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ABSTRACT

A novel eye-tracked measure of the frequency of pupil diame-
ter oscillation is proposed for capturing what is thought to be
an indicator of cognitive load. The proposed metric, termed
the Index of Pupillary Activity, is shown to discriminate task
difficulty vis-a-vis cognitive load (if the implied causality can
be assumed) in an experiment where participants performed
easy and difficult mental arithmetic tasks while fixating a cen-
tral target (a requirement for replication of prior work). The
paper’s contribution is twofold: full documentation is provided
for the calculation of the proposed measurement which can be
considered as an alternative to the existing proprietary Index of
Cognitive Activity (ICA). Thus, it is possible for researchers
to replicate the experiment and build their own software which
implements this measurement. Second, several aspects of the
ICA are approached in a more data-sensitive way with the goal
of improving the measurement’s performance.
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INTRODUCTION

Systems that can detect and respond to their users’ cognitive
load have the potential to improve both users’ experiences and
outcomes in many domains: students and teachers, drivers,
pilots, and surgeons may all benefit from systems that can
detect when their jobs are too hard or easy and dynamically
adapt the difficulty [3, 20, 41, 71, 11]. Key to this functionality
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is the ability to accurately estimate a person’s cognitive load
without distracting them from their tasks.

Estimation of human workload is couched in Cognitive Load
Theory (CLT) [65]. Because CLT aims to model cognitive
aspects of human behavior, it is relevant to several Human-
Computer Interaction (HCI) research areas, including human-
centered design, human cognition modeling, usability, and
learning systems (e.g., e-learning) [48, 24]. Estimating the
user’s workload is helpful for many situations where people
interact with computing devices or machines [20]. Minimiz-
ing cognitive load is suggested as an integral part of human-
centered design [10]. Pfleging et al. [53] and Palinko and
Kun [50] provide notable examples related to HCI, including
automotive and online learning domains. Bailey and Igbal [3]
show how moment-to-moment detection of mental workload
can help reduce the interruption cost of notifications when
performing interactive tasks such as driving. Other important
applications include surgery [28, 29] and flight safety [52].

Cognitive Load Theory can play an important role in the de-
sign of interactive systems as it can guide designers of such
systems to avoid overloading users. For example, Yuksel et al.
[71] devised an interactive music learning interface that adapts
to the user’s level of cognitive load as measured by functional
near-infrared spectroscopy (fNIRS). They note, however, that
reliable measurement of cognitive load is the weak link be-
tween CLT and HCI. Other physiological measures include
heart rate variability (HRV), electrodermal activity (EDA, pre-
viously galvanic skin response (GSR)), photoplethysmogram-
based stress induced vascular index (sVRI), and blink rate [9].
With the exception of blink rate, all of these methods are inva-
sive, relying on physical contact with the user. A non-invasive,
reliable measure of cognitive load is thus highly desirable.

Of the three predominant cognitive load measurement methods
in CLT studies, namely self-reporting, the dual-task paradigm,
and physiological measures [71], eye tracking, of the latter
type, offers the greatest potential for delivering a non-invasive
estimate of cognitive load (for an excellent recent review of
psychophysiological measures with a focus on HCI, see Cow-
ley et al. [11]). Measurement of gaze for estimating cognitive
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load holds promise, as eye movements are both known to
correlate with cognitive activity and likely to become more
widely available to computer systems as gaze tracking tools
are developed for both commercial-grade web cameras and for
devices that support augmented and virtual reality interfaces.
Indeed, because of the long-standing association of pupil dila-
tion with cognitive load [1], eye trackers have received a good
deal of attention recently as they record pupil diameter as a
matter of course. However, a commonly-proposed metric for
estimating cognitive load, pupil diameter, suffers from severe
practical limitations related to factors unrelated to cognitive
load, notably ambient light [6] and camera angle, manifested
by off-axis distortion of the imaged pupil as captured by the
eye tracker [46]. Whether an eye tracker is appropriate for mea-
suring cognitive load is thus worthy of investigation. Using a
high-speed eye tracker, we develop a mathematical estimate
of cognitive load based on pupil oscillation, then study the
feasibility and accuracy of its use.

Paper Overview and Contributions

We briefly review Cognitive Load Theory and focus on its
historical connection to pupil diameter prior to the use of an
eye tracker. We conclude the review of CLT by summarizing
the relationship between eye-tracked fixations and cognitive
activity. In the section on related work, we then summarize the
primary method of cognitive load estimation by an eye tracker:
computation of the averaged difference in pupil diameter with
respect to an (averaged) baseline measurement. We then high-
light the chief technical limitations of such baseline-related
pupillometric measures owing to ambient illumination and
off-axis distortion. We list several compensatory approaches
that readers may not be aware of. We then focus on a wavelet-
based estimate of the frequency of pupil diameter oscillation
(known as hippus or pupil unrest), popularized by Marshall
[43] as the Index of Cognitive Activity (ICA). This moment-
to moment pupil diameter measurement is an alternative to
pupillometric baseline-related difference measures. We review
the ICA and then provide full documentation of our version’s
implementation, termed the Index of Pupillary Activity (IPA).
We then present an experiment where we show how the IPA
discriminates between task difficulty (vis-a-vis cognitive load).

Because the ICA procedure is not fully documented, no in-
dependent verification of the method appears to exist (even
though it is implemented for many eye trackers). The con-
tribution of the current paper is twofold: First, in contrast to
the proprietary ICA, we provide full documentation of how
to calculate our proposed measurement, which can be con-
sidered as an alternative to the existing Index of Cognitive
Activity. Thus, it is possible for researchers to replicate our
experiment and build their own software which implements
this measurement tool. Second, we approach several aspects
of the ICA procedure in a more data-sensitive way with the
goal of improving the sensitivity of the measurement.

BACKGROUND: COGNITIVE LOAD MEASURES

We start with a brief, chronological summary of the origins
of pupillometric measures related to elicited mental activity.
Pupillometric measures of cognitive load are couched in Cog-
nitive Load Theory (CLT) [64]. Sweller [65] introduced a

computational model of cognitive load based on a production
system and advocated a dual-task paradigm as a means of its
performance-based (but indirect) measurement. Sweller’s goal
was to explain how individuals acquire and store information,
thus linking CLT to the use of short and long term memory.
It is understood that CLT recognizes the concept of cognitive
load as a crucial factor in the learning of complex cognitive
tasks—see Paas et al. [49] for a review of CLT and its compo-
nents. Of particular relevance to the present work is estimation
of cognitive load through measurement of pupil diameter.

Cognitive Load and Pupil Diameter

One of the most popular measures to assume indication of cog-
nitive load is pupil diameter. This assumption can be traced
back to Hess and Polt [23], who demonstrated correlation be-
tween pupil dilation and problem difficulty, i.e., showing that
pupil size increases with problem difficulty. In a follow-on
study to Hess and Polt’s, Kahneman and Beatty [33] suggested
that pupil diameter provided a “very effective index of the
momentary load on a subject as they perform a mental task.”
Ahern and Beatty [1] referred to the metric as Task-Evoked
Pupillary Response (TEPR). In their review of TEPR, Beatty
and Lucero-Wagoner [6] noted that “it has long been recog-
nized that a relationship exists between cognitive load and
pupil diameter”. Generally, more difficult problems evoke
larger pupillary dilations, suggesting a relationship between
problem difficulty and task-evoked activation. Differences in
TEPR are thought to reflect differences in central, rather than
peripheral, brain processes. TEPR is due to the psychosensory
stimulus itself, producing the observed pupillary dilation also
known as the pupillary (or psychosensory or dilation) reflex,
with no differences observed in the pupils’ light reflex [6]. An
extensive review of TEPR is given by Beatty [5].

Cognitive Load and Eye-tracked Measures

Eye trackers were not initially used for pupillometric analysis.
Early studies of task-evoked pupillary response relied on the
use of specialized pupillometers to measure pupil diameter.
Traditional eye tracking metrics related to cognitive load have
implicated fixations, e.g., their number and duration. Fixation
duration as an indicator of task difficulty was recognized early
on by Fitts et al. [17], who noted fixation duration as an indi-
cator of difficulty of information extraction and interpretation
(task difficulty in essence). Jacob and Karn [27] observed that
prior to the 1970s, psychologists who studied eye movements
generally avoided cognitive factors (e.g., learning, memory,
workload, etc.). Work on the relationship between fixations
and cognitive activity began with improved eye tracking tech-
nology, resulting in rudimentary models based on fixations.
Just and Carpenter [30] suggested that during cognitive tasks
such as mental rotation, sentence verification, and quantitative
comparison, fixation duration is proportional to the duration
of underlying cognitive operations. They later posited their
eye-mind assumption, which states that the eye remains fix-
ated on the stimulus so long as it is being processed [31].
Other fixation-related measures e.g., in the context of reading,
include total fixation time and number of regressions [2].

Debue and van de Leemput [12] suggest that eye-related mea-
sures have become one of the most cost-effective of physio-



logical methods for monitoring user attention, processing de-
mands, and mental workload. They do not, however, advocate
eye-related measures exclusively, noting the importance of
subjective ratings (e.g., the NASA Task Load Index, or NASA-
TLX, an assessment of perceived workload), performance-
based measures, and physiological measures. Eye movement
metrics include fixation durations and saccade length, e.g.,
longer fixations and shorter saccades may suggest increased
cognitive load (e.g., focal attention [67, 37]). Positional eye
movements during fixation known as microsaccades have also
been suggested as potential indicators of task difficulty (in-
creased task difficulty is reflected by reduced microsaccade
rate and increased microsaccade magnitude) [61]. Blink rate
and pupillary response are also implicated [10].

RELATED WORK: EYE TRACKING THE PUPIL

Because of the recent proliferation of eye trackers, due to their
improvement in accuracy and reduction in cost, interest has
turned to these devices for estimation of cognitive load, or at
least task difficulty, via measurement of pupil diameter, which
eye trackers report as a matter of course [54, 9, 10, 53].

The general approach to cognitive load estimation with eye-
tracked pupil diameter data relies on measurement relative to
a baseline. Measurement of the change in pupil diameter in
relation to its baseline is performed due to the assumed corre-
spondence between its tonic and phasic components. TEPR is
assumed to correspond to the pupil’s phasic response, while
the baseline measurement is assumed to correspond to the
pupil’s tonic response, its sustained component of pupillary
response [52]. The pupil’s phasic response refers to a tran-
sient component, expressed as dilation relative to the baseline.
Numerous examples of eye-tracked baseline-related pupil di-
ameter measurements exist, focusing either on inter- [25, 35,
38, 34], or intra-trial baseline differences [5, 54, 36, 10, 29].

Baseline-Related Pupillometric Measures: Problems

One problem with eye-tracked baseline-related measures is
the pupil’s sensitivity to illumination levels found in the given
visual stimulus. Some studies fail to report illumination mea-
surements although luxmeters are not particularly expensive.
Often it is simply assumed that pupil diameter (or more cor-
rectly relative pupil diameter) is representative of cognitive
load regardless of the nature of the stimulus.

An additional problem is that pupil diameter, as measured by
an eye tracker, undergoes significant variation upon movement
of the eye. This is because from the eye tracker camera’s (usu-
ally fixed) perspective, the pupil appears as an ellipse when
the eye is rotated away from the camera’s visual axis. The dis-
tortion has been modeled empirically by Mathur et al. [46] as a
function of the cosine of the viewing angle 0 (in degrees), i.e.,
y(0)=R?cos ([0 +5.3]/1.121), where R>=0.99, and y is the
viewing-angle-dependent ratio of the ellipse major and minor
axes. When off-axis, the apparent dimension of the pupil can
be diminished by as much as 12% potentially impacting pupil
diameter measurement and interpretation. Baseline-related
difference measurements should therefore calibrate pupil di-
ameter when looking at the screen center, with pupil diameter
adjusted by a factor proportional to the angle (0) that the eye

is rotated away from center. The idea is that off-axis pupil
diameter measurements should be compared with those of the
pupil at center, to compensate for the off-axis distortion.

Reports of eye-tracked pupil diameter, e.g., by researchers
(e.g., Chen and Epps [9]), or by eye tracking manufacturers,
often do not consider off-axis compensation. One eye tracking
manufacturer does report the problem in their manual, warn-
ing that pupil size may be affected by up to 10% by pupil
position due to optical distortion of the cornea of the eye and
camera-related factors [62]. In fact, it is suggested in this
manual that if research using pupil size is to be performed, the
subject should not move their eyes during trials. This clearly
poses a problem not only in interpretation of changing pupil
diameter, especially when one considers that reported changes
are often quite small (e.g., tenths of millimeters), but also for
experimental design where restricting gaze position to a cen-
tral target borders on being highly impractical (not to mention
extremely limited in terms of ecological validity).

Eye-tracked measures of the pupil hold promise, so long as
effects of illumination and off-axis image distortion are taken
into account, i.e., when the eye is free to move [46]. An
example of compensating for off-axis position of the eye is
given by Hayes and Petrov [22], who incorporate Mathur et
al.’s [46] empirically derived foreshortening and suggest using
@y = ®/ /0.992cos ([0 +5.3]/1.121) where ax denotes the
angle subtended by the pupil diameter in the baseline configu-
ration with @ the pupil’s apparent angle.

Susceptibility to luminance could be handled by modeling
the brightness induced pupil diameter change as a function
of the intensity in the foveal neighborhood around gaze po-
sition, as shown by Raiturkar et al. [56]. Similarly, Palinko
and Kun [50] show that it is possible to separate the effects
of illumination and visual cognitive load on pupil diameter
by cleverly subtracting the averaged pupil diameter difference
from baseline trials where illumination is purposefully varied.
Alternatively, the pupil diameter signal can be transformed to
the frequency domain, e.g., either via the Low Frequency/High
Frequency (LF/HF) ratio [52], or our IPA. One advantage of
the IPA is that in its reliance on the Discrete Wavelet Trans-
form, it offers analysis at multiple frequency scales whereas
Fourier transform-based techniques such as the LF/HF do not.

Our tenet is that eye-tracked baseline-related pupil measures
are problematic due to luminance and camera angle. We
provide an alternative metric based on relative moment-to-
moment pupil size, inspired by Marshall’s [44] proprietary
(closed-source) Index of Cognitive Activity. We hypothesize
that our Index of Pupillary Activity is sensitive and directly
proportional to task difficulty.

The Index of Cognitive Activity (ICA)

As an alternative to pupillometric baseline-related measures,
the Index of Cognitive Activity (ICA) is an instantaneous
measure of pupil diameter, i.e., a measure of the fluctuation of
the diameter, not of the difference relative to a baseline. Said
another way, the ICA is a measure of the rate of change of
pupil diameter, and not a difference between averages (e.g.,
as detailed by Chen and Epps [10], among others). What is



important is the moment-to-moment change in pupil diameter,
regardless of gaze position.

The pupil of the human eye continuously undergoes small fluc-
tuations in area, even in steady illumination—this is known
as pupillary hippus or pupil unrest [63]. Marshall [44] notes
that in the presence of effortful cognitive processing, the pupil
responds rapidly with a reflex reaction (the psychosensory or
dilation reflex). At the same time, the pupil responds with a
reflex reaction to light changes (i.e., the light reflex). Marshall
[44] developed the ICA based on the assumption that an in-
crease in the appearance of abrupt discontinuities in the signal
created from continuous recording of the pupil diameter are
representative of increased cognitive load.

The ICA is claimed to successfully separate the light reflex
from the dilation reflex, hence how it is computed, and its pur-
ported advantages over baseline-related pupil diameter mea-
sures, are worth reviewing. Details about the ICA’s computa-
tion unfortunately refer to an unpublished manuscript. Still,
some details can be found in a patent [43] and a report to the
U.S. Air Force Office of Sponsored Research (AFOSR) [7].

According to Boehm-Davis et al. [7], because the ICA al-
ways reflects the same ratio—the frequency of occurrence per
second—it provides a common basis for comparing individu-
als, groups of individuals, single events, and multiple events.
They note that it is useful to examine the average ICA across
the entire time period. Typical index values range from 0-20
Hz, with low values reflecting little cognitive effort and high
values indicating strong cognitive effort [45]. Bartels and Mar-
shall [4] claim the ICA is reliable across hardware platforms
and sampling rates. An example of ICA usage can be found in
its analysis in a driving simulator study [59].

Apart from our implementation of the IPA, we are not aware of
any other attempts at replication of the ICA. In effect, the ICA
has apparently gained adoption as an indicator of cognitive
load without independent verification. Inclusion of the ICA
module by eye tracking vendors in their own software is evi-
dence of this adoption. Its commercial offering has led to user
adoption, as indicated by an online search for publications
utilizing the method, but its implementation details are still
hidden due to its proprietary nature. The IPA is thus our offer-
ing of a similar but different and fully detailed alternative.

IMPLEMENTATION OF THE IPA

Prior to implementation of our Index of Pupillary Activity
(IPA), eye movement data is first extracted in a pre-processing
step to remove data 200 ms before the start of, and 200 ms
following the end of a blink, as identified by the eye tracker,
following Engbert and Kliegl [14]. After this pre-processing
step, we then compute the IPA.

The IPA is a wavelet-based algorithm inspired by Marshall’s
[43] Index of Cognitive Activity. Our approach differs in
certain key aspects from Marshall’s patent, however, namely in
choice of wavelet, use of the modulus maxima, and a different
thresholding approach.

Computation of both the ICA and IPA relies on wavelet de-
composition of the pupil diameter signal, x(¢), and its wavelet

analysis [43, 7]. Marshall suggests that one needs to locate
peaks in the wavelet detail (coefficient) signal to localize sig-
nificant changes; she suggests doing so following “de-noising”
of the coefficient signal via minimax thresholding (using hard
thresholding, as found in Matlab code given in the patent).
The choice of wavelet is important, e.g., for a 60 Hz signal, the
Daubechies-4 wavelet is recommended, since it is of length
8 utilizing a 8§ x 16 =134 ms sampling window, whereas the
Daubechies-16 wavelet (with 32 coefficients) is recommended
for data sampled at 250 Hz (utilizing a comparable 32x4 =128
ms sampling window). Each of the ICA and IPA is then com-
puted as the frequency (per second) of abrupt discontinuities
detected in the signal [44].

We now provide details of the computation of the IPA through
wavelet analysis, which relies on selection of a mother wavelet
function y; i (t) expressed by

vii(t) = 21Py(2it—k), jkeZ, (1)

with wavelet dilation and translation parameters j, k, respec-
tively. The process of wavelet analysis of the signal x(7)
then proceeds via the wavelet transform, where the dyadic
wavelet v« (¢) generates a dyadic series representation of

x € L*(R): x(t) =YX71— o CjxWik(1), j k €Z, with wavelet
coefficients {c;x} given by the integral transform (see Graps
[19] or Duchowski [13] for a review):

cix = 21/2/ (1) W20t —k)dt, x € I*(R), j,k € Z,

Wyx}GK) = (0 wal). @

At the heart of this process is multiresolution signal analysis,
which necessarily involves the use of a scaling function, de-
noted by ¢; (7). In fact, multiresolution analysis starts with
a clever choice of ¢; «(t). The scaling function is very sim-
ilar in nature to the wavelet in that it also spans the same
subspace as W «(t). It is chosen to satisfy continuity, smooth-
ness, and tail requirements, and, most importantly, the family
0 k(t —k),k € Z forms an orthonormal basis for the multires-
olution reference space (see Vidakovi¢ and Miiller [68] for an
introduction to multiresolution analysis). The scaling function
is also a compactly supported function, defined as

1 t—>b
‘Pa,b(t) = %(I)(T), a>0,beR,

where again a,b are the dilation and translation parameters.
As for the wavelet function, integral powers of 2 are used
where the scaling function is obtained by a binary dilation (2/),
and a dyadic translation (k/2/) of a single function ¢. That
is, a, b are chosen as for the wavelet function, and the scaling
function becomes (c.f. (1))

0;k(t) =272/t —k), jkeL.

In practice, the Discrete Wavelet Transform (DWT) is used
to analyze the signal at multiple levels of resolution. Given
an n-length discrete function at the j" level of resolution,

X (t) = xé(l),xé (2),... ,xé(n), the decomposition relations



of the function are:

O =Y el 2o +k), xy () =Y gioxh (20+),
k k

where {},{gx} are one-dimensional low- and high-pass
wavelet filters. This gives the discrete wavelet transform:

W)} —1) =x) (1,0 (2)ox) (). 3

With this multiresolution decomposition of the original func-
tion x(2), level j (or octave) can be chosen arbitrarily, giving
a progressively smoother approximation of x(z) along with
corresponding wavelet coefficients (akin to residuals) at level

j, expressed respectively by xéfl (t) and x{,,fl (1).

We use wavelet analysis of the pupil diameter signal at the
second level of resolution, as high-frequency oscillations are
likely to reflect the high frequency changes associated with
pupillary hippus [6].

The last stage of [PA computation is performed by hard thresh-
olding (decimation of) wavelet coefficients and counting up
those that remain. Decimating wavelet coefficients below
threshold leaves single peaks in the resulting signal. Hard
thresholding, as suggested by Marshall [43], however, while
reducing the number of events in the signal, does so in a rather
uninformed way, without considering the information con-
tained within the signal. A more meaningful approach is to
first seek sharp points of variation in the signal, e.g., edges,
since these events indicate where abrupt changes in pupil diam-
eter occur. For the IPA, these events are found by detecting the
local maxima of the wavelet modulus. Choosing the resolution
at which these modulus maxima are identified will select the
rate of pupil diameter oscillation considered most interesting
(we choose the second resolution level, as noted above).

Sharp variation points are detected by finding the local maxima
of the modulus |(x(z), ¥; )| (i.e., the modulus of (2)). At each
scale j, local modulus maxima are found where |(x(), ¥ t)|
is larger than its two closest neighbors, and strictly larger than
at least one of them [42]. That is, modulus maxima are located
at scale j and location (fy) if:

[(x(to—1), wj)| < [x(t0), W)l = [(x(to+1), W)l
and

{ |(x(t0), Wi | > [{x(to—1), ¥jx)|, or
|(x(t0), W) | > [{x(to+1), Wi k).

The modulus maxima of the wavelet transform at scale j and
location (fy) are strict local maxima of the modulus on the right
or the left of location #g. Following modulus maxima detection,
instead of minimax thresholding, as suggested by Marshall
[43], we threshold the wavelet modulus maxima coefficients
via “universal thresholding”, defined as A,,;, =6 v/21logn with
6 the standard deviation of the noise [26].

Unlike Marshall, we use symlet-16 wavelets instead of
Daubechies wavelets, and use the periodic DWT implemented
in Python’s pywt module.! As Marshall suggests, we then

1http ://pywavelets.readthedocs.io

import math, pywt, numpy as np

def ipa(d):
# obtain 2-level DWT of pupil diameter signal d
try:
(cA2,cD2,cD1) = pywt.wavedec(d,’syml6’, 'per’,level=2)
except ValueError:
return

# get signal duration (in seconds)
tt = d[-1].timestamp () - d[0].timestamp ()

# normalize by 1/2/, j=2 for 2-level DWT

cA2[:] = [x / math.sqrt(4.0) for x in cA2]
cD1[:] = [x / math.sqrt(2.0) for x in cD1]
cD2[:] = [x / math.sqrt(4.0) for x in cD2]

# detect modulus maxima, see Listing 2
cD2m = modmax(cD2)

# threshold using universal threshold Ay =6 +/(2logn)

# where 6 is the standard deviation of the noise

Auniv = np.std(cD2m) * math.sqrt(2.0*np.log2(len(cD2m)))
cD2t = pywt.threshold(cD2m, A, ,mode="hard")

# compute IPA
ctr = 0
for i in xrange(len(cD2t)):
if math.fabs(cD2t[i]) > 0: ctr += 1
IPA = float(ctr)/tt

return IPA

Listing. 1. IPA implementation.

count the number of remaining coefficients following modulus
maxima detection and universal thresholding to produce the
IPA as a frequency count of coefficients per second. Marshall
suggests low counts reflect little cognitive effort while high
counts indicate strong cognitive effort.

Python implementations of the IPA and of the modulus max-
ima detection are given in Listings 1 and 2, respectively.

Example output is given in Figures 1(e) and 1(f), showing
thresholded modulus maxima (at level 2), whose frequency
per second is compared (in the aggregate) under different task
difficulties. Thresholded modulus maxima are obtained from
the wavelet coefficients in Figures 1(c) and 1(d), which can be
thought of as residuals of the wavelet approximation to pupil
diameter at three levels of resolution, in Figures 1(a) and 1(b).

EXPERIMENT

To evaluate the IPA, we conducted an eye tracking study, repli-
cating Siegenthaler et al.’s [61] experimental design. Details
of our study methodology are given below, including exper-
imental design with independent and dependent measures,
procedure, participants, equipment, and analyses. Our study
hypothesis was that the IPA would be sensitive and directly
proportional to task difficulty vis-a-vis cognitive load.

Experimental Design and Factors

Following Siegenthaler et al. [61], the present study was a
3 x 6 within-subjects eye tracking experiment. The first fixed
factor was task type (Difficult vs. Easy vs. Control). In the
Difficult and Easy tasks, participants were asked to perform
difficult and easy mental calculations, while in the Control
task, they were not asked to perform any mental calculations
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Figure 1. Representative 3-level wavelet decomposition of a single participant’s pupil diameter when conducting Easy and Difficult trials. Compare in
particular (e) with (f): a larger number of ticks per second is thought to indicate increased workload.



import math, pywt, numpy as np

def modmax(d):
# compute signal modulus
m = [0.0]*len(d)
for i in xrange(len(d)):
m[i] = math.fabs(d[i])

# if value is larger than both neighbours, and strictly
# larger than either, then it is a local maximum
t = [0.0]*1len(d)
for i in xrange(len(d)):
11 m[i-1] if i >= 1 else m[i]
00 m[i]
rr m[i+1] if i < len(d)-2 else m[i]
if (11 <= oo and oo >= rr) and (11 < oo or oo > rr):
# compute magnitude
t[i] = math.sqrt(d[i]**2)
else:
t[i] = 0.0

return t

Listing. 2. Modulus maxima detection.

at all (see Experimental Procedure below). Six blocks of trials
within the experimental procedure constituted six levels of the
second fixed factor, termed Time-On-Task.

Working Memory Capacity (WMC). Each participant’s
WMC was treated as a controlled independent variable, mea-
sured with the Digit SPAN task (DSPAN) using both Forward
and Backward assessment versions adopted from Woods et
al. [70]. The last length of a correctly recalled numerical se-
quence (before making two consecutive errors) is used as an
indicator of a participant’s WMC. We used the mean value of
the two-error maximum length DSPAN from Backward and
Forward instantiations as a covariate in the statistical analysis
of eye movement measures (see below for details).

Self-assessed cognitive load. We used the Raw NASA Task
Load Index [21] (NASA-TLX) as a dependent measure of self-
reported cognitive load. We used the following NASA-TLX
items: mental demand, physical demand, temporal demand,
performance, and effort. We dropped the frustration item as
we deemed it irrelevant to the task. The TLX questionnaire
was scaled from 1 (“Very Low”) to 21 (“Very High”).

Self-assessed emotional valence. The Self-Assessment
Manikin (SAM) [8] was used to evaluate participants’ arousal
and emotional valence after each task. Participants responded
to two questions regarding arousal and emotional valence as-
sessing them on visual scales (ranging from 1 to 9) by moving
a visual slider with the computer mouse. We skipped the
dominance assessment deeming it irrelevant to the study.

Experimental Procedure

After signing a consent form, participants completed an online
demographic questionnaire using LimeSurvey [39]. Next, each
participant completed the DSPAN assessment, consisting of
14 trials. In each trial a participant saw a sequence of digits
(starting with 3 digits), each presented for 1 second. After
seeing the sequence, the participant was asked to recall the
digit sequence (in the same order in the Forward assessment
and in the reverse order in Backward assessment) by typing
the sequence into a text box presented on the screen. Given a

correct response, the digit sequence was extended by 1 digit
in the next trial. Given an incorrect response, the length of the
next sequence was kept the same.

After finishing with the DSPAN, participants sat at the eye
tracker (an SR Research EyeLink 1000) with their head sta-
bilized by a chin rest. After making sure participants felt
comfortable with their body and head position, a 5-point eye
tracker calibration was performed. Experimental tasks started
when the average calibration error was lower than 0.5° visual
angle (as measured by SR Research software).

The experimental procedure followed that of Siegenthaler et
al. [61], described here for completeness. Three types of
number counting trials, Difficult, Easy, and Control, were
grouped into 6 blocks, giving 18 trials total. Each block started
with the Control trial, followed by the Easy and Difficult
trials in counterbalanced order, see Table 1. Between each
block, participants were asked to take a short break lasting 2—5
minutes; they were not allowed to start the next block until at
least 2 minutes had elapsed.

Each trial started with an instruction screen and included a
break at the end of each of the six blocks (see Table 1). In the
Difficult trials, participants were asked to mentally count back-
wards, as fast and accurately as possible, in steps of 17 starting
at one of the following 4-digit numbers drawn randomly from
this set: {1375, 8489, 5901, 5321, 4819, 1817}.

The Easy and Control trials were constructed similarly to
Difficult trials, but differed in task performance and initial
instructions. In the Easy tasks, participants were instructed
to mentally count forward, as fast and accurately as possible,
in steps of 2 starting at one of the following 3-digit numbers
drawn randomly from this set: {363, 385, 143, 657, 935, 141}.
In the Control trials, participants were asked just to gaze at the
fixation point with no mental task assigned.

During each trial, participants were prompted four times to
enter their current number in a text box on the screen. A limit
of 9 seconds was given for providing the entry. Three prompts
appeared at random times during each trial, and the fourth
at the very end of the trial. The gap between prompts was a
minimum of 15 seconds and a maximum of 80 seconds.

After each trial, the NASA-TLX and SAM evaluations were
conducted (18 evaluations in all). Each trial lasted 3 minutes.

When performing the mental calculations, participants were
asked to gaze at the fixation point appearing at screen center.
Whenever their gaze shifted 3° visual angle away from the
fixation point a warning beep sounded.

Table 1. Schematic representation of the experiment. following Siegen-
thaler et al. [61]. Block order was randomized for each participant.

Block Trials (Tasks)
1 Control Easy Difficult Break
2 Control Difficult Easy Break
3 Control Difficult Easy Break
4 Control Easy Difficult Break
5 Control Easy Difficult Break
6 Control Difficult Easy Break
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Figure 2. Eye-tracking apparatus with chin rest.

Response accuracy. We adopted the analytical procedure
used by Siegenthaler et al. [61] to check response accuracy.
First, the difference between the starting number or previously
entered number and the present response was calculated. Cor-
rect responses in the Easy tasks were defined as any positive
even difference. Correct responses in the Difficult tasks were
defined as any negative difference divisible by 17. Correct
responses in the Control tasks were defined as any three-digit
numbers entered. We imposed a minimum performance cri-
terion, requiring a minimum of 4 out of 24 correct answers
in the Difficult tasks. Based on this criterion, the data of one
participant, who only scored 3 correct answers in all of the Dif-
ficult tasks, were removed from further analyses. Additionally,
if the number of correct responses in all of the Difficult tasks
and the majority of responses in the Easy tasks was exactly 1,
we treated such cases as a misunderstanding of the task.

Participants

Volunteers (N =17) for the study were recruited verbally and
by social media. Due to problems with eye tracker calibration
or misunderstanding of the task, data from 4 were discarded
giving a final sample of N=13 (7 M, 6 F with ages in range
[20:40] years old, M =29.77, SD=7.15). All were right-
handed with normal, uncorrected vision.

Experimental Setting and Apparatus

An SR Research EyeLink 1000 eye tracker was used to record
eye movements binocularly at a sampling rate of 500 Hz.
Each participant’s head was stabilized with a chin rest during
the entire experimental procedure, see Figure 2. Eye tracker
accuracy is reported by the manufacturer as 0.25-0.5° visual
angle on average. Wang et al. [69] corroborate this accuracy
measurement via root-mean-squared analysis. van der Geest
and Frens [66] found the EyeLink’s horizontal x vertical
precision to be 0.98° x 1.05° visual angle.

The experimental procedure was controlled by a personal com-
puter connected to the eye-tracking computer. Visual stimuli
were displayed on a computer screen with 1920x 1080 reso-
lution. The procedure was written in Python with the use of
the PsychoPy package [51]. Responses made by participants
were performed on a standard numerical keyboard connected

to the stimuli presentation computer and placed at the side
of the participant’s dominant hand. A laptop was used for
conducting the DSPAN assessment, written and conducted
with Millisecond Inc.’s Inquisit 4 Lab software.

The experimental laboratory was devoid of windows limiting
the amount of ambient light during the study. Ambient lumi-
nance in the laboratory was 520 lux. Luminance was measured
at 120-130 lux at the computer screen with the fixation point
target present at screen center during the main part of the pro-
cedure. Screen luminance was slightly higher when showing
instructions, the NASA-TLX, and SAM measures (150 lux).

RESULTS

There are two main criteria of any measure’s validity: internal
and external validity, also referred to as reliability and sensitiv-
ity, respectively. A useful measure of cognitive load should be
sensitive to both between-task and within-task variability as
well as between-subjects differences [32]. First, we report the
results of internal validity (reliability). Second, we present re-
sults focusing on external validity (sensitivity) reflected in the
ability to distinguish between task difficulty within sequential
blocks of trials representing Time-On-Task.

Statistical Analyses

Internal validity was assessed with Cronbach’s ¢. To eval-
uate the influence of task difficulty and Time-On-Task on
dependent variables, two-way (3 x 6) within-subjects Analyses
of Covariance (ANCOVAs) were used, where task difficulty
(Control vs. Easy vs. Difficult) and Time-On-Task (block of
trials from 1 to 6) served as independent factors. The analyses
of covariance were followed by pairwise comparisons with
HSD Tukey correction when needed.

The literature points to the moderating role of working memory
capacity in the relation between cognitive load and eye-related
measures. For example, Granholm et al. [18] showed that
pupillary response increases with increasing task demand until
cognitive resources are exceeded, at which point pupillary re-
sponse then begins to decline. Thus, we used working memory
capacity as a covariant variable in our statistical analyses.

We used parametric ANCOVA despite the the IPA showing
skewed distributions deviating from normality. However, AN-
COVA (and ANOVA) is relatively robust to violation of the
normality assumption [40, 58]. Also, ANCOVA allows for
full design analyses which is the most appropriate option for
hypothesis testing. All ANCOVA results are reported with
main effect size (nz). All analyses were conducted in R [55].

Reliability of Measures

Comparison of Cronbach’s o (see Table 2) shows good relia-
bility of the IPA and NASA-TLX self-reported measures. An
a>0.80 is assumed to be acceptable [47]. The IPA showed
excellent reliability (o >0.90) in the Difficult task.

Table 2. Internal consistency per trial given by Cronbach’s o.

Task
Variable Control Easy Difficult
NASA-TLX 0.83 0.87 0.77
IPA 0.89 0.82 0.91
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its perceived relative greater emotional response.

Table 3. Descriptive statistics per trial: means and SE (in parentheses).

Task

Variable Control Easy Difficult
Correct responses 0.98 (0.02) 0.97 (0.02) 0.49 (0.04)
(proportion)

SAM valence 5.73(0.11) 5.67 (0.12) 5.08 (0.13)
SAM arousal 2.64 (0.18) 3.21(0.13) 4.18 (0.20)
NASA-TLX 5.19 (0.33) 8.39 (0.30) 12.26 (0.31)
IPA 0.19 (0.008) 0.19 (0.008) 0.22 (0.07)

Experimental Manipulation Check

Effectiveness of the experimental manipulation was examined
via response accuracy (proportion of correct responses), Raw
TLX, and both SAM scales, see Table 3. As expected, AN-
COVA of response accuracy revealed a main effect of task,
F(2,22)=64.65, p<0.001,n%=0.58. Difficult tasks yielded
significantly fewer correct responses than the Easy and Con-
trol tasks (p < 0.001), see Figure 3. The difference between
the Control and Easy tasks was not significant (p >0.1).

Analysis also revealed a significant main effect of Time-On-
Task on accuracy, F(5,55) =2.42,p <0.05,n> =0.05, see
Figure 3(a) and compare mean accuracy between the first (M=
0.74,SE =0.06) and last (M = 0.84,SE = 0.05) trial blocks.
The interaction effect between WMC and Time-On-Task was
significant, but weak, F(2,2)=4.76, p <0.05,n%>=0.02.

As expected, a two-way ANCOVA of the Raw NASA TLX
scale revealed a significant main effect of task difficulty,
F(1.31,14.46) =46.09, p < 0.001,1% =0.38. Participants re-
ported significantly higher cognitive load during the Difficult
tasks than during the Easy and Control tasks (p < 0.001). Pair-
wise comparisons showed a statistically significant (p <0.01)
difference between the Easy and Control tasks, see Table 3.

ANCOVA of the Raw NASA TLX score also revealed a sta-
tistically significant interaction effect of task difficulty and
Time-On-Task F(4.64,51.06)=2.91, p<0.05,1>=0.02, see
Figure 3(b). Pairwise comparisons of means showed that in all

blocks of trials the difference between Easy and Control tasks
in the TLX score was significant (p <0.001) with perceived
higher workload for the Easy tasks in all but the first block of
trials where the difference was not significant (p >0.1). In all
blocks of trials the differences between Difficult vs. Control
and Difficult vs. Easy tasks were significant (p <0.001) with
greater cognitive load self-reported following Difficult tasks.

We expected participants would report higher arousal and
lower emotional valence in the Difficult tasks. Both pre-
dictions were supported by two separate ANCOVAs of the
SAM Valence and Arousal scales as dependent variables.
The main effect of task difficulty on the SAM arousal scale,
F(1.46,16.03) =10.43, p < 0.01,n? =0.14, and subsequent
post-hoc tests showed that, after the Difficult tasks, partic-
ipants reported significantly higher emotional arousal than
after the Control tasks (p <0.01), see Figure 3(c). Similar
but not statistically significant differences (p =0.052) were
recorded between the Difficult and Easy tasks. The differ-
ence between the Easy and Control tasks was not signifi-
cant. ANCOVA also revealed a significant effect of WMC,
F(1,11)=5.85,p<0.05,n%>=0.21. Participants with higher
working memory capacity reported lower arousal than those
with lower working memory capacity.

ANCOVA of SAM emotional valence also showed a main
effect of task difficulty, F(1.15,12.67) =8.86,p<0.01,n*=
0.03. Post-hoc analyses showed that when performing the
Difficult tasks, participants evaluated their emotions signif-
icantly more negatively compared to the Easy and Control
tasks (p <0.02, p <0.01, respectively), see Table 3.

Sensitivity of Pupillary Response to Task Difficulty

We hypothesized that the IPA should indicate differences in
cognitive load, distinguishing between Difficult, Easy, and
Control tasks. We expected the IPA to be significantly greater
for the Difficult tasks. In order to test this hypothesis the IPA
served as a dependent variable in a series of two-way within-
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subjects ANCOVAs with task difficulty and Time-On-Task as
fixed factors. Working memory capacity served as a covariate.

Although the TPA failed the test for distribution normality, ac-
cording to a one-sample Kolmogorov-Smirnov test, D=0.53,
p <0.001, the IPA appears to increase significantly with task
difficulty. ANCOVA of the IPA revealed a statistically signifi-
cant main effect of task difficulty, F(1.70,18.73)=3.73,p<
0.05,n%=0.05, see Figure 4. Pairwise comparisons, with-
out correction, showed that the IPA differed significantly
(p <0.05) between the Difficult (M =0.22,SE=0.07) and
each of the Easy (M =0.19,SE =0.008) and Control tasks
(M=0.19,SE=0.008). The difference between the Easy and
Control tasks was not significant (p=0.93), see Table 3.

DISCUSSION

Results support our hypothesis of the IPA’s sensitivity to task
difficulty. Task difficulty itself was corroborated by mea-
surement of accuracy (proportion of correct responses) and
self-assessed evaluation of effort (NASA-TLX scores). Inter-
estingly, analysis of the IPA’s response to task difficulty did
not reveal a significant effect of working memory capacity
(WMC). According to the literature, WMC is related to perfor-
mance of a variety of higher-order cognitive tasks e.g., reading
comprehension, complex learning, and reasoning [15, 16].
Participants with high WMC are thus expected to experience
lower cognitive load on difficult tasks than participants with
low WMC. This may explain our observed relation between
WMC and participants’ response accuracy during performance
of the mental arithmetic tasks. Participants with high WMC
may have sufficient resources to handle cognitive task demands
resulting in accurate performance. Meanwhile, cognitive task
demands may exceed the resources of participants with low
WMC causing degradation in performance. This would agree
with Sweller’s [65] original production-system model of cog-
nitive load. Because WMC did not correlate significantly with
the IPA, this may suggest that the IPA is sensitive to task
difficulty independent of working memory capacity.

The IPA shows promise as an indicator of cognitive load, but
requires further exploration. We used the second frequency
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octave in our wavelet analysis; different frequency resolutions
remain to be examined. Future experiments are also needed
to investigate the response of the IPA to eye movements, light
conditions, as well as sampling rates.

IMPLICATIONS FOR INTERACTION DESIGN

There is a pressing need for a non-invasive measure of cogni-
tive load, as it can guide designers of interactive systems to
avoid overloading users. Examples of its use include a wide
range of applications, including surgery [28], flight safety [52],
human-centered design, human cognition modeling, usability,
and learning systems (e.g., e-learning) [48, 24]. A reliable
(real-time) measurement of cognitive load is sought.

Implications for interaction design are such that eye-tracked
cognitive load measures should be used with care, especially
those involving baseline differences of pupil diameter. Our
study shows that pupillometric oscillation is indeed effective
at distinguishing task difficulty, but our results are from an
experiment where gaze was held fixed at screen center. Fur-
ther testing of cognitive load measures is needed. Specifically,
experiments must be carried out where the eye moves to con-
trolled locations away from screen center.

CONCLUSION

Being able to distinguish a user’s level of cognitive load has
significant implications for design and/or evaluation of inter-
active systems. Measurement of cognitive load could allow a
system to respond appropriately, modulating the level of task
difficulty (e.g., as in e-learning systems [57]), or by adapting
mission-critical systems to the user’s cognitive state [60].

We reviewed Cognitive Load Theory and its connection to
task-evoked eye movement measures, namely pupillary re-
sponses. We gave a novel method of estimating frequency of
pupil oscillation termed the Index of Pupillary Activity. We
have discussed the limitations of pupillometric measures and
suggested measurement of pupil oscillation as an alternative
for estimating task difficulty vis-a-vis cognitive load.
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