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Abstract: Cognitive workload analysis is an important aspect of safety studies at the Spanish Air Force
Academy where students must complete a dual academic curriculum based on military pilot training
combined with an industrial engineering degree. Recently, a mental workload assessment (MWA)
and forecasting model based on Shannon’s law from information theory (IT) has been published;
it proposes a new mathematical procedure (MWA-IT) that defines a workload index that could be
extrapolated to other case studies. The aim of this study was to adapt this model to the Spanish
University Centre of Defence to calculate the mental workload caused by the listening practice in
English as a foreign language. In addition, a contrasting methodology, the NASA task load index
(NASA-TLX), was applied to validate the proposed model using the error study provided by SMAPE
and MSE. The results established an expected reference baseline for MWA-IT in English listening
that is between 36 and 92 at the end of the four courses, which corresponds to the students that start
with the lowest English level (higher workload = 92) and the ones with the highest English level
certification (lowest workload = 36); meanwhile, the NASA-TLX result was between 49.8 and 193.7
for the same circumstances. The main difference is that MWA-IT can be predicted with 41% less
deviation than can NASA-TLX and does not require the completion of a questionnaire following the
activities. Finally, the study also highlights the fact that that nearly 65% of the workload was caused
by the first two courses, when the advanced STEM subjects were taught and the pilot learning and
practice program had not yet begun. This methodology may help the teachers in charge to redesign
or add new content depending on the expected workload reference.

Keywords: cognitive workload; second language learning; information theory; air forces studies

1. Introduction

Workload analysis is often used as a measurement tool to identify the human factor
requirements of a specific task under the framework of labour safety and security. Moreover,
given that there are several surrounding factors that may affect critical activities during the
military pilot learning process, there are some subjects that must be studied simultaneously;
the learning of English as a foreign language is a clear example of this. Thus, when such a
workload methodology is applied to the design and selection of the teaching contents of
English as a foreign language in an industrial engineering degree combined with military
studies, the paradigms shift. This is mainly because the interpretation of the European
Credit Transfer and Accumulation Systems (ECTS) focuses on expected working hours
rather than the complexity of achieving the specific goals of each subject, which students
may perceive in different ways depending on their own competencies. The students
considered here experience double pressure due to the fact that the military career and
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degree take up a considerable amount of their time, in addition to the added day and night
duties and constraints of a military life.

For example, the process of designing a course unit description for an English language
program that is in accordance with the academic requirements for an industrial engineering
degree requires a complete understanding of how students face and achieve progressive
cross-curricular technical competencies while learning a foreign language skill. More
specifically, the Common European Framework of Reference for Languages provides useful
guidelines for students undertaking English language programs; these programs start in
the first academic year of graduate studies; then, the difficulty level increases every year to
enhance the oral and writing competencies of the students.

English for academic purposes (EAP) has become an indispensable part of college
English education. However, the measurement of the effectiveness of English for general
academic purposes has been, and continues to be, a subject worthy of study [1]. A multi-
disciplinary analysis is required to achieve a better understanding of linguistic programs
combined with academic competencies. Therefore, EAP teaching can turn out to be a
challenge for teachers when deciding the content of the syllabus of an academic program
and, more specifically, when trying to fill the gap between the target needs and the students’
needs in English for academic environmental purposes (EAEP) [2]. Hence, constant feed-
back of information is needed during an EAP course. Through this feedback, the realisation
of the competency potential of academic subjects in engineering education may lead to a
reduction in workload for both students and teachers [3]. This provides a new perspective
on foreign language teaching (FLT) where the optimisation of the students’ workload may
help them to achieve professional competence in the linguistic domain.

Past research has focused on English language teaching from the perspective of the
instructors in order to determine the professional development needs [4]; however, more
recent research has shifted the focus to student effort, particularly during speech under-
standing, by applying cognitive workload indicators to design new courses [5]. This new
approach could help to reduce the cognitive workload in designing the content of each
subject. Moreover, the courses on the study of English for academic purposes are commonly
designed as four-year programs, where the level of difficulty is increased yearly.

Establishing the same reference baseline for all the case studies in relation to the
cognitive workload is a mistake, as the capacity and quality of the cognitive resources differ
for each subject; thus, for the delivery of similar levels of performance, the subjects may
have different amounts of spare cognitive capacity remaining [6]. Therefore, the cognitive
workload index should be used as a reference baseline for each student and case study
given that each case may translate into a different self-developed mental workload scale.

Regarding the research on cognitive effort during learning, there are some physio-
logical signals, such as heart rate variability, that denote a lack of sensitivity to potential
changes in invested cognitive effort during skill acquisition as a function of the practice
conditions [7]; thus, future research on experiments utilising behavioural measures (e.g.,
recall success) and perceived cognitive effort scales such as NASA-TLX is needed [8].

A heart rate analysis during an English listening test may indicate the anxiety factor
linked to workload during the performance of such a test, but the focus required for English
listening learning in an English as a foreign language program is more extended and
demanding. Authors such as Alshabeb, Alsbaie, and Albasheer claimed that speaking
and listening skills are often not sufficiently addressed by conventional courses and that
the most effective way to tackle this problem is not to alter classroom practice but to
provide a different structure to the course, allowing more flexible learning that is adjusted
to individual requirements [9]; this could be achieved by using a workload index as a
baseline reference.

In connection with EAEP, listening as a skill is a topic of study that extends the
existing knowledge of the natural spoken language into professional communication,
where information management affects the workload of conversational partners and may
manifest through psychotherapeutic factors [10]. For example, a study has recently been
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conducted on home healthcare professionals’ communication skills, where the influence
of language barriers has been analysed [11] as a workload indicator affecting the human
resources in charge of providing such a service.

Within the field of airline operations and management, air traffic management and
risk and reliability are matters of study related to the aerospace domain. Human factors are
the primary cause of incidents and accidents in the civil aviation industry. Among these
factors, communication errors are the most critical [12]; such errors are mainly due to a
listening-related misunderstanding. The latter highlights the relevance of English listening
learning from the early stages of pilot training studies.

The case study covered in this paper focuses on students working towards a dual
degree in industrial engineering and military pilot training, where English as a foreign
language is an obvious and a mandatory requirement. Therefore, the aim of the research
is to provide for such students a workload baseline reference when the English listening
learning practice takes place.

Although the novelty of this research is its focus on the application of a workload
assessment methodology based on information theory as extracted from a case study
centred on pilot workload, it is necessary to summarise a review of workload measurement
methodologies. To this methodology, it is necessary to add a relevant academic framework
for English as a foreign language and for specific purposes to gather the existing knowledge
that is to be taken into consideration.

1.1. The Research Proposal

Industrial engineering study programs must consider the following EAP requirements:
formal learning experience, achievement motivation, and learning needs [13]. The syllabi
of English language courses should be designed in such a way that engineering students
are made to feel instrumentally motivated; this can be accomplished by decreasing their
cognitive workload.

This paper proposes a cognitive workload study within the scope of EAP; it focuses
on listening practice in the context of the industrial engineering degree taught at the
University Centre of Defence at the Spanish Air Force Academy, where the students must
complete their military education and engineering studies simultaneously. The engineering
curriculum is defined by 240 ECTS of the European Credit Transfer and Accumulation
System, where 1 ECTS involves 10 h of face-to-face classes; up to 25–30 h of studying or
autonomous work is also required. The curriculum planning is mainly built around a
four-year programme, which is extended by one additional course. The latter is devoted
to the writing of their end-of-degree dissertation, the final degree research report, and
the professional novice practice that has a dual educational purpose (civil and military
formation). In addition, the military curriculum is defined by 145.2 ECTS with the same
course distribution. Here, the case study focuses on the first four academic years in order
to set a time framework that is similar to that of the other degrees in industrial engineering.

The STEM subjects are algebra, physics, chemistry, technical drawing, calculus, and
statistics in the first year; fluid mechanics, materials science, electrical technology, electronic
instrumentation, quantitative methods, energy technology, environmental technologies,
mechanical and manufacturing technology, and materials science in the second year; oper-
ation management, security and defence technology, meteorology, and communications
in the third year; and project management for industrial engineering and the final degree
project in the fourth/last year. The ECT percentage distribution is shown in Figure 1.

In this type of study, the framework for English language learning was defined
following the transformation of the Central and East European armed forces into modern
contributors to Euro-Atlantic security. For such purposes, the United Kingdom has been
playing an assisting role by establishing conscript training centres to provide English
language training in order to ensure the development of such academic competencies. The
listening comprehension training of similar programmes offers the opportunity to analyse
the workload requirements of what has been considered the most challenging skill in both
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teaching and testing procedures, including listening comprehension tests, regardless of
whether they are paper-based or computer-based [14]. This paper introduces an inductive
methodology starting with the setting up of a working database, which was built with
the information extracted from the case study records and from the statistical analysis
of previously collected data. This database allowed for the calculation of a workload for
listening training in English as a foreign language through the use of NASA-TLX and a
method developed recently from the perspective of information theory [15] that does not
require the completion of a questionnaire after performing the activity; this is significant
when the activity takes place within a longer timeframe, as is the case with the process of
English listening learning.
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1.2. Workload Measurement Methodologies

The assessment of mental workload has been extensively explored due to the escalating
demands on the operators’ information-processing capacities [16]. Two categories of
methods, primary and secondary task measures, fall under the umbrella of performance
measures for mental workload assessment. Primary task measures assume a universal
human capacity for a given task, while secondary task measures consider an upper limit on
the workers’ ability to gather and process information; this limit prompts them to perform
a secondary activity to gauge its impact on the main task.

Subjective rating measures involve the workers’ perceptions of task complexity, po-
tentially establishing a reference framework through statistical analysis. Physiological
measures analyse the operators’ responses to workload by examining various physiologi-
cal factors. The NASA task load index (NASA-TLX), originally designed for ergonomic
analysis in the aerospace industry, has gained widespread use across diverse fields due
to its applicability and flexibility [17–21], which explains why it is still being used as a
reference method.

The debate surrounding NASA-TLX’s extensive use in cognitive workload research
centres on the derivation of information from workload measures within theoretical frame-
works. The NASA-TLX is considered valuable when building models for categorisation,
description, explanation, and prediction, and it emphasises the importance of understand-
ing mechanisms [22,23]. Some authors categorise mental workload methodologies into
three main groups: performance, subjective, and physiological metrics. Subjective method-
ologies such as NASA-TLX lack clear definitions that distinguish between “effort” and
“demand”; thus, clear and unambiguous language is required when defining multidimen-
sional scales.

Although attitude and mental workload cannot be quantified directly, they can be
assessed indirectly by collecting multiple measures that should be employed to compre-
hensively capture mental workload during task performance [24]. Comparisons between
subjective workload methods such as SWAT and WP alongside NASA-TLX reveal no signif-
icant differences in intrusiveness, and they have similar sensitivity and convergent validity.
NASA-TLX is recommended for the prediction of a subject’s task performance due to its
higher correlation with performance [25]. Other examples, such as Bedford’s methodology,
which uses ten scales to assess four levels, yield weak correlations between the immersive
experiments and the final results, making it challenging to distinguish between different
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workloads within the same range. NASA-TLX has been applied to study mental workload
in conjunction with real-time physiological parameters, providing a dynamic framework
for multitask workload estimation [26]. However, its use requires a thorough examination
of each dimension rather than sole reliance on a global score, especially in activities such
as driving, where intrinsic, extraneous, and germane loads are influenced by different
variables. For example, some authors considering further dimensions of the operator’s
mental state have recently included mental fatigue, stress, and vigilance [27]. Others refer
to a high cognitive workload status, which is defined as “a physiological state of reduced
mental or physical performance capability resulting from sleep loss, extended wakefulness,
circadian phase, and/or workload” (International Civil Aviation Organization).

Cognitive loads, which are defined as information-processing demands during task
performance, align with cognitive theory, emphasising learning as a process of integrating
new information into existing schemas. Analysing cognitive workload through immersive
experiences aids in determining the best practices to minimise mental workload [28]. For
instance, repeated simulation training in ureterorenoscopy in a high-fidelity setting was
found to result in a continual decrease in mental workload, as the participants identified
optimal strategies [29]. In this last case a model based on information theory, as an exam-
ple, could help to parametrize the workload reduction as it takes into consideration the
experience level of the participants.

After considering the above, we can surmise that NASA-TLX is suitable as a contrast
or validation methodology when combined with the information theory that is explained
in detail in the Materials and Methods Section.

1.3. Academic Background

NASA-TLX is widely used in academia to assess the mental and physical workload of
vocational students [7]. It defines student workload expansively, encompassing the hours
spent on lectures, seminars, project preparation, exams, etc. Immersive training enhances
task performance by instilling careful task execution, with successful outcomes linked to
the students’ ability to perceive task difficulty in advance [30].

The implementation of audio cues in immersive practices, analysed through NASA-
TLX, yields satisfactory results, suggesting potential benefits for pilots through the incorpo-
ration of multisensory cues, such as audio–tactile cues [31]. While NASA-TLX has been
validated in numerous case studies, recent research has compared it with other scales, such
as the modified Cooper–Harper (MCH) scale and the mean interbeat interval. The consen-
sus is that MCH may be more appropriate for measuring mental workload in time-critical
environments [32]. These methods, including NASA-TLX, are deemed potentially useful
for multicriteria decision analysis in evaluating future human–machine complex systems
or operating procedures [6].

Despite numerous workload assessment techniques, subjective ratings methods such
as NASA-TLX remain the most commonly used and serve as a benchmark when comparing
other measures. Information theory aids in the contrasting of expected workload models.
Some of the related research explores language learning through computer games, sug-
gesting increased cognitive demand and motivational strategies. However, there is a lack
of recent publications evaluating these aspects in terms of workload requirements; thus,
further research is necessary [33,34], NASA-TLX could play a relevant role in addressing
these questions.

Recent research has employed NASA-TLX to measure mental workload and learners’
frustration with traditional teaching procedures [35]. Previous studies highlight the im-
portance of mental workload in understanding how teachers define and perceive course
contexts and how these contexts influence instructional decisions and practices [36]. In
English for academic purposes (EAP), the recent research by Bahrami, Hosseini, and Reza
Atai underscores the need for specific teacher programmes to foster pedagogical content
knowledge. This initiative aims to enhance the development of EAP content, making the
research more relevant to the practice and contributing to the framework for improved
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EAP teacher education [37]. Studying mental workload from the students’ perspectives
sheds light on the managerial implications of teaching English for specific purposes, which
depend on the academic degree to which it is applied.

In the domain of educational technology and applied linguistics, the research empha-
sises the symbiotic relationship between research and teaching, suggesting that research-
oriented pedagogical practices facilitate college English teachers’ immersion into research
practices [38].

Therefore, researching the students’ workload, which is a result of the teaching prac-
tices, could enable a means of developing immersive experiences that enhance teaching
capabilities and professional competencies in the academic community.

The students’ mental workload indicators, which are linked to listening training units,
even when collected subjectively through NASA-TLX, can inform content arrangement
with a progressive increase in difficulty. This principle can extend to collaborative science
learning in immersive experiences, offering valuable insights into the design of accurate
simulations that foster constructive learning immersions [39]. Workload studies in immer-
sive practices serve as a useful tool for ensuring behavioural compliance before research is
conducted; assuming that the workload in the immersive experiences is primarily defined
by task difficulty level and user capability [40], a workload model based on information
theory that has been selected for this research can be easily introduced.

2. Materials and Methods

The materials needed to perform this study were extracted from teaching experiences
in the industrial engineering grade at the University Centre of Defence at the Air Force
Academy, and were considered together with the students’ questionnaires to set up a
working database. In compliance with data collection for case studies with humans as
the main subjects, multiple sources of data were used, and a chain of evidence was kept.
Furthermore, as the main focus of this study was to apply a recent mental workload
assessment–information theory methodology, together with a contrasted NASA workload
index, some missing data were gathered from assumptions based on the statistical analysis
of previously collected data, as described in the Data Source Section. For this study, it was
not necessary to request specific approval by the institutional review board, as the study
did not require human participants. The CV workload index was calculated using random
values applied to the variables according to the experiences reported by the teachers
in charge. Meanwhile, NASA-TLX was calculated using the teacher satisfaction report
provided by the university, for which 12 questions were used to set up a working database
and which were linked afterwards with the NASA rating scale definitions.

2.1. Data Source

The case study information for the four-year programme of English as a foreign lan-
guage for specific and academic purposes was extracted from the course unit description of
English Language I, Technical English I, Technical English II, and English for Management,
which can be downloaded from www.cud.upct.es. These course unit descriptions provide
information about theoretical content, competencies and learning outcomes, learning goals,
teaching methodology, and the assessment, where it is clearly stated that listening is a
relevant aspect which has a value of over 32 percent in the final marks.

The initial skill of students in English as a foreign language is an input that may help
the lecturers in charge to propose new content in order to give students specific guidance
towards achieving a particular proficiency level.

The proficiency evolution trend was calculated by analysing the initial placement test
that takes place at the beginning of the courses and the marks at the end and by putting the
students into five groups following the Cambridge English Qualification scale.

This scale is as follows: “0” or Lv = 0.2 for students without a previous certification
in English or with the lowest level of the receptive oral skill, “B1” or Lv = 0.4 for students
with a minimum certificate or low English proficiency in the aforementioned skill, “B2” or

www.cud.upct.es
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Lv = 0.6 for students with a middle certificate or middle proficiency level, “C1” or Lv = 0.8
for students with a high certificate or high proficiency in the skill, and “C2” for students
with the highest certificate or highly proficient level on the abovementioned test. The
probability distribution for each course is indexed in Table 1.

Table 1. English Level (t) Probability distribution for each Course.

English Level Course1
(x = 1)

Course2
(x = 2)

Course3
(x = 3)

Course4
(x = 4)

0 (Lv = 0.2) 2 (p = 0.067) 1 (p = 0.033) 0 (p = 0.00) 0 (p = 0.00)
B1 (Lv = 0.4) 14 (p = 0.467) 8 (p = 0.267) 1 (p = 0.033) 0 (p = 0.00)
B2 (Lv = 0.6) 11 (p = 0.367) 17 (p = 0.567) 23 (p = 0.767) 14 (p = 0.467)
C1 (Lv = 0.8) 2 (p = 0.067) 3 (p = 0.100) 5 (p = 0.167) 10 (p = 0.333)
C2 (Lv = 1.0) 1(p = 0.033) 1 (p = 0.033) 1 (p = 0.033) 6 (p = 0.200)

The proficiency evolution trend was calculated by applying quadratic regression to the
probability distribution table, taking into account that students must cross a certain level to
pass the courses, as illustrated by the fact that there must not be any student with Lv = 0.2
in the third course or students with Lv = 0.4 in the fourth course. Therefore, the number of
students with a categorised level was calculated using five equations, one for each level,
and an “x” variable that represented the course (x = 1, 2, 3, or 4; see Equations (1)–(5)),
the coefficients of determination, “R2”, between 0.98 and 0.99 represent a good fit of the
forecast value for the number of students with a specific English level in each course.

F(LV = 0.2)LEVEL=0 =
1

30

(
0.25x2 − 1.95x + 3.75

)
; 1 ≤ x ≤ 2R2 = 0.9818 (1)

F(Lv = 0.4)LEVEL=B1 =
1

30
(1.25x2 − 11.15x + 24.25); 1 ≤ x ≤ 3R2 = 0.981 (2)

F(Lv = 0.6)LEVEL=B2 =
1
30

(−3.75x2 + 20.25x − 6.25); 1 ≤ x ≤ 4R2 = 0.8571 (3)

F(Lv = 0.8)LEVEL=C1 =
1

30
(x2 − 2.4x + 3.5); 1 ≤ x ≤ 4R2 = 0.9947 (4)

F(Lv = 1)LEVEL=C2 =
1
30

(1.25x2 − 4.75x + 4.75); 1 ≤ x ≤ 4R2 = 0.9818 (5)

This level distribution function allowed for a random database to be built with
30 students per course repeated 7 times, creating almost 210 records per course; in to-
tal, 820 records represented the 4 courses.

2.2. Methodology

The MWA-IT model [15] is based on the information theory, where workload is
associated with a greater amount of processed information per unit of time, in addition to
some factors that may increase or decrease its results, such as the task complexity or the
subject’s experience or previous skill achievement in English listening practice.

With a focus on the listening task, the model was then applied to determine the rate
of information processed (CV) as a mental workload indicator (see Figure 2). For such
purposes, it was necessary to calculate the listening task complexity (ST), the physical
variable measured as the median range of response time per question (MQ), and the
experience variable, which was defined as the English level (LV) of each student.
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With the MWA-IT model being used as a reference, the listening task complexity
(ST) was defined as a variable that was dependent on the length of the conversation (L)
expressed in seconds and within the limits of 120 to 300 s; the number of speakers involved
(S), with a maximum limit of five; the English accent (ACC) used by the speakers (see
Table 2); and the clarity of the conversation over a background of controlled noise (CL) (see
Table 3). ST can be mathematically expressed as follows:

CV = MQ·log2

(
ST + LV

LV

)
(6)

ST = log2

(
L·S·ACC

CL

)
(7)

where ST = Task Complexity; MQ = Physical Variable Response Time, LV = Experience
English Level; ACC = Accent Listening Factor; CL = Clearly Listening Factor.

Table 2. Accent Listening Factor.

ACC Description

0.7 Speakers use a Clear British Accent

1 At least one speaker uses a different accent e.g., Irish, north
American, or any other similar accent

1.3 More than two speakers using accents or at least one strong
accent such as Australian

Table 3. Clearly Listening Factor.

CL Description

1 Noiseless environment (0% noise vs. 100% conversation volume)

0.8 Low and rhythmical Noise i.e., Natural Sound (10% noise vs. 90%
conversation volume)

0.6 Soft Traffic environment, pedestrian street sounds (20% noise vs. 80%
conversation volume)

0.4 Heavy traffic sounds (30% noise vs. 70% conversation volume)
0.2 High noise in bar or restaurant (40% noise vs. 60% conversation volume)

The working database to calculate the listening task complexity (ST) was compiled
using a random combination of variables using the Excel function “randbetween(a,b)”,
where “a” is the minimum value of the variable and “b” is the maximum. Therefore, it
was possible to create a list of 40 different listening complexity levels plus 2 more for the
minimum possible result (set up with a listening length of 120 s and 1 speaker with a clear
British accent in a noiseless environment) and the maximum (set up with a listening length
of 300 s and 5 different speakers with 1 strong accent or more than 2 speakers with an
accent in a highly noisy environment). The results were arranged in ascending order to
assign the lowest levels to the first courses (see Table 4).
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Table 4. Listening task complexity (ST).

Course Order L S ACC CL ST Course Order L S ACC CL ST

Fi
rs

tC
ou

rs
e

0 120 1 0.7 1 6.392

Th
ir

d
C

ou
rs

e

21 256 2 1.3 0.6 10.115
1 150 1 1.3 0.8 7.929 22 254 2 1.0 0.4 10.311
2 127 1 1.3 0.6 8.104 23 266 2 1.0 0.4 10.377
3 269 1 0.7 0.6 8.294 24 298 3 0.7 0.4 10.611
4 246 1 0.7 0.4 8.750 25 167 2 1.0 0.2 10.706
5 126 2 0.7 0.4 8.785 26 255 4 0.7 0.4 10.802
6 195 2 1.0 0.8 8.929 27 289 5 1.0 0.8 10.819
7 211 2 1.0 0.8 9.043 28 282 2 1.3 0.4 10.840
8 247 1 1.3 0.6 9.064 29 149 5 1.0 0.4 10.863
9 160 2 0.7 0.4 9.129 30 155 4 1.3 0.4 10.977

10 183 1 1.3 0.4 9.216

Fo
ur

th
C

ou
rs

e

31 295 2 0.7 0.2 11.012

Se
co

nd
C

ou
rs

e

11 255 3 0.7 0.8 9.387 32 213 3 1.3 0.4 11.020
12 147 4 0.7 0.6 9.422 33 231 5 1.0 0.4 11.496
13 282 2 1.0 0.8 9.461 34 248 3 1.0 0.2 11.861
14 136 3 0.7 0.4 9.480 35 186 4 1.0 0.2 11.861
15 120 3 1.3 0.6 9.607 36 274 4 0.7 0.2 11.905
16 126 2 1.3 0.4 9.678 37 208 4 1.0 0.2 12.022
17 169 2 1.0 0.4 9.723 38 287 5 1.3 0.4 12.187
18 169 2 1.0 0.4 9.723 39 165 5 1.3 0.2 12.389
19 249 2 0.7 0.4 9.767 40 194 5 1.3 0.2 12.622
20 251 1 0.7 0.2 9.779 41 300 5 1.3 0.2 13.3

L = Listening Length (s); S = # of speakers; ACC = Accent (Table 2); CL = Clearly (Table 3).

The average range of the response time per question (MQ) when applied to a listening
practice test was selected as the physical variable because of its relationship with the man-
agement of information extracted from the listening exam, where students who completely
understood the listening comprehension required the lowest time to answer each question.
This information was missing at the beginning of the study; however, this was overcome by
using random data based on the assumption in Table 5, in agreement with the expectations
of the teachers in charge, which filled the gap and enabled the completion of the analysis.
The teachers indicated that a listening practice test should not last more than 2 h for a 30
question format. The time needed per question should be nearly 4 min for an average-level
student, 2 min for a high-level student, and probably nearly 8 min for the student at the
lowest level (see Table 5).

Table 5. Expected response time to listening questionaries.

English Level Lv MQ

0 0.2 6.5–8.5 min
B1 0.4 4.5–6.5 min
B2 0.6 3.0–4.5 min
C1 0.8 2.5–3.5 min
C2 1 2.0–2.5 min

MQ = Median Range of response time per question. LV = English Level Factor.

The process of creating new data based on the experience of the teachers in charge
allowed us to continue with the research, as the focus was to perform a workload study
based on the MWA-IT and NASA-TLX methodologies and to set a new framework that
may provide support for teachers’ decision-making processes. This limited the analysis
of the results to a comparative framework rather than to an analysis of the absolute value
of the results. However, the comparative outcome was still of interest, as it may suggest a
new research line on EAP, where students’ workload indicators may play a relevant role in
the teachers´ decision-making processes when designing new course unit descriptions.
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Because of the assumptions regarding the MQ variable, it was possible to calculate the
rate of information processed (CV), depending on the specific complexity of each listening
task. As there were ten different levels of complexity per course measured by the variable
ST (see Table 4), ten different CV values for each sample (student) were calculated. The
average of all of them was selected as the representative value for the rate of information
processed by each student. The time series plot (see Figure 3) revealed lower CV values
for the third and fourth courses, which can be explained by the fact that students acquire
a higher level of English proficiency as they pass from one course to the next and that, in
turn, this higher level of English must involve a lower cognitive workload.
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This result was analysed using MINITAB 19.0, which first revealed that this time series
failed the normality test of Anderson–Darling, Ryan–Joiner, and Kolmogorov–Smirnov (see
Figure 4). Afterwards, a multiple regression model was proposed to calculate the expected
CV value (see Equation (8)) depending on the course and the level of English according to
Table 1. The coefficient of determination R2 (0.9006) indicated that the regression model
could finally be accepted.

ĈV = 58.104 + 1.759x1 − 109.79x2 − 0.2479x2
1 + 57.99x2

2 (8)

where, x1 = Course; x2 = Level;
Returning to NASA-TLX, new variables had to be added to the working database in

order to proceed with the study. NASA-TLX is calculated by applying an individual task
load questionnaire after the task is performed. The questionnaire is focused on a rating
scale for mental, physical, and temporal demand, together with effort, performance, and
frustration levels, which must provide a single numerical result when finally evaluated.

Therefore, the formulated questions stand for the following: “mental” demand, to de-
termine how much mental perceptual activity was required (thinking, deciding, searching,
etc.); “physical” demand, which is more closely related to the physiological aspects caused
by pushing, pulling, turning, controlling, etc.; “temporal” demand, to find out how much
time pressure is felt due to the task; “effort” level, which focuses on how hard the worker
has to work to accomplish the task; “performance” level, to determine how successful
the worker feels after accomplishing the objectives; and “frustration” level, which defines
how insecure, irritated, or stressed the workers are when the task is finished. Each rating
scale is weighted to set up an index that represents the workers’ expectations regarding the
complexity of the assigned task. It can ultimately be expressed as follows:
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NASATLX =
1
n∑n

i=1(Mi·WMi+PHi·WPHi+Ti·WTi + PEi·WPEi + EFi·WEFi + FRi·WFRi) (9)

WMi = weight representing the contribution of Mental Effort factor to the workload.
WPHi = “ the contribution of Physical demand factor to the workload.
WTi = “ the contribution of Temporal demand factor to the workload.
WPEi = “ the contribution of Performance level to the workload.
WEFi = “ the contribution of Effort level to the workload.
WFRi = “ the contribution of Frustration Level to the workload.
Mi = Averaged value of points marked in questions related to Mental Effort.
PHi = Averaged value of points marked in questions related to Physical demand
Ti = Averaged value of points marked in questions related to Temporal demand
PEi = Averaged value of points marked in questions related to Performance level
EFi = Averaged value of points marked in questions related to Effort level.
FRi = Averaged value of points marked in questions related to Frustration level.

The questionnaire was completed with information collected from the surveys that
the University Centre of Defence at the Spanish Air Force Academy compiled for each
subject. It consisted of 12 questions (see Table 6) that could be linked to the NASA-TLX
rating scale. However, as there were no previous publications or references concerning the
expected weights of the mental, physical, temporal, performance, effort, and frustration
level contributions to workload that applied to the “English Listening Learning” reference,
the teacher in charge provided this information. The teacher stated that the mental factor
was worth 40% of the total workload, the physical factors was worth 1%, the temporal and
effort factors were worth almost 20% each, the performance factor was worth 15%, and the
frustration factor was worth 4% of the total workload (see Table 7).
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Table 6. Task Load Questionnaire.

Description

#1 The teacher increases the student interest in the subject.
#2 The teacher expositions are clear and fully understandable.

#3 The educational resources provided by the teacher are useful, what helps to pass
the course.

#4 The teacher encourages the student to participate actively during the lessons.

#5 The teacher is fully accessible when the student needs to solve questions outside of
the classes.

#6 The test results provided by the teacher help the student to know her/his
progress evolution.

#7 The work assignments planned out of the classes are useful to the student.
#8 The teaching methodology helps the students to accomplish the learning process.
#9 The assessment methodology is appropriate.

#10 The student acquired the knowledge and abilities described in the course unit description.
#11 Generally, the student feels satisfied with the teacher’s work.
#12 The student needs more time to answer each question.

Table 7. NASA-TLX Rating Scale Definitions.

Scale (Weights) Description Question
#

M: Mental
(WM = 0.4)

How much mental and perceptual
activity was required while listening to
the conversation.

#04

Ph: Physical
(WPH = 0.01)

How much physical activity was
required, i.e., if it was necessary to
search for any other teaching material
or extra lessons to acquire the
expected knowledge.

#02 and #03

T: Temporal
(WT = 0.2)

How much time was needed to answer
each question with regard to the
listening test.

#12

PE:Performance
(WPE = 0.15)

How successful the student thinks that
she/he was in accomplishing the goals
of the listening test.

#06 and #09

EF: Effort
(WEF = 0.2)

How hard the student had to work to
accomplish her/his level
of performance.

#05, #07, and #08

Fr: Frustration
(WFR =0.04)

How insecure, discouraged, irritated,
stressed, and annoyed versus secure,
gratified, content, relaxed, and
complacent the student felt during the
listening and the test.

#01 and #10

This adaptation work performed for the questionnaires is a relevant limitation of the
study with regard to the NASA-TLX assessment. However, the results provided are the
best approximated values of the real NASA-TLX results that could be obtained at the time
for this research. Therefore, the NASA-TLX results must be understood as an example of a
methodology application rather than the case study characterisation.

The results were added to the working database in a column labelled “NASA-TLX”.
However, in keeping with the aim of the research, a new random function was used
to calculate a new NASA-TLX value, labelled “NASA-TLXIND”, based on a “what if”
methodology where such weights could fluctuate between expected limits. For example,
the mental weight was worth 30–50%, the physical factor 0–5%, the temporal demand 1–2%,
and the performance level 15–30%; the remaining percentage was divided again, with 70%
for effort and 30% for frustration level (see Equation (10)a,b).
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Again, the results of NASA-TLX and NASA-TLXIND were first analysed using MINITAB
19.0 to perform the normality tests of Anderson–Darling, Ryan–Joiner, and Kolmogorov–
Smirnov, which failed in all cases (see Figures 5 and 6). However, in this case, the developed
multiple regression model had lower coefficients of determination: R2 = 70.83% for NASA-
TLX (see Equation (11)) and R2 = 65.63% for NASA-TLXIND (see Equation (12)), these
were accepted because the research assumption was based on the comparative framework,
where errors in the absolute values were neutralised as they were expected to affect all the
data equally.

WEF = 0.7·(1 − (WM + WPH + WT + WPE)) (10a)

WFR = 0.3·(1 − (WM + WPH + WT + WPE)) (10b)

N̂ASATLX = 96.41 + 6.63X1 − 166.7X2 + 1.829X2
1 + 85.33X2

2 − 13.69X1X2 (11)

N̂ASATLXIND = 92.74 + 7.51X1 − 163.7X2 + 2.347X2
1 + 87X2

2 − 16.94X1X2 (12)

X1 = Course; X2 = Level;

1 Fail
2 Fail
3 Fail
4

210  37.184        (34.927; 39.441)  16.593 (15.143; 18.52)   8.756   35.351    84.72       0.017 
210  35.541      (33.477; 37.606)  15.178  (13.852; 16.787) 7.228   33.745    84.503    <0.00 
210  35.193      (33.194; 37.191) 14.689  (13.406; 16.246) 5.56     33.242    79.867    <0.00 
210  36.108      (33.970; 38.246) 15.715  (14.42; 17.381)   6.278   35.31      74.645      0.029 Fail
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Figure 5. Minitab graphical summary of NASA-TLX and normality test.

1 Fail210
2 Fail210
3 Fail210
4

35.252     (32.969; 37.534)     16.777        (15.311; 18.555)        8.514  33.040    80.073             <0.00 
34.262     (32.136; 36.388)     15.630         (14.264; 17.287)       6.889  31.825   85.129              0.007 
35.188       (32.902; 37.475)     16.810         (15.341; 18.592)       4.186  31.153   84.642            <0.00
37.687       (35.311; 40.064)     17.467         (15.941; 19.319)       5.619  36.297   81.591            <0.00 Fail210
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3. Results and Discussions

The expected workload results derived from English listening training in combination
with the students’ initial level of English and their courses are summarised in Table 8, as is
the expected progression towards the achievement of higher levels each year (levels from
0.2 to 0.8)

Table 8. Expected workload due English Listening Training depending on initial level of English.

Initial Level = 0.2 Initial Level = 0.4
Course Level N̂ASATLX N̂ASATLXIND CV Course Level N̂ASATLX N̂ASATLXIND CV

1 0.2 72.2 69.9 40.0 1 0.4 46.4 44.3 25.0
2 0.4 53.0 52.0 26.0 2 0.6 31.3 29.9 15.6
3 0.6 38.8 39.0 16.2 3 0.8 21.2 20.5 10.4
4 0.8 29.6 30.8 10.5 4 1 16.1 15.9 9.4

Total 193.7 191.7 92.6 Total 114.8 110.6 60.4

Course
Initial Level = 0.6 Initial Level = 0.8

Level N̂ASATLX N̂ASATLXIND CV Course Level N̂ASATLX N̂ASATLXIND CV

1 0.6 27.4 25.5 14.6 1 0.8 15.2 13.8 8.9
2 0.8 16.3 14.8 9.9 2 1 8.2 6.6 8.8
3 1 10.3 8.9 9.3 3 1 10.3 8.9 9.3
4 1 16.1 15.9 9.4 4 1 16.1 15.9 9.4

Total 70.1 65.1 43.3 49.8 45.2 36.5

It can be seen in all cases that the CV index provided lower values than did those of
NASA-TLX and NASA-TLXIND; in terms of a relative reference and as an example, the
CV values were higher for the first and second courses. This circumstance is aligned with
the expectations of the teachers in charge, as their aim is to increase the learning demand
in such courses in order to decrease it later when the students start the third course with
an intensive training programme. In a similar way, this is also aligned with the academic
master plan expectations for the industrial engineering studies, where subjects with the
highest scientific and technical demand are programmed to take place during the first
two courses.

With the CV results, the expected workload is parametrised in terms of a CV rather
than the interpretation of ECTs as hours of student dedication. Therefore, when a student
starts with the lowest English level 1 (below B1 certification; L = 0.2), the maximum
workload caused by the four courses is expected to be 92.6; nearly 43% of such work occurs
during the first course, 28% during the second course, 17% during the third course, and
12% at the end.

In the case in which the student might have started with a minimum certification in
English (Level B1; L = 0.4), the percentage distribution of the CV is similar, but the maximum
workload in this case is 34% lower (CV = 60.4 vs. CV = 92.6). This reduction is more
pronounced when the initial English level of the student corresponds to the certifications
C1 (L = 0.6) and C2 (L = 0.8), where the reduction is nearly 50% (CV = 43.3 vs. CV = 92.6)
and 60% (CV = 36.5 vs. CV = 92.6), respectively.

N̂ASATLXR2 = 70.83%; N̂ASATLXINDR2 = 65.63%; ĈVR2 = 90.06%.
Furthermore, in order to check whether the expected outputs correspond with the

forecasted values and whether the validation data correspond to the observations, these
results were used to perform hindcasting or back testing, which involves using known or
closely estimated inputs into the developed models to test how well the outputs match the
known results [41].

The hindcasting technique allows for several models to be compared by examin-
ing the mean square errors (Equation (13)) or the symmetric mean absolute percent-
age errors (Equation (14)) as a modification of these errors, where the divisor is half
the sum of the actual and the forecasted values [42]. Thus, for each workload index
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recorded, it was compared with the developed index by applying each forecasting model
(Equations (8), (11) and (12)).

MSE =
1
n

n

∑
i=1

(
Yi − Ŷi

)2
(13)

where Ŷi is a vector of n-predictions. and Yi is the vector used as a reference.

SMAPE =
1
n

n

∑
t=1

(
|Ft − At|

Ft+At
2

)
(14)

where Ft is the forecast value obtained with Vensim. and At is the value used as reference.
The MSE and SMAPE results indicated that the forecast model of the CV had the

lowest error (see Table 9), while NASA-TLX and NASA-TLXIND had similar errors in
relation to each other (see Figure 7a–c)). The rate of information processed could then be
used as a valid cognitive workload; this might have been due to the assumptions mentioned
throughout this research.

Table 9. MSE and SMAPE for the NASA TLX and CV workload indicators.

MSE SMAPE
NASA TLX NASA TLX-IND CV NASA TLX NASA TLX-IND CV

n = 841 Av 70.443 95.86 4.586 0.202 0.238 0.113
Q3 72.122 96.845 5.741 0.1999 0.336 0.112
Q1 61.281 75.386 5.063 0.1751 0.088 0.108

Av = Average.
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The MWA-IT model therefore allows the calculation of the lower and upper limits of
the expected workload (CV: Q1–Q3); this calculation resulted in a nearly 40% less symmetric
mean absolute percentage error than did the forecasting model for NASA-TLX.

In combination with the square root of the mean square error, it can be used to
compare it with the maximum of the expected workload (See Table 8, L = 0.2). The
deviation can then be expressed in terms of the percentage of variance over the maximum
workload. For example, for the upper limit of Q3 and the value of the square root of MSE
((CV: ((5.741)0.5)/92.6)·100 = 2.58%; NASA-TLX: (((72.122)0.5)/193.7)·100 = 4.38%) CV is a
better model approach, as it again results in nearly 41% less deviation than does NASA-TLX.

Despite the analysis presented earlier, some research limitations must be recognised to
complete the research scope statement. The first limitation is the questionnaire adaptation
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from the case study to a NASA-TLX structure, as it was the only feasible way to add a
subjective methodology into the research. In addition, the MWA-IT model was applied to a
specific case study; however, it was not applied to a full subject but to a relevant part of
English as a foreign language, the “Listening English Learning”. Nevertheless, the aim of
the study was to apply this methodology to a learning process, which may encourage the
development of other case study applications.

Finally, these results should be understood by students as a distribution percentage
of the expected workload needed to pass the English listening program. Therefore, for
initial levels of 0.2- 0.4, or even 0.6, it is expected that the students will need to use nearly
60-70% of their effort to pass the first two courses. As the military pilot training starts
simultaneously with the third and fourth courses, the teachers in charge are therefore
requested to increase the effort required at the beginning of the programme to avoid any
additional disturbance later on.

4. Conclusions and Future Works

The workload task index presents a new research perspective in the design of course
unit descriptions; it creates a reference framework based on a numerical approach to
assist the teachers in charge in making decisions about contents and difficulty levels when
designing programmes in English for specific purposes (ESP) or English for academic
purposes (EAP).

Regarding future workload studies in this field, it is of interest to use the MWA-
IT model in combination with other workload methodologies for a comparative study
when relevant data are missing. For such cases, this research presents a mathematical
example of how missing data may be rebuilt to perform the study. However, there are still
some variables that must be included for in-depth analysis, such as the complexity of the
workload studies. Additionally, students’ marks could be used to identify specific workload
values, not only to pass a course but to reach a specific level, which is a highly relevant
matter to military students, who will earn future professional promotions according to
their recorded academic results.

Rather than focusing on the limitations of the existing knowledge regarding this
matter, it should be noted that the scope statement of the research was covered, providing
a new framework with which to develop future case studies to delimit a subject workload.
Additionally, the study also proves to be instrumental in determining the workload of a
full degree by calculating and adding up the workload of the different subjects (in terms
of ECTs) and thus taking into account the expected hours of autonomous study on the
part of students, the hours of face-to-face classes, and the time devoted to the completion
of assignments.
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