiterate the relevance of prior knowledge for the
learning strategies and students' perceived cognitive effort.
Likewise, some of the differences in the instructional designs



influenced students' cognitive loads. Using incorrect examples
in learning statistics and programming may affect the student's
perceived difficulty without implying a better learning outcome
[13, 14].

V. CONCLUSIONS AND NEXT STEPS

This study explored a differentiated measurement of
cognitive loads through secondary tasks and a subjective scale
when learning statistics and computer programming with two
instructional designs. Sometimes it is considered that more
challenging learning will make students work harder to
understand, and will then allow them better results, greater
understanding, and higher quality learning. However, a greater
mental effort will not necessarily indicate better results,
especially for novice learners.

This pilot study shows the relationship of work memory
capacity with the cognitive load while learning and how it
influences the perception of difficulty and cognitive effort that
students experience. However, this small sample size only
shows some emergent patterns in terms of cognitive loads and
performance. Additional work is needed to better understand
how computational notebooks for statistics interact with
students' cognitive loads. In the context of computational
statistics, some elements to be considered include students'
interest in data analysis and the characteristics of the
programming language they use. The next steps of this process
involve implementing the learning activity in a classroom
environment with a larger sample size, and understanding how
this works in real-world settings. Moreover, one of the questions
for future work includes how novices and experts experience
these tasks in terms of cognitive loads.
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