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A Preliminary Investigation on Vicarious Observation of Mental 
Workload  

Ridwan Aji Budi Prasetyo1a* 

Abstract.  The primary objective of this study is to conduct an initial investigation into the possibility of reliably 
predicting mental workload (MWL) just from task observation. In order to accomplish the goal of this study, a 
completely repeated-measures design was implemented. Twenty-one participants were instructed to examine 
sampling videos of individual MATB and combined subtasks at two different levels of demand. Afterwards, 
participants were instructed to subjectively assess the MWL of the task using the NASA-TLX scale. The findings 
suggest that participants can differentiate the mental workload (MWL) of the system monitoring task, but not the 
other subtasks or the tasks when they are combined. The findings also indicate that the ratings for the subtask varied 
significantly between different degrees of pressure. The results can be elucidated via the perspective of signal 
detection and heuristics theories. This paper also addresses the methodological constraints and potential practical 
application. 
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I. INTRODUCTION1 
The concept of mental workload (MWL) has 

been around for more than 50 years (Moray, 
1979). The concept, which originated in the 1970s, 
has been implemented in diverse contexts to 
enhance the reliability of human operatives 
engaging with technologies. It could be argued 
that the significance of MWL has grown in recent 
years due to the fact that digitization and 
automation have converted laborious tasks into 
cognitive ones (Sharples, 2019) (Yassierli et al., 
2016). Additionally, the MWL concept is highly 
intuitive and consistent with our daily lives. It 
appears to be widespread in numerous work 
environments. For instance, we may encounter 
situations in which we must manage an excessive 
quantity of information or data while performing 
routine work duties; or we might find that our 
focus on the road while operating a motor vehicle 
hinders our ability to participate in a conversation 
with a fellow passenger (Sheykhfard et al., 2023). 
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In addition, the evaluation MWL has progressively 
embraced a multidimensional strategy that 
incorporates objective and subjective metrics. 
This trend signifies a growing recognition that 
MWL is an intricate and multifaceted concept that 
defies precise quantification through a single 
metric. As an illustration, researchers have 
integrated conventional subjective rating scales, 
including the NASA Task Load Index (TLX) (Hart & 
Staveland, 1988), with the more sophisticated 
measurement techniques employing 
psychophysiological sensors including fNIRS 
(Ayaz et al., 2012), EEG (Aghajani et al., 2017), ECG 
(Mansikka et al., 2016), eye-tracker (Appel et al., 
2018), or facial thermography (Marinescu et al., 
2018). These objective evaluations are facilitated 
through the application of non-intrusive and 
cost-effective sensors. By incorporating various 
metrics, it is possible to acquire a holistic 
understanding of every aspect of MWL and the 
way they impact performance. 

Nevertheless, the conventional emphasis of 
MWL research has been on the human operator 
executing tasks, especially when employing 
subjective assessment methods. Put simply, the 
evaluation of MWL involves inquiries made by 
human operators either during or immediately 
after the task completion. For instance, the NASA-
TLX (Hart & Staveland, 1988) is typically 
administered after the completion of the entire 
task under consideration. If the tasks are 
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performed sequentially, it may be administered in 
between. While the NASA-TLX may have arguably 
withstood the test of time (Hart, 2006), this 
approach has encountered criticism due to 
concerns that recall bias could result from post-
task scale administration (Devos et al., 2020; 
Tingting et al., 2024). To address this limitation, 
MWL assessment could be practically 
administered while performing the task at hand, 
although NASA-TLX is unsuitable for the intended 
purpose. This scale comprises six dimensions (in 
the form of Likert-style queries) that require 
responses, potentially causing a significant 
disruption to the ongoing task. Instantaneous 
Self-Assessment of Workload instrument (ISA) 
was created as a potential substitute for 
addressing this challenge. The ISA is a subjective 
technique utilised to evaluate the MWL 
encountered during a task in a timely manner 
(Brennan, 1992). Originally, its purpose was to 
quantify the MWL of air traffic controllers (ATC). 
The instantaneous nature of the scale makes it 
less intrusive and more appropriate for evaluation 
in real-time. The perceived MWL of the operator 
is evaluated using a five-point rating scale, where 
a score of "1" denotes a low workload and a score 
of "5" signifies a high workload. Throughout a 
task, the scale is administered at various intervals, 
including every two minutes (Kirwan et al., 1997) 
or every 45 seconds (Marinescu et al., 2018). 

The idea of estimating MWL prior to the 
actual task is therefore still rarely explored in 
previous studies. Few studies, however, sought to 
distinguish between retrospective (post-task) and 
prospective (pre-task) evaluations of MWL in the 
performance of medical surgery tasks (Sublette et 
al., 2009, 2010). Based on the results of their 
experiments, it appeared that participants' 
expectations regarding the difficulty of the task 
vary. It was stated that this was dependent upon 
the dimensions of MWL under consideration. In 
addition, prospective evaluation of MWL can 
function as a reliable approximation for 
retrospective evaluation in their situation, where 
physical and temporal demands constitute the 
main components of the overall workload. A 
similar study examined a comparable construct 
but obtained differing results (Sublette et al., 

2009). It was discovered that users' perceptions of 
task difficulty varied depending on the type of 
task (e.g., increasing or decreasing) between 
before and after completing the task. This 
remained constant, specifically, in the dependent-
structured task. It decreased during the parallel-
structured or designated task, while it increased 
as the unnamed task progressed. Such research 
can yield valuable insights regarding participants' 
perceptions of the task and its various 
components prior to the actual task. As a result, it 
may be possible to identify more effective 
strategies or methods for accomplishing the 
actual task. 

Predicting MWL prior to task execution is 
therefore important due to its relation to 
performance, either directly or indirectly. A study 
from (Nuutila et al., 2021) suggested that task 
performance was negatively affected by the initial 
perception of task difficulty and a larger rise in 
difficulty over time. Furthermore, a study from 
(Maynard & Hakel, 1997) explained that 
subjective task complexity partially mediated the 
effects of objective task complexity and cognitive 
ability on task performance. Thus, the task 
performance was diminished because of the 
perception that the task was complex rather than 
straightforward, which was a result of the high 
objective task complexity and low cognitive 
ability. It is possible that the negative correlation 
between task performance and perceptions of 
complexity is mediated by self-efficacy, resulting 
in a decrease in one's confidence in the successful 
completion of the task. In addition, from a 
learning perspective, it is argued that when 
someone engages in a learning task, they form 
metacognitive perspectives of the present 
learning situation. Their perceptions are 
influenced by their prior knowledge of similar 
activities, including past processes and their 
outcomes (Efklides, 2008).  

Based on these arguments, the present study 
aims to preliminarily investigate whether MWL 
can be accurately predicted by merely observing 
the task. The novelty of this study lies in the 
endeavour to test this rarely explored concept. 
Furthermore, the results gained from this study 
may be exploited as evidence to introduce the 
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task prior to its actual execution for several 
contexts and purposes, e.g. training or skill 
acquisition. 

II. RESEARCH METHOD 
Theoretical Frameworks 

To the author’s best knowledge, there is no 
single theory to date specifically addressing this 
phenomenon. However, several overarching 
theories can be employed to offer approximate 
explanations, such as signal detection theory or 
heuristics and biases.  

Signal detection theory (SDT) provides a 
theoretical framework used to analyse the 
behavioural reactions of humans when 
undertaking a perceptual task in a laboratory 
setting (Hautus, 2015). The theory posits that a 
subject's capacity to differentiate between 
sensory inputs is constrained by the fluctuation in 
the mental representations of those stimuli. The 
response to a stimulus might vary from one 
occurrence to another due to differences in the 
stimulus itself and/or random fluctuations in the 
neurological system. If there is an overlap in the 
distributions of these representations for two 
separate stimuli, then it is certain that some errors 
will occur. As the degree of overlap between the 
distribution increases, the number of mistakes 
produced also increases (Sumner & Sumner, 
2020). Specifically in human factors studies, SDT 
offers a method for differentiating between 
accuracy and criterion setting in decision-making 
contexts. This is beneficial for assessing the 
efficacy of decision-making capabilities exhibited 
by an intelligent machine, a human user, or a 
human-machine system. SDT is valuable for 
determining the optimal allocation of subtasks 
and roles in human-computer monitoring 
systems (Parasuraman et al., 2000; Parasuraman & 
Wisdom, 1985). SDT can be implemented in the 
form of a multitasking environment that enables 
different stimuli presentation at the same time 
(Kim et al., 2016). The stimuli itself can be in the 
form of visuospatial (Gugerell et al., 2024), 
auditory (Moseley et al., 2016), or tactile (Boldt et 
al., 2014).  

While SDT focuses on the stimuli 
presentation and the way humans can 
discriminate between stimuli, the understanding 
of human judgement is also essential. Human 
judgment or decision-making arguably involves 
varying degrees of irrationality (Pothos et al., 
2021) because of the existence of cognitive biases 
and heuristics (Kahneman & Frederick, 2002). 
Although there are several versions of these 
theories, they all share the idea that human 
decision making involves two distinct processes: 
System 1 and System 2. System 1 is characterised 
by its fast and instinctive nature, which can make 
it susceptible to mistakes. On the other hand, 
System 2 is a more deliberate and controlled 
process that depends on logical reasoning. The 
utilisation of either one or both of these systems 
depends on the number of cognitive resources 
and time that each generally requires (Dehdashti 
et al., 2020). The use System 1 in prospective 
observation can lead to somewhat accurate 
results. A study from (Cabrera et al., 2015) in the 
context of predicting patient’s sickness, for 
example, claimed that the decision-making 
process of System 1, which relies on limited 
information, demonstrated a sensitivity of around 
80% in accurately predicting acuity (whether 
patient is sick or not) and disposition (whether 
patient should be dispositioned to home care or 
ICU). However, its performance was comparatively 
poorer in predicting ICU admission and diagnosis. 
The study suggested that System 1 decision-
making is not enough for making final judgments 
in these areas, but it probably serves as a 
cognitive foundation for System 2 decision-
making. 

 
Experiment task and study design 

This study was conducted using a fully 
repeated-measures design, that is, all participants 
in this study participated in all conditions. In other 
words, the design was using two-factor with 
repeated measures on both factors. The 
independent variable was the demand levels and 
types of multi attributes subtasks as generated by 
the Multi-Attribute Task Battery (MATB), a 
platform to test operator’s multitasking 
performance designed and developed by NASA 
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(Comstock & Arnegard, 1992). The demand levels 
comprised low and high, which was based on 
predetermined stimuli presence during the task 
execution. In general, low demand task consisted 
of less presentation of stimuli, while high demand 
task comprised more rapid stimuli presentation. 
The types of tasks in this experiment were 
classified into four categories, namely, system 
monitoring (SYSMON), resource management 
(RESMAN), tracking (TRACK), and combined 
(MULTI). The SYSMON task involved monitoring 
changes within a system and responding to these 
changes accordingly. The RESMAN task simulated 
a fuel management task. It required participants 
to maintain the designated level of fuels from two 
tanks and identify errors in pumping system that 
may occur during the trial. The TRACK task 
involved maintaining the position of a target 
within a specific boundary. The MULTI task 
included all MATB tasks together in one frame. 
We followed the validation work from Kennedy 
and Parker (Kennedy & Parker, 2017) in 
determining the frequency and the timing of the 
stimuli. Table 1 shows the details of the stimuli 
presentation for both low and high demand tasks. 

The dependent variable of this study was the 
perceived evaluation of workload as measured by 
NASA-TLX (Hart & Staveland, 1988). The raw 
score of the scale was chosen as the primary 
approach for measuring MWL because of its 

simplicity. Furthermore, studies have found that 
the sensitivity of the original NASA-TLX scale may 
be higher, the same, or lower than that of the 
scale's weighted version (Hart, 2006). The reason 
for using weighted or unweighted techniques in 
NASA-TLX scoring is unclear, indicating that users 
can choose the method of scoring that is most 
suitable for their study. 

 
Participants 

A total of twenty-one participants were 
selected from the pool of university students and 
staff (Mage = 32.43, SDage = 4.50) using several 
recruitment methods, including institutional 
emails and communication groups that contained 
the study link. In addition, a personalised strategy 
was implemented by personally reaching out to 
colleagues and peers to ensure a maximum 
number of participants. The study received ethics 
approval from the Faculty of Engineering 
Research Ethics Committee at the University of 
Nottingham. Table 2 specifies the characteristics 
of participants. 

 
Materials 

MATB task videos. The tasks from Multi-
Attribute Task Battery version 2 (MATB-II) as 
previously described were recorded in a single 
video for each task and demand levels, resulting 
in eight separate videos (SYSMON, RESMAN, 

Table 1. The details of the stimuli presentation 

Level TRACK SYSMON RESMAN 
Low demand Low preset default Two deflections per 

minute 
One pump fails every 
minute 

High demand Medium preset 
default 

30 deflections per 
minute 

One or two pumps fail for 
15 seconds every minute 

 

Table 2. The characteristics of participants on this study based on age range, gender, and employment status 

Characteristics Frequency Percentage 

Age range 
25-30 8 38% 
31-35 7 33% 
36-40 6 29% 

Gender 
Male 12 57% 

Female 9 43% 

Status 
Student 16 76% 

Staff 5 24% 
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TRACK, and MULTI tasks; low and high demand 
for each task). Each video lasted for one minute. 
The videos were recorded on an MP4 format with 
1280 x 720 30fps resolution. Since MATB interface 
showed all the tasks in one single frame, each 
individual task was manually and proportionally 
cropped so that participants were able to focus 
on the task in question. The videos were stored 
and presented through Microsoft Forms. Figure 1 
shows the interface of MATB and its subtasks. 

NASA-TLX scale. The NASA-TLX scale was 
recreated using Microsoft Forms from its standard 
paper-and-pencil form. The scale was 
administered immediately after the appearance of 
the videos. A total of eight NASA-TLX were 
administered. Participants were required to 
respond to the scale after the conclusion of the 
video on each task. 

 
Procedure 

This was an online experiment using a 
sharable link. Once the study had been 
advertised, participants were able to access a URL 
and immediately directed to a Microsoft Forms 
page. Participants were required to read an 

information sheet and sign an informed consent. 
After indicating their agreement to participate in 
this study, several demographic questions were 
presented, followed by an instruction page. The 
experiment session commenced with the 
presentation of low-demand MATB task videos 
that followed a specific sequence, starting from 
SYSMON, TRACK, RESMAN, and MULTI tasks. The 
sequence of low-demand tasks was succeeded by 
a sequence of high-demand MATB tasks, which 
were identical in order and protocol. Participants 
were instructed to watch the video thoroughly 
and asked to complete NASA-TLX questions 
before proceeding to the next video. Monetary 
compensation was then provided as a reward for 
their participation in the study. Figure 2 shows the 
sequence of this experiment. 

 
Hypothesis and statistical analysis approach 

This experiment aimed to test if participants 
were able to distinguish between high and low 
demand MATB tasks merely based on their 
observation of the sampled videos of the tasks. 
Therefore, the (null) hypothesis statement for this 
experiment was: 

 

Figure 1. The default interface of MATB (combined tasks); The red rectangle (1) is system monitoring task, the 
amber rectangle (2) is tracking task, and the green rectangle (3) is resource management task. 
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H1: There will be no differences in the total raw 
score of NASA-TLX after observing a video of 
high-demand task, compared to after 
observing a video of low-demand task, in all 
MATB subtasks (SYSMON, TRACK, RESMAN, 
and MULTI). 

H2: There will be no differences in the total raw 
score of NASA-TLX for all MATB subtasks 
within certain demand level (low or high). 

To test the hypothesis, we applied a 2 (low 
vs. high demand) x 4 (SYSMON, TRACK, RESMAN, 
and MULTI) repeated measures ANOVA. The 
factorial design for the ANOVA examined the 
demand levels and the total score of NASA-TLX in 
each MATB subtasks. Regarding the ANOVA 
results, our primary focus was on identifying any 
significant interaction at first, i.e. between 
demand levels and MATB subtasks. If an 
interaction effect was detected, pairwise 
comparisons were conducted using Bonferroni 
correction to identify the differences. The 
statistical analysis was performed mainly using R 
software (R Core Team, 2021) 

The fully repeated-measure ANOVA model 
for analysing the data is expressed in the 
equation of: 

𝑌௜௝௞ = 𝜇 + 𝛼௝ + 𝛽௞ + (𝛼𝛽)௝௞ + 𝜌௜ + 𝛾௜௝ + 𝜂௜௞ + 𝜀௜௝௞

                  ….. (1) 

𝑌௜௝௞  is the subjective MWL score (NASA-TLX 
total score) taken at certain demand levels (k) 
from a MATB subtask (j) in subject number i. 𝛼௝ is 
the main effect of demand levels subject to Σ𝛼௝ =

0. 𝛽௞ is the main effect of MATB subtask subject 
to Σ𝛽௞ = 0. (𝛼𝛽)௝௞ is the interaction effect of 
demand levels and MATB subtasks. 𝜌௜ is the main 
effect of subjects ~𝑁(0, 𝜎௜

ଶ). 𝛾௜௝ is the interaction 
effect of subjects and demand levels ~𝑁(0, 𝜎௜௝

ଶ ). 
𝜂௜௞ is the interaction effect of subjects and MATB 

subtasks ~𝑁(0, 𝜎௜௞
ଶ ). 𝜀௜௝௞ is the error term 

~𝑁(0, 𝜎ଶ). 
 
 

III. RESULT AND DISCUSSION  
Interaction effect between demand levels and 
MATB subtasks 

Prior to the analysis, several assumptions 
underlying ANOVA were checked. The results 
from Shapiro-Wilks normality test suggested that 
the data from TRK task was not theoretically 
obtained from a normal distribution. The data was 
then transformed using the Box Cox method. The 
process involved determining the optimal lambda 
value by a linear regression model and 
subsequently applying the following formula to 
convert the data. 

𝑦′ =   
௬ഊିଵ

ఒ
             ….. (2) 

After the data was transformed, a two-way 
ANOVA was conducted to test the interaction 
effect. The results suggested that there was no 
statistically significant two-way interactions 
between demand levels and MATB subtasks, 
F(2.31, 46.17) = 1.527, p = 0.260. Since we did not 
find a significant interaction, the subsequent 
ANOVA procedure was to interpret the main 
effects for the demand levels and MATB subtasks. 
As seen in Table 3, the main effect of demand 
levels (F(1, 20) = 4.679, p = 0.030) and MATB 
subtasks (F(3, 60) = 50.348, p = 0.000) were 
statistically significant. 

 
Main effect of demand levels 

A post-hoc test was conducted to specifically 
find the interaction by testing the simple main 
effect of demand levels on subjective MWL score 
as measured by the total score of the NASA-TLX. 

 

Figure 2. The sequence of the experiment; SYSMON = system monitoring, TRACK = tracking, RESMAN = resource 
management, MULTI = combined tasks 
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The effect of demand levels was statistically 
significant in system monitoring task (SYSMON) 
(p = 0.035), but not in tracking (TRACK) (p = 
0.108), resource management (RESMAN) (p = 
0.303), and combined tasks (MULTI) (p = 0.235). 
Table 4 shows the mean differences in the NASA-
TLX total score. The results of the test suggested 
that participants can distinguish between low and 
high MWL after observing the sampled video of 
the system monitoring task. For the rest of the 
MATB subtasks, including the combination of 
these subtasks, the results implied that these 
tasks were not distinguishable by just observing 
the sampled task videos. Based on these results, 
hypotheses H1 can be partially rejected, 
suggesting the difference was partially found. 

 
Main effect of MATB subtasks 

A post-hoc test was conducted to specifically 
find the interaction by testing the simple main 
effect of MATB subtasks on subjective MWL score 
as measured by the total score of the NASA-TLX. 
The effect of MATB subtasks were all statistically 
significant except in SYSMON and TRACK tasks 
during both low (p = 1.00) and high (p = 0.972) 
demand levels. These results suggested that, after 
observing the sampled videos of MATB subtasks 
in either demand level, participants scored MWL 
in each subtask differently. In both demand levels, 

TRACK task was scored as the lowest compared 
to SYSMON and RESMAN, which tended to be 
similar, and MULTI task as the highest. Based on 
these results, hypotheses H2 can be partially 
rejected, suggesting the difference was partially 
found. Figure 3 shows the differences of MWL 
score between MATB subtasks in both demand 
levels. 

 
Discussions 

From our study, the results suggest that the 
system monitoring task was the only MATB 
subtask whose demands were possible to be 
predicted by merely seeing the prospective task. 
The tendency may arise from the discrepancy in 
stimuli of the MATB tasks, which are a type of 
'signal detection' test that necessitates 
participants to respond appropriately. According 
to a research conducted by (Everly, 2016), tasks 
involving signal detection are more easily 
distinguished when there is a significant 
difference between the stimuli. During high-
demand system monitoring tasks, one can see 
fast fluctuations in the task, characterised by 
alternating green and red lights and four scales 
that rapidly ascend and descend. To achieve 
success in this task, it is necessary to promptly hit 
the appropriate keys on the keyboard during the 
real-life simulation of MATB. The inherent nature 

Table 3. ANOVA table (type III tests) 

Effect DFn DFd F p 
Task 3 60 50.348 0.000* 
Level 1 20 4.679 0.030* 
Task:Level 2.31 46.17 1.527 0.260 

 
Table 4. Descriptive statistics and pairwise test for the NASA-TLX total score. 

Task Demand levels Mean SD p value 

SYSMON 
Low 4.881 2.134 

0.035* 
High 5.817 1.733 

TRACK 
Low 3.722 1.654 

0.108 
High 4.167 1.978 

RESMAN 
Low 4.944 1.967 

0.303 
High 5.230 2.172 

MULTI 
Low 7.246 1.558 

0.235 
High 7.579 1.459 

*p < 0.05 
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of the task may lead individuals to perceive it as 
mentally and physically challenging, thus resulting 
in frustration during actual performance. The task 

at hand was deemed to have a substantial MWL. 
In contrast to a system monitoring tasks that 

involves multiple features, the tracking task just 
focuses on the movement of the target cursor 
when it departs its designated region. The 
intended outcome of this task was to adjust and 
maintain control of the joystick (usually a joystick) 
to reach the designated region. The nature of this 
task may not provide a significant sense of 
cognitive demand or frustration, as would be the 
case with a system monitoring task. Although 
using the joystick may require physical exertion, 
participants appeared to have difficulty 
envisioning the experience. This might be due to 
the joystick control being unfamiliar to most 
participants. Even in everyday situations, like 
gaming, a controlling device such as a joystick 
may not be essential. The lack of capacity to 
perceive the physical aspect of the activity may be 
correlated with effort and performance scores in 
all subtasks and the overall task. In the NASA-TLX 
brief explanation, the "effort" dimensions were 
defined as the level of difficulty involved in 
completing the task, while "performance" referred 
to the degree of success achieved in the task at 
hand. These two factors seem difficult to 
understand as they lack first-hand knowledge 
with the task. Just like the physical aspect, the 

feeling of "rushing" when reacting to the 
assignment was similarly difficult to comprehend 
until really experienced. 

On the other hand, the task of resource 
management necessitates a more extensive 
cognitive process, as participants must compute 
the appropriate allocation of fuels across tanks, 
while also dealing with intermittent pump failures 
throughout the session. Thus, resource 
management appears to be the one subtask in 
MATB that does not yield an instant predicted 
response. Participants' responds would vary due 
to the task's necessity for employing multiple 
strategies, with participants having total freedom 
over how they applied these strategies. Observing 
the video on resource management may not 
effectively convey the sense of urgency in 
addressing variations in demand. In addition, the 
work of monitoring resources appears to be less 
dynamic when compared to the chores of 
monitoring and tracking the system. Participants 
were unable to differentiate between different 
degrees of task demand in terms of all elements 
of the NASA-TLX, including the overall score of 
MWL. 

Regarding the combined tasks (MULTI), it 
may be stated that the task cannot be 
distinguished based on the levels of task demand. 
One possible reason for this outcome is that 
combining all subtasks has caused the differences 
between the parts of the tasks to become less 

              

Figure 3.  The differences of MWL score between MATB subtasks in both demand levels (left = low, right = high); * 
= significant at p < 0.05; ** =  p < 0.01; *** =  p < 0.01; **** =  p < 0.0001 
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noticeable. Put simply, the capacity to 
differentiate between these specific tasks was 
causing confusion between them. The video of 
the MULTI task may have a range of stimuli that 
are slightly distinct from each other. These stimuli 
might help explain the lack of variation in 
outcomes across different degrees of task 
demand. Based on the current discussion, it can 
be inferred that even if the hypothesis is only 
partially supported, we cannot accurately forecast 
mental workload (MWL) in advance during a task. 
Without first-hand experience, it is impossible to 
accurately evaluate the level of difficulty or 
complexity of a task unless the aspects of the task 
are significantly different from each other. 

While the abovementioned discussion 
focuses on the participant’s prediction from the 
perspective of signal detection feature, 
understanding the way humans process partial 
information and generate predictions was also 
essential. From heuristics and biases theory, 
System 1 is often employed to generate 
predictions. More specifically, anchoring might be 
employed as a technique to support a judgment 
by accessing particular facts provided (Furnham & 
Boo, 2011). When attempting to estimate 
conditions that are unknown, individuals 
frequently rely on readily available information 
and progressively refine their estimate until a 
reasonable approximation is achieved. Anchoring 
refers to the phenomenon where an estimate is 
influenced by an initial value, causing it to be 
biased towards that value and resulting in 
premature changes (Lee & Hamilton, 2022). 
Related to this study, participants utilised specific 
information from the sampled videos of the 
MATB subtasks, and determined whether the task 
at hand was low or high MWL. For example, as 
discussed earlier, rapid changes of features in 
high demand system monitoring task might be 
used by participants as an anchor to conclude 
that the task was difficult, thus, having higher 
MWL. Nevertheless, from our study, MATB 
subtasks other than SYSMON failed to serve as an 
anchor for most participants. It can be implied 
that different anchors might be used by 
participants to predict the MWL of the subtasks. 
This conclusion was supported by the results from 

this experiment suggesting that there were 
significant differences in the prediction between 
the MATB subtasks during either demand levels. 

This study was evidently preliminary, 
necessitating more investigation into several 
problems, such as the influence of expectations 
on strategy selection, the effects of experience 
and individual variations, and the alignment 
between prospective and retrospective 
judgments. We also recognise the constraints of 
our study, namely in relation to the methodology 
and the extent of its coverage. Future research 
might consider expanding the scope by doing 
this study with subject-matter experts. 
Conducting both prospective and retrospective 
evaluations of MWL in a controlled laboratory 
setting might be advantageous for assessing the 
accuracy and consistency of the expected results. 
Despite its exploratory nature and limitations, the 
study has yielded useful insights on the vicarious 
observation of MWL. 

IV. CONCLUSION 
This study finds that the viewing of sampling 

videos of a task can partially predict the MWL of 
the task. The MWL of the system monitoring task 
in the MATB may be precisely determined by 
analysing the sample video of the task. However, 
the MWL of the other subtasks in MATB and the 
combined subtasks cannot be reliably 
differentiated. Our study also discovered that the 
subjective MWL varied across different subtasks 
and demand levels. Specifically, the tracking task 
had the lowest MWL score, followed by the 
resource management and system monitoring 
tasks, which were very close. The resource 
management task had the highest MWL score. 
The findings of this study indicate that the 
availability of cues in each subtask might 
influence how participants anticipate the mental 
workload for the related task. Additionally, this 
study suggests that participants may utilise 
distinct information from the stimuli in each 
subtask to formulate their forecast of the MWL. 
Our study was exploratory and hence requires 
more exploration into several aspects. Although 
the study is exploratory and has limits, it has 
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provided valuable insights on the vicarious 
observation of MWL. 
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