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Abstract. High cognitive load in learning mathematics occurs partly due to the
mental activity of working memory experiences fullness and maximum pressure
during the learning process. This situation intensified by the characteristics of
the information, for instance, when studying the formal definition of limits in-
volving high-level mathematical formulations and constructing epsilon and delta
propositions. Previously, to determine the cognitive load on students, it has been
traced by cognitive load scales. However, there hasn’t been much improvement
of cognitive load scales specific to the characteristics of abstract mathematical
concepts as epsilon and delta proof. Hence, the aim of this research is to vali-
date a specific cognitive load scale for the formal definition of limits concept and
examine item instrument consistency. Rasch analysis applied as the research ap-
proach through aspects of reliability testing, separation, and item measurement.
The Winstep software employed as a tool to explore the psychometric properties
of the instrument. A total of 75 students from three private universities in Serang,
Cilegon, and Pandeglang participated as research respondents. The main findings
confirm that the tested cognitive load scale meets the valid Rasch model assump-
tions and is reliable with fairly good and consistent reliability and separation
value categories.

Keywords: rasch analysis, mathematical cognitive load scale, limits concept

1 Introduction

The concept of function limits at the university level presents quite a high challenge,
especially for first-year students [1][2]. The challenge of the concept of function limits
in question is the formal definition of limits, which involves the abstract mathemati-
cal ideas of epsilon and delta [3][4]. This understanding of epsilon and delta extends
beyond the context of limits and is integral to calculus as a whole. It is inseparable in
proving theorems in Advanced Calculus and Real Analysis. The ability to use the con-
cepts of epsilon and delta is regarded as a fundamental skill that students need to mas-
ter in order to model changes in variable movements, validate mathematical arguments,
identify theorem-proof requirements, or justify a proposition [5][6][7]. This further em-
phasizes the importance of learning the concepts of epsilon and delta as a support for
understanding calculus and as a stimulus for advanced mathematical thinking.

In practical, mental fatigue is often experienced by students when studying ab-
stract mathematical concepts, including epsilon and delta. This diagnosis is evident
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from the observations in the preliminary study, which included the supervision of stu-
dent response questionnaires during the course of learning. The results of the response
questionnaires revealed that students frequently experience reduced concentration, de-
creased information absorption, difficulties in solving problems, and some students
even complained of headaches or tension during their studies. These symptoms dis-
played by students occur when individuals experience high cognitive load [8][9][10].
Cognitive load can be described as an individual’s cognitive capacity or the thinking ca-
pacity when processing received information within a specific timeframe [11][12]. This
mental activity evolves within an individual’s working memory, the stability of which
needs to be maintained to remain normal. Increased cognitive load can impact students’
performance in constructing knowledge and the understanding process [13][14][15].
Therefore, it is crucial to recognize situations where cognitive load can increase and to
manage it effectively to maintain both performance and mental healthiness.

In principle, regarding information processing as stated in the cognitive load theory,
it is identified there is a limitation on the amount of information possibly effectively
processed by an individual’s cognitive system at any given time. This theory suggests
that activities related to knowledge construction and problem-solving require mental
resources [12][16][17]. High cognitive load occurs when the amount of mental effort
required exceeds the available resources, leading to difficulties in information process-
ing and learning activities. Not only the characteristics of mathematical concepts (in-
trinsic cognitive load) contribute to the increase in students’ cognitive load, but also
the instructional design (extraneous cognitive load) in terms of how the material is pre-
sented and the level of mental effort (germane cognitive load) exerted by students can
influence cognitive load [12][18][19]. Thus far, to determine the presence of cognitive
load in students, cognitive load scales have been used. However, there have been limited
developments in cognitive load scales specific to the characteristics of abstract mathe-
matical concepts, such as the epsilon and delta proof. Therefore, the aim of this research
is to validate a cognitive load scale specific to the concept of formal limit definition and
to investigate the item consistency in the instrument.

The research growth in constructing and evaluating cognitive load scales has re-
mained stable over the past five years. Among these studies, there is Liao (2019) inves-
tigates cognitive load in the utilization of instructional videos and collaborative digital
gaming [20]. Then, Janssen’s (2020) evaluates the perspective of Collaborative Cog-
nitive Load Theory (CCLT) in computer-supported collaborative learning (CSCL) re-
search [21]. There is also Andersen (2021) tests the cognitive load instrument in virtual
learning environments through investigations of the validity of measurement using the
Partial Credit Model (PCM), Confirmatory Factor Analysis (CFA), and retention test
correlations [22]. Additionally, Benaim (2022) develops a cognitive assessment scale
for stroke patients by verifying the psychometric properties of the scale using princi-
pal component analysis [23]. Furthermore, Nori (2023) measures cognitive load scales
in spatial navigation as a discovery in updating the Environmental Knowledge Model
(EKM) to explain human navigation concerning individual and environmental factors
[24]. Several of these studies indicate the urgency of investigating cognitive load and
the continued relevance of cognitive load scale development. However, the availability
of cognitive load scales that focus on the complex epsilon-delta concept is very limited.
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Based on the comparison between the ideal conditions and the real-world situation,
as well as the urgency of the need for measuring cognitive load, especially in the abstract
context for formal definition of limit concept, the purpose of this research is to validate a
specific cognitive load scale for the formal definition of limit concept and to investigate
the consistency of items in the instrument.

2 Method

A quantitative research approach using the Rasch model was implemented to validate
and investigate the item consistency of the cognitive load scale. The Rasch model tests
utilized included reliability, separation, and item measurement [25][26][27]. Data anal-
ysis was computed using WINSTEPS software version 5.6.2 to examine the psychome-
tric aspects of the cognitive load scale. The criteria for reliability and separation tests
are presented in Table 1 below.

Table 1. Reliability and Separation Criteria [28]

Criteria Poor Fair Good Very Good Excellent

Person and item
measurement reliability

< 67 67–80 81–90 91–94 > 94

Person and item strata
separated

2 or less 2–3 3–4 4–5 > 5

The research data was collected through the completion of a cognitive load scale
by the respondents. This cognitive load instrument is in the form of a 17-item rating
scale ranging from 1 (Strongly Disagree) to 5 (Strongly Agree) and is divided into three
aspects of cognitive load. The individual statements for each aspect are distinguished by
the codes: ICL for statements related to the characteristics of the material concept, ECL
for statements emphasizing the delivery design of the material, and GCL for statements
focusing on the mental efforts of the students in responding to the material.

The study involved a total of 75 first-year university students from three private
universities in Banten. The respondents were not selected with any specific criteria ex-
cept that they were currently enrolled in a Calculus course. The respondents exhibited
heterogeneity in terms of gender and mathematical ability levels. This approach was
intended to ensure the objectivity of the data analysis results.

3 Result and discussion

The results of the reliability and separation analyses for the cognitive load scale related
to the formal definition of limit in the WINSTEPS software can be found in the output
for Summaries of Person and Items, as presented in Figure 1 below.
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Fig. 1. WINSTEPS Output for Summaries of Person and Items

In Figure 1, the average person measure score (top blue box) is 0.05, while the aver-
age item measure score (bottom blue box) is 0.00. The person measure score is higher
than the item measure score, indicating that the respondents’ abilities are greater com-
pared to the difficulty of the cognitive load scale items related to the formal definition
of limit [29][30]. Furthermore, we can examine the values of person reliability indi-
cates the consistency of respondents’ answers, and item reliability reflects the quality
of the statements in the instrument [31][32]. The higher the values of person and item
reliability in a scale, the better the scale can measure the consistency of respondents’
responses and the quality of the items on that scale. Figure 1 shows that the person and
item reliability values for the cognitive load scale are 0.94 and 0.99, respectively. Based
on Table 1, the person reliability is categorized as excellent, and the item reliability is
considered excellent as well.

Another aspect that supports assess the adequacy of a scale is the INFIT and OUT-
FIT MNSQ and ZSTD values. The criterion for INFIT and OUTFIT MNSQ is the closer
values to 1, the more ideal the measured scale is [33]. The criterion for the ideal value
of a scale based on ZSTD is that approaches to 0 [34]. Referring to this criterion, Figure
1 reveals that the INFIT and OUTFIT MNSQ values for both the person and item as-
pects are around 0.98 and 0.99. Additionally, the ZSTD values for both the person and
item aspects are around -2 and -1. The meaning of these MNSQ values approaching 1
and ZSTD values tending towards 0 implies that the cognitive load scale related to the
formal definition of limit meets the ideal standards of an instrument.

Next is the aspect of separation for both person and item. Separation of responses
focuses on how well a set of items in an instrument can cover a range of logit abilities.
The higher the person separation value, the more ideal an instrument is because the
statement items in it can span persons with various abilities, from low to high levels
[35][36]. The person separation value in Figure 1 is 5.03, which falls into the good
category. This means that the statements in the cognitive load scale related to the formal
limit definition cover a wide range of ability levels (a continuum) from difficult to easy
statements.

On the other hand, item separation emphasizes how widely a sample subjected to
measurement can be distributed along a linear interval scale. The higher the item sep-
aration value, the more ideal the measurement is [37]. This index is also useful for
describing the significance of the construct being measured [38]. Based on Figure 1,
the item separation value is 7.47 categorized as excellent. This implies that the respon-
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dents’ data meet the standard of ideal variation in measuring a scale, resulting in data
from respondents with both high and low cognitive loads.

The results of the item validity analysis for the cognitive load scale connected to the
formal definition of limit in the WINSTEPS software are displayed in output for Item
Measures, as presented in Figure 2 below.

Fig. 2. WINSTEPS Output for Item Measures

Based on the analysis in Figure 2, it is observed that the standard deviation value
is 0.21. The difficulty levels of items in the cognitive load scale linked to the formal
definition of limit can be categorized based on the standard deviation and the logit val-
ues in the MEASURE column. An item is considered very difficult if the logit value is
> +1SD, difficult if the logit value falls in the range of 0.00 logit to +1SD, easy if the
value is in the range of 0.00 logit to -1SD, and very easy if the logit value is <-1SD.
According to this categorization, the following thresholds for each category were deter-
mined: 1) very difficult items have logit values > 0.21 (GCL5, ICL4, GCL6), 2) difficult
items have logit values between 0.00 and 0.21 (ICL3, ICL1, ICL2, ICL5, GCL1, GCL3,
GCL2), 3) easy items have logit values between 0.00 and (-0.21) (GCL4, ECL4, ECL2,
GCL7), and 4) very easy items have logit values < -0.21 (ECL3, ECL5, ECL1). With
the varying difficulty levels of items that can be grouped into different categories, it
strengthens the indication that the developed instrument capable to accommodate re-
spondents with different ability levels, which is one of the indicators of a good instru-
ment [39][40].
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4 Conclusion

Based on the processing and data analysis by the Rasch model approach, it has been
confirmed that the cognitive load scale, focused on students’ difficulties in the formal
definition of limit concept, meets the valid Rasch model assumptions and is reliable.
This is determined by aspects of reliability, separation, and instrument item consis-
tency. The person and item reliability values fall into the ”very good” and ”excellent”
categories with indices of 0.94 and 0.99. Meanwhile, the separation values for persons
and items are categorized as ”good” and ”very good” with indices of 5.03 and 7.47. Fur-
thermore, in terms of item difficulty levels, four categories have been established that
can encompass varying levels of respondent abilities in the study. Thus, the cognitive
load scale for formal limit definition can serve as a reference instrument to measure the
extent of cognitive load experienced by students when studying this abstract concept.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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