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Abstract. We present an experiment investigating the relationships be-
tween different physiological measures, including Mean Pupil Diameter
Change, Blinking-Rate, Heart-Rate, and Heart-Rate Variability to in-
form the development of a measure to estimate Cognitive Load. Our
experiment involved participants performing a task to spot correct or in-
correct words and sentences which successfully induced Cognitive Load.
Our results show that participants’ task performance predicts their sub-
jective rating of Cognitive Load and that there was a decrease in par-
ticipants’ performance with an increase in Cognitive Load. Furthermore,
Mean Pupil Diameter Change was able to predict Blinking-Rate, and
Heart-Rate was able to predict Heart-Rate Variability. This prediction is
evidence that collecting data on physiological behaviours synchronously
and analysing the trends can be an effective way of estimating Cogni-
tive Load, and will help the future development of an online measure of
Cognitive Load useful for responsive user interfaces.

Keywords: Cognitive Load, Mental Load, Human-Computer Interac-
tion, Pupillometry

1 Introduction

Cognitive Load (CL) refers to the load placed on the user’s working memory
also viewed as short-term memory during a task [27]. CL has been categorised
in three types: 1) Intrinsic Load, 2) Extraneous Load, and 3) Germane Load
[26]. Intrinsic load is an effort imposed on the user’s working memory due to the
complexity of the task and its association with the user, whereas extraneous load
is caused by the style of presentation of the material. Germane load refers to
the ability of the learner to understand the material fully. Sweller et al. [27] also
defined CL as a construct that can be measured in three dimensions: 1) Mental
Load (ML), 2) Mental Effort and 3) Performance. In essence, CL and ML are
linked with one another in regard to the working memory. Consequently, in this
paper, we use them interchangeably.
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We understand that intrinsic load and extraneous load are particularly cru-
cial factors in interactions with a multimodal interface. Both of these loads are
strongly related to the ML or mental effort that could impact user task perfor-
mance [26]. For example, an interface showing a specific kind of visualisation of
data in a specific manner can result in enhancing both intrinsic and extraneous
load of a particular user and hence would result in increasing CL. Therefore,
such a circumstance would also support the idea of creating an online metric of
CL or ML and later adapting the interface in real-time according to the CL or
ML being experienced in order to decrease the level of ML in the user. However,
to the best of our knowledge, it remains a challenge to estimate CL or ML in
real-time in a non-intrusive manner.

Existing methods for measuring CL or ML are based on using subjective-
questionnaires [12], performance-based metrics such as response time, error-rate
or accuracy [21], speech-based [30,5,16,17], physiological behavior-based methods
based on measuring human organs [21]: 1) brain, through measuring electroen-
cephalogram (EEG) or electrocardiogram (ECG) , 2) heart, through measuring
Heart-Rate (HR), or Heart-Rate Variability (HRV), 3) skin, through measuring
Galvanic Skin Conductance (GSR), and 4) eyes, through measuring eye move-
ments, Pupil Diameter (PD), or Blinking-Rate (BR) to measure CL or ML in
humans during an experimental setting. With the advancements in the field of
machine learning and artificial intelligence, CL can be estimated in real-time.
A few studies have used machine learning to estimate CL [29,20,11,31]. How-
ever, three of the aforementioned papers [29,20,31] used data from brain-specific
(EEG) sensors. We understand that EEG sensors can tend to be intrusive and
are impractical to utilise in real-world settings.

We, on the contrary, are working to create a model that, through observing
the changing patterns of various physiological behaviours in real-time, can then
be used to estimate CL. Our proposed method varies from the past research as we
want to understand the relationship between the measures and later intend to use
sensor fusion, and then regression, to estimate CL [4]. This paper presents results
from one of our first experiments that involved collecting data from a range of
physiological sensors synchronously in a non-intrusive manner during a task. The
task involved identifying a correct or incorrect English words or sentences and
categorising them as such. The focus of the paper is three fold: firstly, to show
and validate that our task was able to induce CL in the participants; secondly,
to direct our research forward towards our proposal [4] to create an estimate
of CL in real-time; and lastly the data collected in this experiment is used to
understand the relationships between different physiological behaviours through
performing correlation- and regression-based analysis. This paper summarises
these relationships and predictions and discusses our future work on creating
datasets that can be employed to estimate CL.
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2 Research Method

Our research explores the following aspects. Firstly, we focus on evaluating the
contribution of task to CL through subjective ratings and task performance.
Secondly, we investigate the relationship between the different physiological be-
haviours between themselves. Leading to the following Hypotheses (H) derived
based on the literature on the measurement of CL [21]:

H1a: Participants’ subjective ratings of CL will predict their overall task
performances (H1a1) and time spent to complete the tasks (H1a2).

H1b: Lower participants’ ratings of CL will predict better task performance
or vice versa.

H1c: Lower participants’ ratings of CL will predict lower time to complete
the tasks or vice versa.

H2: Participants’ changes in one physiological behaviour will predict a change
in another behaviour.

H2a: Changes in the overall mean value of HR will predict overall mean
HRV and vice versa. Similarly, BR will predict overall mean PD and vice versa.

2.1 Stimuli

To prepare the stimuli for the Cognitive Load task, we looked into the list of
words from the British National Corpus [6]. We selected nouns of length 10 char-
acters and sorted these words based on their frequency in the British National
Corpus. Afterwards, we chose words with frequency ranging from 1013 to 1026.
We developed a simple script in Python to perform that process. We selected
the first 20 as stimuli.

To create incorrect word stimuli, we rearranged the words in two different
ways for 20 words each:

1. as one word with the middle letters switched
2. as one word with scrambled letters.

Additionally, we added 20 arbitrary mnemonic words.
To prepare the sentence stimuli, we looked into the movie review dataset

[23] and selected sentences consisting of 10 words each. During the selection
process, all sentences that contained anything other than ”normal” words (e.g.,
apostrophes, quotes, and numbers) were removed as were sentences containing
very short words such as ”a” or ”I”. After cleaning the dataset, we were left with
54 sentences. We selected the first 20 as stimuli.

To create the incorrect sentence stimuli, we rearranged the words by moving
the middle words to the end, hence, rendering the sentences nonsensical.

The task, we set participants was to categorize as either correct or incor-
rect the word or sentence stimuli presented to them. All the participants were
presented with stimuli from the following categories consisting of 20 words or
20 sentences each. In total, they were presented with 120 items of words and
sentences.
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2.2 Participants and Procedure

We conducted our study with 41 participants (21 males & 20 females with a
mean age of 23.3). The study had 23 native and 18 non-native English language
speakers and also had 2 participants with reading difficulties. 15 out of 41 par-
ticipants wore glasses. Our participants were required to wear Tobii Pro Glasses
2 Eye Tracker (Tobii Eye Tracker). Therefore, we asked if they wear glasses. We
were not able to capture eye-tracking data for one of the participants. There-
fore, we are reporting the analysis of 40 participants for the eye-based data in
the paper.

The study was conducted in the following steps:

1. participant completes a consent form,
2. participant completes a) a general questionnaire to report information on

age, number of languages they speak and whether they have reading diffi-
culties and b) an International Physical Activity Questionnaire (IPAQ) [9]
to control for any bias in the HR and HRV measurements,

3. participant wears Tobii Eye Tracker and performs a simple calibration to get
the values for their PD,

4. participant puts the CorSense HRV device on their finger (ring finger of left
hand)

5. participant plays spot the real or made-up word and sentence game task
6. during the game task ML is measured from Tobii Eye Tracker (BR, PD),

Heart Rate Monitor (HR, HRV), and Webcam facing the participant, and
7. participant completes the NASA Task Load Index (NASA-TLX) question-

naire [12]

Fig. 1. Experimental set-up with a participant doing the task. HRV sensor and eye-
tracking glasses are circled red.
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2.3 Setup and Materials

The setup as shown in figure 1 involved a participant performing the word game
task on a computer screen while wearing Tobii Eye Tracker along with CorSense
HRV device. We used PsychoPy [2], an open-source application, to program our
experiment. To collect data on changes in eye and heart behaviour, we used
Tobii Eye Tracker (see Figure 2) [3] and a CorSense HRV device (see Figure 4)
[1] respectively. We also used an external webcam to collect data on the BR (see
Figure 3).

The NASA Task Load Index questionnaire [12] was used to collect subjective
ratings of the amount of CL generated by the task. In addition, we used the IPAQ
[7] to get relevant data on health-related physical activity. We collected this data
on physical activity because the literature suggests that participant’s physical
activity index can create an experimental bias [10], bringing heart rate results
into question if it is not taken into account. It is also significant to know that
the results of the IPAQ showed that all participants were not involved in highly
physical activity or training before performing the task.

To analyse our Tobii Eye Tracker data, we created the Tobii API software
that eases the access to the data and allows to run the same analysis over all
participants. The software can be found on GitHub3. The scripts for the gen-
eration of the stimuli and analysis of the here presented data can be found on
GitHub4.

Fig. 2. Tobii Eye Tracking Glasses
Fig. 3.
Webcam

Fig. 4. CorSense
HRV

2.4 Measurements

Our experiment used the Tobii Eye Tracker to get data on the PD. We recorded
the whole session, including an elementary pre-calibration presenting a changing
full-screen display of white, black and grey to get a first estimation for minimum
and maximum PDs. We tracked the PD during this calibration, during the ex-
planation of the task, and during the task itself. For the analysis, we extracted
the data for both eyes and cleaned it by removing invalid samples; samples that
got flagged as invalid by the Tobii software or contained negative values. Af-
terwards, we manually annotated the start and end of the task by finding the

3 https://github.com/BrutusTT/tobiiapi
4 https://github.com/BrutusTT/mlstudy

https://github.com/BrutusTT/tobii_api
https://github.com/BrutusTT/ml_study
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corresponding frames from the front-view camera stream. Segmentation of the
pupil data was done by converting the frame IDs to time stamps and using these
to determine the start and the end of the task segment in the PD readings as
provided by the glasses. To account for different pupil sizes, we used the nor-
malized PD using the guidelines described in this paper [18]. In our paper, we
report the Mean Pupil Diameter Change (MPDC) as the ratio between the over-
all mean PD and the mean PD while performing the task. A similar method has
also been used in the past [22].

For calculating the Blinking-Rate, we also used the Tobii Eye Tracker to
record the eyes stream of the full session. We reused the aforementioned manual
annotation to get the task segment by finding the correct frames in the front-
view stream and calculating the corresponding frame IDs for the eye stream. To
detect the total number of blinks, we applied the following mechanism. Firstly,
we converted each frame into greyscale and applied a Gaussian blur to it. Sec-
ondly, we applied a binary threshold to the frame and used the blurred frame
to find contours in it. The convex hull was calculated for all contours. Lastly,
we computed the ratio between the squared circumference and the area of the
convex hull to remove all non-spherical hulls. We used a threshold of 150 to
1200 as a limit for the area and values between 10 to 17 for the ratio to exclude
non-pupil hulls. Mathematically, the ratio value should be 4π ≈ 12.57, but due
to noise in the data, we had to widen the ratio range.

To collect data on HR and HRV, we used the EliteHRV CorSense device
[15]. The device comes with an API and works in the following manner. The
HRV is calculated through receiving the R-R intervals directly from the device.
R-R intervals refers to the small changes (milliseconds) in the intervals between
successive heartbeats. After performing necessary data cleaning, a Root Mean
Square of Successive Differences (RMSSD) calculation is applied to the R-R
intervals. Later, a natural log(ln) is applied to RMSSD [14].

3 Results

3.1 Hypothesis H1a1

To test our hypothesis (H1a15), a simple linear regression was calculated to
predict performance based on the NASA-TLX for CL. A significant regression
model was found (F(1,39)= 10.162, p < .003), with an R2 = .207, adjusted
R2 = .186, β = -.456. We also conducted simple linear regression to predict
sentence-based- and word-based- task performance based on the NASA-TLX of
CL. A significant regression model was found for sentence-based task perfor-
mance (F(1,39)= 11.747, p < .001), with an R2 = .231, adjusted R2 = .212, β =
-.481. Additionally, a partially significant regression model was found for word-
based task performance (F(1,39)= 3.406, p < .07), with an R2 = .08, adjusted
R2 = .057, β = -.283

5 H1a1: Participants’ subjective ratings of CL will predict their overall task perfor-
mances (H1a1)
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3.2 Hypothesis H1b

A Pearson correlation between the NASA-TLX rating of CL and participants’
overall-task performance, their word-based task performance and their sentence-
based task performance was performed in order to test our hypothesis that lower
participants’ subjective CL predict higher task performance (H1b6). We found
that there was a negative correlation between subjective CL and overall task
performance r(41) = -.456, p = .003, word-based task performance r(41) = -
.283, p = .07 and sentence-based task performance r(41) = -.481, p = .001.
This suggests that the lower rating of participant’s subjective CL did predict
better task performance. This suggests that our hypotheses H1a1 and H1b can
be accepted.

3.3 Hypothesis H1a2

To test whether participants’ rating of CL can predict the time spent on the
task (H1a27) another simple regression was conducted to predict the total mean
time taken to complete the task based on the CL. We did not find a significant
regression model (F(1,39)= .011, p < .917), with an R2 = .000, adjusted R2 =
-.025, β = .017 between the CL and total time to complete the task. Similarly,
simple regression was computed for time spent on word-based and sentence-
based tasks based on the participant’s rating of CL. Once again, we did not find
a significant model both for word-based task time (F(1,39)= 1.141, p < .292),
with an R2 = .028, adjusted R2 = .004, β = -.169 and for the sentence-based
task time (F(1,39)= .335, p < .566), with an R2 = .009, adjusted R2 = -.017, β
= .092. This suggest that our hypotheses H1a2 and H1c were rejected.

3.4 Hypotheses H2 and H2a

To test that participants’ changes in one physiological behaviour will result in
predicting another behaviour (H28, H2a9), we conducted a simple regression
to predict HR based on HRV. We found a significant regression model between
HR and HRV (F(1,39)= 51.852, p < .000), with an R2 = .571, adjusted R2 =
.560. We also conducted another simple regression to predict BR based on the
MPDC. A Pearson correlation between the HR and HRV was performed in order
to see the nature of the relationship between HR and HRV. We found that there
was a negative correlation between HR and HRV r(40) = -.743, p = .000. This
suggests that an increase in participants’ HR would result in a decrease in their

6 H1b: Lower participants’ ratings of CL will predict better task performance or vice
versa.

7 H1a2: Participants’ subjective ratings of CL will predict time spent to complete the
tasks

8 H2: Participants’ changes in one physiological behaviour will predict a change in
another behaviour

9 H2b: Changes in the overall mean value of HR will predict overall mean HRV and
vice versa. Similarly, BR will predict overall mean PD and vice versa.
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HRV during the task. We also found a significant regression model between BR
and MPDC (F(1,39)= 7.446, p < .01), with an R2 = .164, adjusted R2 = .142.
A Pearson correlation between the MPDC and BR was performed. We found
that there was a negative correlation between MPDC and BR r(40) = -.405, p
= .01. This suggests that an increase in participants’ MPDC would result in a
decrease in their amount of blinking during the task. In summary, our results
suggest that changes in one physiological behaviour based on either eye or heart
predicts another behaviour based on the same body part. This suggests that our
Hypothesis H2 and H2a was accepted.

4 Discussion

We see that participants who reported a higher amount of CL showed a decrease
in their task performance. This finding shows that our findings are in line with
the prior findings suggesting that an increase in CL can adversely affect users’
task performance during a task [28]. More importantly, it showed that the task
created in our study was able to induce a high amount of CL in the participants
accordingly to their subjective ratings. Our findings based on H1a2 and H1c
highlight that measures based on time spent to complete the task cannot always
be considered as the predictors of CL. Our findings, hence, show that we need
to be careful when using these factors as predictors of CL. These factors can be
task dependent in many circumstances and hence should not be deemed reliable.

We found that change in HR was able to predict HRV, and MPDC was able
to predict BR. These findings are also in line with the prior research on these
behaviours in terms of CL as it has been shown that situations demanding higher
mental workload increases PD [24,25] and a decrease in the BR [13]. Similarly,
reduction in HRV is attributed to higher CL [19] and an increase in HR with
an increase in task difficulty is attributed to high CL [8]. In conclusion, we can
infer from these findings that our task induced a high amount of CL and can
be used to induce high CL in future studies. On the contrary, we did not find
relationships between measures from different body parts; this may be specific
to our experimental task. However, we intend to conduct more experiments in
diverse settings to observe these relationships in the future. In line with our long-
term goal on the creation of an online measure for CL, our results are promising
as we were able to find a strong relationship between different physiological
behaviours when collected together simultaneously. Our findings suggest that
we can use different physiological behaviours in combination during a task to
find trends between them and these can be used to create a model to measure
CL. Building on these findings, we want to use these behaviours simultaneously,
applying a regression-based model to estimate CL or ML.

5 Conclusion and Future Work

In this paper, we presented an experiment to understand the relationships be-
tween different physiological measures including MPDC, BR, HR and HRV. Our
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experimental task based on identifying correct and incorrect words or sentences
with different difficulties was successful in inducing CL as our results showed
that there was a significant decrease in participants’ performance with an in-
crease in CL. Additionally, there was negative correlation between HR & HRV
and MPDC & BR. In summary, we found that under high CL, there is a relation-
ship between different physiological behaviours based on their type of organs.
This directs us to further analyse these trends in real-time to create a model to
estimate CL in real-time.

The future work will analyse the differences in the item based data for our
task between HR, HRV, MPDC, BR individually. In addition, we will create
our dataset based on the items-based data analysis; mainly through separating
the words and sentences. We will later use the dataset to train a classification
model to predict CL in real-time. It is important to note that the positive trends
reported in this paper clearly directs us to use machine learning algorithms to
achieve our long term goal.
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