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Previous studies on individual differences in pupil size of healthy individuals and their relation to performance
have been inconclusive. Using a novel approach, we tested the effect of general cognitive abilities and level of
task performance on pretrial baseline and task-evoked pupil (TEP) sizes (N = 116) while we manipulated the
level of task demands using a multiple object tracking task. Results did not reveal an effect of general cognitive
abilities, estimated by working memory capacity and gF scores, on either baseline or TEP sizes. In contrast, we
found an interaction in TEP sizes between level of overall MOT performance and task demands. We propose that
individual differences in TEP sizes are related to state-specific level of task performance and task demands,
probably in combination with other factors like age, personality traits, and state-specific level of motivation and
arousal. We also suggest methodological confounds that may cause the previous inconclusive findings.

1. Introduction
The neurocognitive basis of individual differences in pupil size of
healthy individuals has remained little studied and the results have
been inconclusive. Some studies have reported a positive relationship
between indices of general cognitive abilities (i.e., working memory
capacity; WMC, and/or fluid intelligence; gF) and baseline and/or taskevoked pupil (TEP) sizes (Bornemann et al., 2010; Heitz, Schrock,
Payne, & Engle, 2008; Peavler & Nellis, 1976; Tsukahara, Harrison, &
Engle, 2016; van der Meer et al., 2010). In a typical pupillometry
paradigm, pupillary changes are often categorized as baseline (tonic)
and task-evoked (phasic) modes (for a review, see Mathôt, 2018). In
visual experiments, the ‘tonic’ or baseline pupil size is often measured
while viewing a screen with a uniform or neutral background and no
meaningful stimuli to attend to other than (occasionally) a fixation
point. A pre-task baseline pupil size can be measured before initiating or
independent of an experiment, and a separate pretrial baseline pupil size
can be measured immediately before initiating each trial; thus effectively constituting an event-related baseline. In the present study, the
tonic pupil size always refers to the pretrial baseline pupil sizes. Phasic
pupil size, on the other hand, refers to task-evoked pupil (TEP)

⁎

responses measured while performing a task and therefore directly associated with task-related processes.
One recent study has attracted attention since participants with
higher WMC and higher gF had consistently larger pre-task, pretrial and
task-evoked pupil sizes than those with lower WMC and gF (Tsukahara
et al., 2016). An intriguing account for these results is that the visible
pupil trait and the inferred construct of WMC or intelligence both refer
to overlapping underlying neurobiological systems. That is, individuals
with higher fluid intelligence may differ in underlying locus coeruleus
norepinephrinergic (LC-NE) tonic activity from those with lower gF,
leading to stronger functional connectivity in several brain networks
(Song et al., 2017) in the former than the latter group. This neurobiological interpretation is based on previous findings showing a solid
relationship between the pupil and the LC activity (Alnæs et al., 2014;
Joshi, Li, Kalwani, & Gold, 2016; Murphy, O’Connell, O’Sullivan,
Robertson, & Balsters, 2014; Rajkowski, Kubiak, & Aston-Jones, 1994;
Reimer et al., 2016; Schneider et al., 2016; Varazzani, San-Galli,
Gilardeau, & Bouret, 2015; Wilhelm, Wilhelm, & Lűdtke, 1999; Yellin,
Berkovich-Ohana, & Malach, 2015).
However, there is no consensus in the psychophysiological literature
that individuals with higher WMC or gF do show consistently larger TEP
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sizes (Ahern & Beatty, 1979; Crough, 1971, Janisse, 1973). For example, this does not seem to be the case when no monetary reward is
offered (Heitz et al., 2008), or when the task is not demanding enough
(van der Meer et al., 2010). The evidence for a larger tonic pupil size in
individuals with high general cognitive ability is also inconsistent
(Aminihajibashi, Hagen, Folldal, Laeng, & Espeseth, 2019; Boersma,
Wilton, Barham, & Muir, 1970; Simpson & Molloy, 1971; Unsworth &
Robison, 2015, 2017b, Unsworth, Robison, & Miller, 2019). Recent
evidence indicates that a lower WMC is accompanied with less variability in pupil diameter, rather than an average smaller size, in pre-task
baseline (Aminihajibashi et al., 2019), but with greater variability in
pretrial and TEP sizes (Unsworth & Robison, 2015, 2017b). According to
Unsworth and Robison (2017b), the greater variability in pretrial pupil
sizes of individuals with lower WMC may indicate that their LC tonic
activity is more variable, possibly resulting in more frequent mindwandering and lapses of attention, compared to those with higher
WMC.
In theoretical terms, there exist three main cognitive accounts in the
literature (Ahern & Beatty, 1979; van der Meer et al., 2010) that can
accommodate the existent contradictory findings regarding the effect of
general cognitive capacities, or more specifically intelligence and cognitive load on task performance and pupil dilation. A schematic of these
accounts is presented in Fig. 1. According to the "resource account",
individuals with high fluid intelligence have more resources available
and can outperform normal controls but only on the most demanding
conditions, resulting in better performance and greater TEP dilations in
response to these conditions. This account is demonstrated in results
from van der Meer et al. (2010). Instead, the "efficiency account"
(Ahern & Beatty, 1979) predicts that highly intelligent individuals have
the same amount of resources as the normal controls but they just use
these resources more efficiently. Therefore, they typically show smaller
TEP dilations than normal controls, even though they can outperform
them. Results from Ahern and Beatty (1979) are consistent with this
hypothesis. Lastly, the "effort account" predicts that individuals with
high fluid intelligence generally tend to invest more cognitive resources
across all types of tasks (for example because they may be more motivated or because they have differing LC activity and brain connectivity). Thus, highly intelligent individuals always show greater TEP
dilations. This account seems in accordance with the results found in
Tsukahara et al. (2016). A common feature of these accounts seems to
be the single resource theory (Kahneman, 1973; Moray, 1967), which
interprets the cognitively driven pupillary changes as reflecting the
amount of allocated resources relative to a central limited cognitive
resource.
However, the multiple resource theory (Allport, Antonis, & Reynolds,
1972; Navon & Gopher, 1979) proposes that there are multiple channels
or pools of processing resources. Thus, individual differences in taskdriven pupil size can reflect differing capacity in task-related resources,
or as Kahneman (1973) suggested, in “local” processing “structures” in
addition to global resources. In this case, the pattern of relationship
between TEP sizes and individuals’ level of cognitive functioning can
still be consistent with the resource, efficiency and effort accounts, but
at the level of task performance. However, due to the well-documented

Fig. 2. The Multiple Object Tracking task. At the end of the tracking period,
participants were supposed to select all of the target objects by clicking on the
disks with the mouse.

relationship between the amount of mental effort allocated to an ongoing task and TEP sizes (Beatty, 1982; Kahneman, 1973; van der Wel &
van Steenbergen, 2018), we can expect effects of individuals’ level of
task performance on pupil size to emerge whenever the task becomes
demanding and differing amount of mental effort is required. Recently,
using the multiple-object-tracking (MOT) task, Mäki-Marttunen, Hagen,
and Espeseth (2019) found an increased LC activity and pupil dilation
with an increased load but in only high MOT performers. However,
individuals’ general cognitive abilities were not measured in this study.
Given the inconclusive empirical findings, more studies are needed
to explore the cognitive basis of individual differences in pupil sizes.
Hence, in the present study, we measured both individual’s general
cognitive abilities (i.e., individuals’ WMC and gF) and their level of task
performance (using MOT task, Fig. 2) along with their pretrial as well as
event-related phasic pupil changes under different levels of task demands. An individual’s level of task performance can be measured by
mean accuracy across different trial types and task demands. MOT has
been used largely to study attentional processes, its capacity limitations, and the neural basis of, specifically, sustained and divided (visuospatial) attention under different cognitive loads (e.g. Cavanagh &
Alvarez, 2005; Scholl, 2009), using pupillometry (e.g., Walle, Nordvik,
Espeseth, Becker, & Laeng, 2018) or a combined fMRI and pupillometry
method to MOT (Alnæs et al., 2014; Mäki-Marttunen et al., 2019).
However, the findings regarding the relationship between general
cognitive abilities and MOT performance are also inconclusive
(Medeiros-Ward, Seegmiller, Watson, & Strayer, 2011; Trick, Perl, &
Sethi, 2005; Oksama & Hyona, 2004; Tullo, Faubert, & Bertone, 2018).
To our knowledge, no study has simultaneously investigated the
relationships between individual differences at baseline and in TEP
sizes with individual differences in both general cognitive abilities and
MOT performance across different levels of task demands or load.
Further empirical evidence might help to reach cumulative evidence on
the associations of task (MOT) performance, task-related phasic pupil
responses and pretrial baseline of pupillary measures, with gf and WMC.
Such an investigation seems relevant for our understanding of and developing better theoretical accounts related to the neurocognitive basis
of individual differences in tonic and phasic pupil size in a broader
perspective.

Fig. 1. Phasic task-evoked pupil responses (TEP) as a function of cognitive capacity and cognitive workload predicted by three cognitive accounts.
2
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Specifically, we explored whether pretrial baseline and TEP sizes
are related to the general cognitive abilities, independently or in interaction with the task demands. If they are related, then we should
find: 1) correlations between indices of general cognitive abilities
(WMC and/or g factor) and both mean pretrial baseline and mean TEP
sizes. Alternatively, according to Unsworth and Robison (2015), 2017a,
2017b), we should find a negative correlation between the coefficient of
variation (CoV) of pretrial baseline pupil size and WMC scores. 2) differences in mean pretrial baseline and mean TEP size between individuals with high and low levels of general cognitive abilities (i.e.
those with WMC and g factor scores over and under median value), only
when the level of task load increases. We did not predict any direction
for these relationships, because the previous findings were contradictory or inconclusive.
However, if the pupil size tracks the state-specific and task-related
on-going cognitive processes, then individual differences in pretrial
baseline and TEP diameters should be related to MOT performance,
either independently from or interactively with task demands. That is,
we should find 3) correlations between mean or CoV of pretrial baseline
pupil size and the index of task performance, i.e., overall accuracy. 4)
significant differences in both mean pretrial baseline and especially
mean TEP sizes between high and low MOT performers; in an interaction with the level of task load. Using multiple linear regression analysis, we also examined whether both general cognitive abilities and
overall task performance, along with age, can explain the variance in
TEP sizes.

healthy Norwegian participants (N = 41; females, 24; Mean age =
28.31 years; SD = 7.31 years; range: 20–48). These participants were
also part of a larger sample pool (∼700) that were recruited and
screened out using a similar procedure as in our first study. (For a detailed description of the recruitment procedure, see Espeseth et al.,
2012).
2.2. Materials
2.2.1. Measuring general cognitive abilities
An individual’s general cognitive ability is typically measured by
standardized intelligence tests (Hunter, 1986) or estimated by use of
statistically driven parameters like the g factor (gF, Spearman, 1904;
Deary, Penke, & Johnson, 2010; Johnson, te Nijenhuis, & Bouchard,
2008). However, given the high correlation between measurements of
WMC, the g factor, and fluid intelligence (Conway, Kane, & Engle, 2003;
Fukuda, Vogel, Mayr, & Awh, 2010; Kvist & Gustafsson, 2008; Kane,
Hambrick, & Conway, 2005), any of these constructs should, in principle, constitute a reliable index of general cognitive abilities. In fact,
WMC can be considered as a general cognitive ability construct involved in maintaining, manipulating and retrieving task-relevant information (Unsworth & Robison, 2017b; Wilhelm, Hildebrandt, &
Oberauer, 2013). Yet, given the relation of the pupil to attention allocation and its limited capacity, the WMC measures may seem more
strongly related to pupil size than to intelligence in general (Kahneman
& Beatty, 1966).
Working memory capacity (WMC). Individuals' WMC scores were
measured using “Letter-Number-Sequencing” task. The task is a subtest
from the Wechsler Adult Intelligent Scale-Third Edition (WAIS-III;
Wechsler, 2003). The task consists of strings of unsorted numbers and
letters in varying length and participants are asked to organize the
numbers in ascending order and the letters in alphabetic order. The
administration duration is around 3−5 min. The total LNS scores correlates highly with laboratory measures of WMC, and with a composite
score of three separate operation span tasks, r = .53 (Hill et al., 2010).
It is also the most widespread measure of WM among European psychologists (Evers et al., 2012).
gF. To estimate each of the participants' general cognitive abilities,
in addition to measuring WMC, we used principal component analysis
(PCA) and computed g factor scores based on their scores on four
cognitive tests; Matrix Reasoning subtest of the scores on
four cognitive tests; Matrix Reasoning subtest of the WASI
(Wechsler, 1999), Color-Word Interference Test (CWIT; Delis, Kramer,
Kaplan, & Ober, 2000), the Hopkins Verbal Learning Test (HVLT;
Brandt, 1991), and a computerized version of the Posner Cuing Task
(Chica, Martin-Arevalo, Botta, & Lupianez, 2014; Posner, 1980), following a similar procedure used in previous studies (Christoforou et al.,
2014; Haász et al., 2013). In the second study, the California Verbal
Learning Test (CVLT; Rasmusson, Bylsma, & Brandt, 1995) was used
instead of the HVLT. See supplementary materials, Section 1, for a
detailed explanation of these tests.

2. Method
2.1. Participants
A Statistical Power analysis was run using G*Power tool (Faul,
Erdfelder, Lang, & Buchner, 2007) and revealed that based on the reported effect size of fluid intelligence (gF) on baseline pupil size of
Caucasians (r = .33, Tsukahara et al., 2016), and with a one-tailed
alpha level of 0.05, a minimum sample size of 52 is required when
power is set to 0.80 (with a two-tailed alpha, 67 participants were required). In total, we recruited 116 participants whose data were collected from two separate studies. Thus, our sample is well in excess of
the needed statistical power. Having a large enough sample size is
important since dividing a sample into two groups based on median
value can decrease the statistical power or can lead to spurious statistical significance (MacCallum et al., 2002).
First study included 75 participants (27 females; mean age = 33
years; SD = 8.4; range = 18–52) and was part of a behavioral genetics
project in which the general inclusion criteria were being healthy and
ethnically Norwegian, aged between 18–70 years. National statistical
records were used to select these participants randomly and then invite
them by letter. Volunteers were later contacted by employees at the
Oslo University Hospital to be screened for family and medical history
including neuropsychological disorders, head injury, substance abuse,
and severe psychological disorders in their family. Volunteers who did
not report any of these (exclusion) criteria were invited to be first interviewed and then screened for severe mental disorders, using the
Primary Care Evaluation of Mental Disorders interview (PRIME-MD:
Spitzer et al., 1994). They were then tested with an extensive neuropsychological test battery, including the full-scale Wechsler Abbreviated Scale of Intelligence, WASI (Wechsler, 1999). Finally, participants were invited to the Department of psychology at the University of
Oslo to perform cognitive experiments with pupillometry. All participants had normal or corrected-to-normal vision. All participants signed
a consent form and received monetary compensation, but the specific
purpose of task manipulations was not revealed prior to testing. One
participant was excluded since his pupillary data were not recorded
completely.
In the second study, we used data collected from another group of

2.2.2. Measuring task performance by multiple object tracking task (MOT)
The MOT task used in the current study was identical to the task
developed by Alnæs et al. (2014). The experiment consists of two types
of trials, the tracking and passive viewing trials. As shown in Fig. 2,
each tracking trial begins with presenting 10 blue disks and a white
fixation annulus at the middle of the screen for 2.5 s. Then, some of the
objects changed the color to red for 2.5 s to be designated as “target
objects” and to be tracked. Then, all objects return to blue and after a
0.5 s interval, all objects begin to move around the screen independently and unpredictably. Blue and red objects were isoluminant
(9 cd/m2, measured using Spyder 4, Datacolor, Lawrenceville, NJ).
When objects got closer than 1° to each other or to the edge of the
tracking area, they changed directions and the trajectory at random to
avoid any prediction of trajectories of movement. To limit
3
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unintentional eye movements, in addition to using fixation point, the
objects changed direction whenever they were within 2° vicinity of the
central fixation point.
Across trials, the number of targets varied randomly from 2 to 5, to
manipulate attentional load (i.e. “task demands”). After 10 s, all disks
stopped moving and the participants clicked on the objects that they
believed were the targets. In the passive viewing trials, the participants
simply maintained fixation at the fixation annulus and they were given
no other task. The whole experiment had 100 trials presented in four
sessions with breaks between and it lasted about 30 min in total. Each
run consisted of 25 trials, 5 trials per load condition (i.e. tracking two,
three, four, and five targets) and 5 trials for passive viewing. The luminance value of the screen during both pretrial, passive and tracking
conditions was kept same and equal to 60 lx measured by a LUX light
meter, Standard, ST-1300. The experiment was created and run using
MATLAB® (MathWorks, Natick, MA) and the Psychophysics Toolbox
extensions (Alnæs et al., 2014; Brainard, 1997; Pelli, 1997).

Scores on the first un-rotated principle component were used as an
estimate of the gF scores (eigenvalues are presented in Supplementary
materials, Section 2). The median value of gF and WMC scores were
used to divide individuals into two groups with high and low level of
general cognitive abilities. We had 8 missing gF data in study 1 and 3 in
study 2 due to data registration problems. There was overlap between 5
gF and WMC missing data.
2.5.2. MOT data
To compute the mean accuracy scores, the percentage of correct
responses (number of correctly reported targets/ number of targets ×
100) were measured for each load condition (with 2, 3, 4, or 5 targets to
be tracked) and individual. These data were used to examine the effect
of cognitive load (number of targets) on performance. We then calculated a total accuracy score for each subject by averaging mean accuracies across four load conditions. This total accuracy score was
considered as an estimate of each individual’s MOT performance and
the median score was used to divide participants into two groups, with
high and low levels of MOT performance respectively. We had 1
missing data due to technical issues.

2.3. Equipment
A binocular Remote Eye Tracking Device (R.E.D.; SMI-SensoMotoric
Instruments,
Teltow, Germany) was used in study 1 to record the pupil sizes. The
R.E.D. can operate at a distance of 0.5–1.5 m with a spatial resolution of
about 0.1 degree and measures pupil sizes in millimeters. The recording
sampling rate was 60 Hz (i.e. every 16.7 ms). Participants sat in front of
a 47 × 29.4 cm color, flat LED monitor with a resolution of 1920 ×
1080 pixels and 60 Hz refresh rate. Head movements were stabilized
using a chin-rest that also kept the eye-to-monitor distance constant at
57 cm. The same MOT paradigm was used in study 2, but pupillary
diameters were recorded in pixels using a SMI monocular eye-tracker.
The sample rate was 240 Hz and the eye-to-monitor distance was 90
cm.

2.5.3. Pupillary data
First, we excluded data that physiologically are impossible (e.g.,
pupil diameters that exceed 9 mm; Beatty & Lucero-Wagoner, 2000).
Then, linear interpolations were used to replace the time intervals
containing blinks, beginning five samples before and five samples after
a blink. Interpolated data were further filtered, using the Hampel filter
(Pearson, 1999) to exclude instrumental noises (Klingner, Kumar, &
Hanrahan, 2008). This preprocessing procedure did not influence the
final results. All pre-processing of pupillary data was done using R (R
Core Team, 2018). Analysis scripts are available from https://github.
com/thohag/pupilParse.
We measured different indices for the baseline and TEP sizes.
Whenever we report that the pattern of results or the conclusion did not
change, it means that the p-values below and above 0.05 were also
below and above 0.05 when different indices were tested or when a
different analysis was used. Any significant changes are otherwise reported.

2.4. Procedure
The neuropsychology tests and pupillometry experiment with MOT
task were administered in two different days with at least two weeks
distance between them. After signing the consent form, and finishing
the calibration and validation procedures, we gave instructions about
the experiment and the participants were specifically instructed to keep
their gaze at all times on the white fixation point at the center of the
screen while tracking the objects simultaneously with attention. All
subjects were tested in the same, soundproof room, with constant environmental luminance.

2.5.3.1. Pretrial baseline pupil size. After preprocessing, baseline values
that were larger and smaller than 1.5 interquartile range (IQR, Seo,
2006) from the median were considered outliers and filtered out. To
test our hypotheses, we calculated both the mean and coefficient of
variation (CoV) of baseline pupil sizes. To measure the mean, the
average of pupil size during the 300 ms prior to each tracking onset was
computed for each trial and individual. Since the scale of pupillary
measurements differed in two studies, we used Z scores in the analyses
of pretrial baseline. To compute the CoV of baselines, the standard
deviation of mean pupil sizes (across 100 trials) was divided by the
average value of all mean baselines for each individual, following
Unsworth and Robison (2015).
As also found in our study 1 (see Supplementary materials, section
3), baseline pupil size decreases over time (Tsukahara et al., 2016). We
thus decided to use the mean baseline values from the first 25 trials in
the analysis. However, when testing the hypotheses, we repeated the
analysis with all baselines included and this did not change the pattern
of results.
Finally, the pretrial baseline, in both studies, was defined as mean
pupil size during 300 ms prior to tracking period, which was 200 ms
after presenting targets. This means that the pretrial baselines, in nonpassive conditions (75 % of trials), were not task-free measurements
and could be influenced by holding the encoded targets in the WM. In
fact, Results from a repeated measures ANOVA showed a significant
effect of Load, indicating that mean baseline pupil size in passive
condition (where no targets were designated) was smaller than mean
baseline in all other conditions (see Supplementary materials, Section

2.5. Data processing
2.5.1. Psychometric data
2.5.1.1. Working memory capacity. Individuals´ WMC was measured as
a total score obtained from the Letter-Number Sequencing task. WMC
Data from 7 individuals were missing due to technical issues.
2.5.1.2. gF. Individuals’ gF scores were estimated using principal
component analysis (PCA). We first ran a separate PCA on RTs
obtained from four conditions of CWIT to create a total composite
using the first un-rotated component factor scores. Then, we created Z
scores of total RTs in Posner task and inverted both RTs in Posner and
CWIT task to make these scores comparable with scores from the other
two tasks so that higher score indicates better function. We also
computed a sum score for the HVLT task by aggregating scores from
the three learning and recall trials. In study 2, the same procedure was
repeated but with CVLT instead of HVLT scores. Total composite CVLT
scores were computed using a PCA with scores from learning,
immediate and long delay parts. Finally, we ran a second PCA on
these measures along with raw scores from MR (Matrix Reasoning) task.
4
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Fig. 3. Left: Scatter plot of working memory capacity (WMC) scores and coefficient of variation (CoV) of pretrial baseline pupil sizes. Right: Bayes factor robustness
check plot.

3). Although after controlling for the effect of age in an ANCOVA, the
differences between conditions were no longer significant, all analyses
were repeated using baselines from the passive condition.
Task-evoked pupil (TEP) size. The baseline corrected task-evoked
pupillary responses were calculated using the divisive correction
method. Since the scale of pupillary measurements differed in study 1
(mm) and 2 (pixel), using the percentage changes make the measurements from two studies comparable. That is, the mean pupil size during
tracking period (from 2000 to 8000 ms) was divided on mean pupil size
during 300 ms prior to trial onset. The result was multiplied by 100 to
compute the percentage change from baseline.
For the analysis of individual differences, we measured two kinds of
baseline-corrected TEP sizes; one in response to each Load condition,
i.e., tracking two to five objects (Fig. 3), and another one in response to
each Load condition when all objects were reported correctly (referred
to as TEP sizes from correct trials). While the former measurement may
represent the effect of Load and mental effort on pupil responses independent from the outcome performance, the TEP sizes from the
correct trials represent the effect of Load and mental effort required to
track all objects successfully. Although sometimes the correct responses
may just be a result of correct guessing, rather than cognitive ability or
higher mental effort, but guessing can influence both measurements.
Thus, when studying individual differences is of research interests, TEP
sizes from only correct trials, especially at higher loads, may be a better
index of invested mental effort. The effect of level of MOT performance
or general cognitive abilities on both behavioral and TEP responses is
expected to be revealed when the task becomes demanding (number of
targets to track is high) and individuals require more effort and a higher
level of attentional ability to track multiple targets successfully (e.g.,
dividing attention or shifting rapidly its focus). However, using TEP
sizes from correct trials did not change the overall conclusions. A few
differences in the results are reported and marked in Supplementary
materials, section 8 and 10.

variables in this study). Since the aim of present study was to investigate the effect of individual differences in cognitive abilities on
pupil size, the effect of age on results was examined in the statistical
analysis.
Since dividing a sample into two groups based on median value
decreases statistical power (MacCallum, Zhang, Preacher, & Rucker,
2002), the effect of general cognitive abilities (i.e., WMC and gF), and
overall MOT performance on pretrial and TEP sizes were examined as
covariates in ANCOVAs. However, to make our findings comparable
with the previous studies, in which the median splits of WMC and gF
factors were used, we also ran ANCOVAs with only Age as covariate and
Level of WMC, Level of gF, Level of MOT performance, and Study as
between subject factors. Results are presented in supplementary materials, section 9.
In the correlational analyses, one-tailed significance level was used
when we had prior predictions about the direction of relationships (e.g.,
between WMC and gF), while a two-tailed alpha level was used when
we did not have any prediction and the findings in the literature were
inconsistent (e.g., between TEP sizes and gF or accuracy scores).
Finally, we used JASP (v.0.9) free software (https://jasp-stats.org/) to
obtain a precise likelihood estimate of the’ conclusiveness’ of findings
with Bayesian analyses. For the correlational analysis the prior was
based on the default JASP’s Stretched beta prior width = 1 and the fit
of the data under the null hypothesis was compared with the fit under
the alternative hypothesis.
3. Results
3.1. Behavioral results
3.1.1. Relation between WMC, gF and MOT performance
One-tailed partial correlational analyses, in which the effect of Age
and Study were controlled for, revealed a positive correlation between
WMC and gF scores, r = 0.31, p < 0.001, as expected. However, neither
WMC, nor gF scores correlated with overall accuracy (respectively, r =
0.04, p =0.34; r = 0.12, p = 0.11). We also tested whether WMC
scores correlated with MOT performance only when the task was demanding and subjects needed to track four or five objects simultaneously, but the result did not show any significant relationship (respectively, rload4 = 0.04, p = .35; rload5=-0.02, p=.41). The results
from correlational analyses are presented in the Supplementary materials, Table 3. The descriptive statistics for WMC and gF scores, along
with total accuracy (ACC) in each respective dichotomic group is presented in Supplementary materials, Table 2.

2.6. Statistical analysis
The standard SPSS version 25 (IBM SPSS Statistics for Windows and
for Macintosh, Version 25.0. Armonk, NY: IBM Corp) was used to
analyze the data after checking if the assumptions were met. When the
Sphericity assumption was violated, Greenhouse–Geisser correction
was used and reported. To control for the differences between the
studies, we introduced a between-subjects factor in the variance analyses and partialled out its effect in correlational analyses. Moreover,
aging is one of the factors that strongly mediate individual differences
both in cognitive function (Glisky, 2007), in subjective cost of mental
effort (Westbrook, Kester, & Braver, 2013) and in pupil size (Guillon
et al., 2016), as also found in the present study (Fig. 2, Table 2 and 3 in
Supplementary materials present the correlations of age with all

3.1.2. Effect of load on MOT performance and its interaction with gF and
WMC
Mixed repeated measures ANOVAs were run with Accuracy as
5
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dependent variable, Load (number of targets, 2, 3, 4, 5) as a within
factor, and Level of gF (low & high), Level of WMC, and Level of performance along with Study as between factors. We found a significant
main effect of Load, Greenhouse–Geisser F(2.32, 241.49) = 101.45,
p < 0.001, ηp2 = .49, main effect of Study, F(1, 104) = 5.51, p = .02,
ηp2 = .05, main effect of level of performance, F(1, 113) = 162, 31
p < 0.001, ηp2 = .59, interaction between Load and Level of performance, Greenhouse–Geisser F(2.73, 308,28) = 26.24, p < p < 0.001,
ηp2 = .19, and a weak interaction between Load and Study,
Greenhouse–Geisser F(2.32, 241.49) = 4.20, p < .05, ηp2 = .04.
A one-way ANOVA showed that the mean accuracy at load 4 (p =
.05) and load 5 (p = 0.01) in study 1 was higher than in study 2.
Pairwise comparisons showed a significant difference between all Loads
(all p values < .001) indicating that an increase in the level of Load (i.e.
the number of targets) decreased accuracy. Post hoc analyses showed
that high performers outperformed the low performers in all load
conditions (all p values < .001, Supplementary materials, Fig. 3). There
was no interaction effect between Load × Level of WMC (p = 0.21), or
between Load × Level of gF (p = 0.36, Supplementary materials,
Fig. 3), nor significant main effect of Level of WMC (p = 0.51), or Level
of gF (p = 0.34). After controlling for the effect of Age in ANOCAVs, the
main effect of Study and its interaction with Load were not significant
(p > 0.3).

within subject factor, Study as between subject factor and Age, WMC
and gF scores as covariates. Results showed only a main effect of Age, F
(1, 97) = 15.17, p < 0.001, ηp2 = .13. The main effect of gF (p = .99),
WMC (p = 0.14), and Study (p = 0.91), were not significant. Neither
were the interactions between Load × Age (p = .07), Load × WMC,
Load × gF, or Load × Study significant (p values > .71).
Finally, median split analyses with ANCOVAs, in which only Age
was a covariate and the Level of WMC, Level of gF and Study were
between subject factors, did not show significant difference in pretrial
baselines between high and low WMC individuals, or between individuals with a high and normal level of gF (Supplementary material,
section 9).
3.2.1.2. Relationship between indices of general cognitive abilities and
“CoV” of pretrial baseline pupil size. We ran a one-tailed bivariate
correlation analysis to investigate whether the lower WMC is
associated with greater variability in pretrial baseline pupil size
(Unsworth & Robison, 2015). Results revealed a significant negative
relationship between WMC and coefficient of variation (CoV, r =
−0.24, p = .007; BF10 = 4.56; Fig. 3, left panel). The Bayes Factor
Robustness Check showed moderate evidence for the H1 across a wide
range of prior widths (Fig. 3, right panel).
The relation was also significant after controlling for the effect of
age, r = -.18, p = .03. But when “study” was also added as covariate,
the relation was not significant (r = -.03, p = .36). Finally, as also
observable in Fig. 3 (left panel), there was a participant whose CoV
value (.30) was 7.6 SD (.03) larger than the mean CoV (.07). The
analysis was repeated after filtering out this one value, but the conclusion was the same (r = - .25, p = .004; BF10 = 3.54; rpartial age =
-.19, p = .02; rpartial age & study = -.04, p = .35).
Result from a two-tailed bivariate correlation analysis did not show
a significant relation between gF and CoV of pretrial baselines (r = .07,
p = .22; BF10 = .06). Robustness Check showed strong evidence for the
H0 for a wide range of prior widths (prior: 0–2). Controlling for the
effect of Age and Study (r = .08, p = .44) or filtering out the outlier
value did not change the result (r = .05, p = .30; rpartial = .01, p =
.46).

3.2. Pupillary results
3.2.1. Pretrial baseline pupil sizes
Table 1 presents the descriptive statistics for pretrial baseline pupil
size in individuals with high and low level of WMC, gF, and MOT
performance. Results from the correlational analysis with both baseline
indices are presented in Supplementary materials, Table 2.
3.2.1.1. Relationship between indices of general cognitive abilities and
“mean” pretrial baseline pupil sizes. A bivariate two-tailed correlational
analysis did not show a significant relationship between mean pretrial
baselines and WMC scores (r = .05, p = .58) or gF scores (r = .09, p =
.37). To examine the conclusiveness of findings, we estimated the Bayes
factor (BF10) using a Bayesian Correlation Pairs analysis. The BF10 was
0.17 for the relation with gF scores, and .14 for the relation with WMC,
indicating that data would be 7.14 times (BF01 = 1 / 0.14 = 7.14)
more likely under the null hypothesis (H0) than under the alternative
(H1). The Bayes Factor Robustness Check showed moderate evidence
for the H0 for a wide range of prior width for both relations. Since there
was a negative correlation between mean pretrial baselines and age (r
= -0.34, p < .001), the age effect was controlled along with the effect
of study, but it did not change the conclusion for the relation with WMC
(rpartial = .14, p = .15) or with gF (rpartial = .04, p = .66).
We also examined the main effect of load and the interaction effect
between indices of general cognitive abilities and Load Level on mean
baselines. We ran a mixed repeated measures ANCOVA with Load as

3.2.1.3. Relationship between MOT performance and “mean” pretrial
baseline. Bivariate two-tailed correlational analysis showed a positive
correlation between mean pretrial baselines and total accuracy (r =
.24, p = .01; BF10 = 2.96) along with accuracy at Load 2 (r = .21), 3 (r
= .22) and 4 (r = .27; all p values < .03). However, after controlling
for the effect of Age and Study, the correlations were no longer
significant (all p values > .05).
We also examined the interaction effect between overall MOT performance and Load Level on mean baselines. Results from a mixed repeated measures ANCOVA with Load as within subject factor, Study as
between subject factor, and Age along with overall MOT accuracy as
covariates showed significant main effect of Age, F (1, 109) = 10.28,
p < .002, ηp2 = .09, main effect of overall MOT performance, F(1, 109)
= 4.96, p = .03, ηp2 = .04, and interaction between Load × Age,
Greenhouse-Geisser F (2.77, 301.71) = 2.80, p = .04, ηp2 = .02. The
main effect of Load (p = .14), and Study (p = .27) were not significant,
neither were the interactions between Load × overall Accuracy, or
Load × Study, p values > .38.
The median split analyses with the Level of MOT performance as a
between subject factor did not show a significant difference in mean
baselines between high and low MOT performers (Supplementary material, section 9), neither was interaction between Load and Level of
MOT performance significant.
As mentioned in Section 2.5.3.1, all analyses were repeated using
baselines from the passive condition (Supplementary materials,
Table 2). Using passive baselines did not change the relation between
mean baseline sizes and the indices of general cognitive abilities.
However, the positive relation between passive baselines and overall

Table 1
Descriptive statistics for pretrial baseline pupil size.

WMC group
Low
High
g factor
Low
High
MOT performance
Low
High

N

M

SD

Min - Max (Range)

Mean CoV (SD)

54
53

−.08
.03

1.00
.98

- 2.41–2.92 (5.33)
−2.57 – 2.69 (5.26)

.08 (.04)
.07 (.02)

51
52

−.19
.06

.98
.98

−2.57 – 1.48 (4.05)
−1.61– 2.92 (4.53)

.07 (.03)
.08 (.04)

56
58

−.14
.11

1.02
.95

−.2.57 – 1.79 (4.36)
- 1.61–2.92 (4.53)

.06 (.03)
.08 (.04)

Note. WMC = working memory capacity, gF= g factor, ACC = overall accuracy. M = mean, SD = standard deviation, CoV = mean coefficient of variation.
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Fig. 4. Left: Scatter plot of overall accuracy scores and mean pretrial baseline pupil sizes from passive trials, r = .32. Right: Bayes factor robustness check plot.

accuracy (r = .28, p = .003, BF10 = 12.56; Fig. 4) along with accuracy
scores at load 3 and 4 (r = .31, .29; respectively) were still significant
even after controlling for the effect of Age and Study effects. That is,
those who had larger baseline pupil sizes performed the task better.

measures ANCOVA with Load as within subject factor, Study as between subject factor and Age, WMC and gF scores as covariates. Results
showed only a main effect of Load, Greenhouse-Geisser F(2.16, 209.12)
= 5.39, p = .004, ηp2 = .05. The main effects of gF, WMC, and Study
were not significant. Neither were the interactions between Load ×
Age, Load × WMC, Load × gF, or Load × Study significant, all p values > .12. Results from the median split analyses was the same
(Supplementary material, section 9).

3.2.1.4. Relationship between MOT performance and “CoV” of pretrial
baselines. A two-tailed bivariate correlation analysis did not reveal a
significant relationship between total accuracy and CoV (r = .13, p =
.17; BF10 = .29). Controlling for the effect of Age and Study did not
change the conclusion (r = .04, p = .69). The bivariate analysis was
repeated after filtering out the outlier CoV value, but the conclusion
was still the same (r = .15, p = .11; BF10 = .19).

3.2.2.2. Relationship between MOT performance and mean TEP
size. Partial two-tailed correlation analysis (with controlling for the
effect of Age and Study) revealed positive correlations between TEP
sizes at Load 5 and accuracy scores at Load 2 (r = .23), Load 3 (r =
.25), Load 4 (r = .22), Load 5 (r = .23), and total ACC (r = .26). TEP
sizes did not correlate with age, and examining these relations with
bivariate correlation analysis did not change the conclusions. The same
analyses were conducted with TEP sizes from correct trials. All
correlational results are presented in Supplementary materials,
Table 4. Overall, larger TEP sizes in high demanding trials (Load 5)
was accompanied with higher accuracy in Load 2 and 3, and with
higher total accuracy (MOT performance).
A mixed design ANCOVA, with Age and overall MOT performance
as covariates, and Study as between subject factor, revealed a main
effect of Load, Greenhouse- Geisser corrected F(2.39, 260.45) = 9.19,
p < .001, ηp2 = .08 (without covariates, the effect size of Load was ηp2
= .43). Pairwise comparisons indicated that TEP sizes increased significantly with each increase in the level of Load (all p values were <
.001; Fig. 6). Main effect of Study was also significant, F(1, 109) =
4.31, p = .04, ηp2 = .04. Pairwise comparisons showed that pupil sizes
were larger in study 2 than in study 1 (Mean difference: 1.69 %). Main
effects of MOT performance, F(1, 109) = .09, p = .89, and Age (p =
.89) were not significant. Neither were the interactions between Load

3.2.2. Task-evoked pupil (TEP) size
Fig. 5 illustrates the significant effect of Load on TEP sizes (in
percentage change from baseline) during the tracking period (10 s),
Greenhouse-Geisser corrected F(2.14, 243.76)= 85.24, p < .001, ηp2
= .43, indicating that TEP sizes increased with each increase in the
level of Load (i.e., number of targets, all p values < .001), and after
reaching a peak dilation (around 2 s after tracking onset), it plateaued
until the end of tracking period.
3.2.2.1. Relationship between indices of general cognitive abilities and TEP
sizes. The bivariate two-tailed correlational analysis did not show a
significant relationship between WMC scores and TEP sizes measured in
four Load conditions (all p values > .2), or between g factor scores and
measurements of TEP sizes in any Load condition (all p values > .07).
Controlling for the effect of Age and Study did not change the
conclusions (Supplementary materials, Table 4). We repeated the
same bivariate and partial correlation analysis with TEP sizes in the
correct trials. The conclusions did not change (Supplementary
materials, Table 4).
To examine the interaction effect between indices of general cognitive abilities and Load Level on TEP sizes, we ran a mixed repeated

Fig. 5. Pupil time series. Group averages of the pupil dilations during tracking
period as a function of Load (N = 115). The x-axis represents the tracking
period in milliseconds, y-axis the baseline-corrected pupil size in %. The shaded
area represents SE.

Fig. 6. Mean baseline-corrected task-evoked pupil sizes (%) across four Load
conditions. An interaction effect between Load and level of performance on
pupil size. Figure is made by pupil data from all trials included.
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× Age (p = .43), and Load × Study (p = .22). But the interaction
between Load × overall Accuracy was significant, Greenhouse-Geisser
corrected F(2.39, 260.45) = 19.99, p < .001, ηp2 = .15. The same
patterns of results were found when the Level of MOT performance was
used as between subject factor in median split analysis. Post hoc analyses showed that between Load 4 and 5 there was no significant difference in TEP sizes of low MOT performance group (Supplementary
material, section 9). We also repeated the same mixed-design ANCOVA
with mean TEP sizes from correctly tracked trials. Except that the main
effect of Load was not significant (p = .18), the pattern of results did
not change (see Supplementary material, section 9).
Finally, we ran a multiple linear regression analysis with age, WMC,
gF and total ACC scores as predictors to test if and how much these
variables can predict TEP sizes at Load 5. Only TEP sizes at Load 5 was
considered as the dependent variable because our results indicated that
the effect of level of task performance on task-evoked pupil responses
appears only when the task becomes highly demanding. The results of
the regression indicated that the model was a significant predictor of
TEP sizes at Load 5, F(4, 101) = 3.25, p = .01, and it could explain 12
% of the variance in TEP sizes (R2 = .12). But only overall accuracy
scores could significantly predict the TEP sizes at Load 5 (b = 13.66, β
= .25, p = .02). WMC scores (b = - .11, p = .50), gF scores (b = .79, p
= .11), and age (b = - .02, p = .70) did not contribute to the model
significantly. The same analysis was conducted with TEP sizes at Load 5
when all targets were tracked correctly, but the model was not a significant.

baseline pupil size of 212 participants in another independent study
from our laboratory (Aminihajibashi et al., 2019). Nevertheless, we
found a negative relation between WMC scores and CoV of pretrial
baseline pupil size, consistent with Unsworth and Robison (2015).
However, the relation was not significant when the effect of age and
study were partialled out. According to Unsworth and Robison (2017b),
the greater variability in pretrial pupil sizes of individuals with lower
WMC, compared to those with higher WMC, may indicate that their LC
tonic activity is more variable, which possibly increases the task-off
thinking and lapses of attention. However, we did not find a significant
relation between WMC scores and accuracy scores, which indicates that
the negative relation between WMC and CoV of pretrial baselines did
not influence the task performance. In fact, when the effect of age was
not partialled out, those with higher trial to trial variation in baselines
had better task performance in most demanding conditions (load 4 and
5, Supplementary Table 3).
In contrast, individual differences in pretrial baselines were associated with individual differences in overall MOT performance. That is,
larger pretrial baselines were associated with higher MOT accuracy.
After controlling for the effect of age and study, the correlation between
mean pretrial baseline pupil size and accuracy depended on how the
pretrial baselines were measured. When average pretrial baselines were
extracted only from passive viewing trials, in which there were no designated targets to be held in WM, the positive correlation between
accuracy scores and mean baselines was significant even after controlling for the differences in age and study. It has been proposed that
baseline pupil diameter refers to an overall level of task engagement
(Aston-Jones & Cohen, 2005; Gilzenrat, Nieuwenhuis, Jepma, & Cohen,
2010; Murphy, Robertson, Balsters, & O’connell, 2011) and level of
arousal (Beatty & Lucero-Wagoner, 2000; Sara, 2009). Thus, our finding
may indicate that high MOT performers were generally more aroused
and engaged during the session. However, when the average baselines
were extracted from the tracking trials, the correlation with accuracy
was not significant after partialling out the age effect. This may indicate
that these baselines were more influenced by holding the encoded
targets in the WM (load) than by the level of MOT performance, because results from study 1 showed also that these baselines increased
when the number of designated targets increased to five. These findings
also indicate that the relationship between baselines and cognitive
abilities can be sensitive to how the baselines are defined and measured.

4. Discussion
The aim of present study was to investigate individual differences in
general cognitive abilities (measured by WMC and general intelligence,
i.e., g factor) and overall task (MOT) performance and their respective
relationships to pupil size in healthy individuals, independently or in an
interaction with task demands. Individual differences in pupillary responses are less studied and findings regarding the effect of general
cognitive abilities on baseline and TEP sizes are inconsistent in the
literature (Ahern & Beatty, 1979; Boersma et al., 1970; Crough, 1971;
Heitz et al., 2008; Peavler & Nellis, 1976; Tsukahara et al., 2016;
Unsworth & Robison, 2017b, 2019; van der Meer et al., 2010). The
findings regarding the relationship between general cognitive abilities
and MOT performance is also inconsistent (Medeiros-Ward et al., 2011;
Oksama & Hyona, 2004; Trick et al., 2005; Tullo et al., 2018).
We investigated: 1) whether mean or CoV of pretrial baseline and
mean task-evoked pupil sizes are related to the general cognitive abilities or to the level of task (MOT) performance, and 2) whether such a
(putative) relation depends on the level of task demands. Research
questions were tested using pooled data from two separate studies (total
N = 116) and using two different indices of baseline and TEP sizes
along with controlling for the age and study effects. We also tested the
results with Bayesian analyses to obtain a precise likelihood estimate of
the’ conclusiveness’ of findings.

4.2. Task-evoked pupil sizes
Similar to baselines, results from correlational and variance analysis
did not reveal any significant effect of general cognitive abilities on
mean TEP sizes or on MOT performance. While WMC and gF scores
were positively correlated with each other, none of them had a significant relation with MOT performance, not even at highly demanding
conditions. This is consistent with results from some previous studies, in
which the MOT performance did not relate to WMC (Medeiros-Ward,
et al., 2011) or to fluid intelligence (Oksama & Hyönä, 2004). The pupil
results differed from previous studies that found either a positive or
negative relation between WMC and/or gF and TEP sizes (e.g. Ahern &
Beatty, 1979; Heitz et al., 2008; Tsukahara et al., 2016; Unsworth &
Robison, 2015; van der Meer et al., 2010). Thus, our results cannot be
explained by any of the “resource”, “effort” or “efficiency” accounts
(Ahern & Beatty, 1979; van der Meer et al., 2010) that predict different
patterns of relationships between TEP sizes and fluid intelligence.
To the contrary, individual differences in TEP sizes were related to
the specific level of cognitive abilities (most likely attentional ability)
and specific level of cognitive demands in a specific task. That is, the
group with the higher level of MOT performance showed larger TEP
size than the other group, but only when the task was highly demanding
(tracking five targets) and more mental effort was required. In other
words, our results are consistent with the resource account, but at the

4.1. Pretrial baseline pupil size
In accordance with Boersma et al. (1970) and Unsworth and
Robison (2017a), 2019), results from correlational and variance analysis did not reveal any significant effect of general cognitive abilities
on individual differences in mean baseline pupil sizes. That is, there
were no differences in mean pretrial baselines between individuals with
a high and low (normal) level of WMC or gF score. Thus, our results do
not support findings indicating a positive relation between baseline
(tonic) pupil size and independent indices of general cognitive abilities
like intelligence and WMC (Heitz et al., 2008; Peavler & Nellis, 1976;
Tsukahara et al., 2016; van der Meer et al., 2010). A negative finding
for pretrial baseline pupil size differences in high WMC individuals
seems consistent with our findings from measuring mean pre-task
8
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task level, so that high MOT performers had more task-related resources
available and both showed greater TEP dilations and outperformed low
performers on the most demanding conditions. However, it also seems
that the high performers were also more efficient since when the task
was not demanding (in load 2 and 3), they outperformed the low performers without showing larger pupil sizes. Using different indices for
measuring TEP sizes (i.e., average TEP sizes when trials were tracked
correctly, and average TEP sizes when all trials were included) and
controlling for the differences in age and study did not change the
pattern of results. To our knowledge, the current results are the first
evidence for an interactive effect between the level of load and level of
MOT performance on TEP sizes, which were unrelated to the level of
general cognitive abilities.
Thus, it seems that our result is consistent with the multiple resource
theory (Navon & Gopher, 1979), which proposes that there are multiple
pools of processing resources and individual differences in task-driven
pupil size reflect differing capacity in the relevant pool of resources.
Alternatively, as Kahneman (1973) suggested, there is only a single
processing resource, and these individual differences reflect differing
capacity in local, rather than global, processing “structures”. However,
in this stage, this interpretation is speculative and much more empirical
research is required to test these theories. If the multiple resource
theory holds, then individual differences in pupil responses when performing dual tasks that use non-overlapping modalities for perceptual
input and motor responses should be uncorrelated. Future studies can
investigate these cases.
The present pupillary results also show that individual differences in
TEP sizes are consistent with current definitions of mental effort.
Shenhav et al. (2017) have recently defined mental effort as the
“duration” or the “amount” of top- down active cognitive control that,
depending on individual’s cognitive capacity and task characteristics, is
required to mediate the attainable cognitive performances. Consistently,
our findings show that under high load conditions (e.g., tracking 5
targets simultaneously and referring task characteristics), individuals
with higher MOT capacity have larger pupil size (indicating a higher
amount of mental effort or top-down active cognitive control) accompanied with successful performance. Moreover, TEP sizes revealed individual differences in mental effort that were unrelated to general
cognitive abilities.
Similarly, another recently published study from our lab (MäkiMarttunen et al., 2019) included both pupillometry and fMRI with a
MOT task similar to that used in the present study. However, in addition to the level of load, the number of target-distracting close encounters was also manipulated. Results showed that TEP sizes increased
with an increase in the level of load but not with an increase in the
number of close encounters, suggesting that cognitive workload and
close encounters rely on different physiological mechanisms. Further
individual difference analysis showed an increase in both LC activity
and pupil dilation with load in both levels of close encounters, but only
in high MOT performers. These increases were also associated with
better MOT performance. These findings again suggest that individual
differences in TEP responses are related to individual differences in the
level of MOT capacity and in the task-related neural responses (e.g.
increased LC activity) when the task becomes highly demanding in the
level of load, but not in the level of close encounters.
Effect of cognitive load on both TEP size and accuracy is also consistent with findings from Alnæs et al. (2014), which showed that with
each increase in the level of load (number of targets), accuracy decreased while TEP sizes increased. This is also in accordance with
previous findings showing the effect of task demands and mental effort
(or resource allocation) on TEP sizes (Beatty, 1982; Chiew & Braver,
2013; Hess & Polt, 1964; Just & Carpenter, 1993; Kahneman & Beatty,
1966; Kahneman, 1973; Laeng, Ørbo, Holmlund, & Miozzo, 2011;
Porter, Gilchrist, & Troscianko, 2002; Rondeel, van Steenbergen,
Holland, & van Knippenberg, 2015; Verney, Granholm, & Dionisio,
2001; for reviews see: Eckstein, Guerra-Carrillo, Singley, & Bunge,

2017; Laeng, Sirois, & Gredebäck, 2012; Mathôt, 2018; van der Wel &
van Steenbergen, 2018). At neurobiological level, phasic increases in
TEP sizes are driven by phasic increases in the LC activity, which in
turn, through the release of NE, modulates task engagement, and the
activity and connectivity in other brain areas and networks that are
relevant to the current task (Aston-Jones & Cohen, 2005; Bouret & Sara,
2005).
To summarize, our results suggest that individual differences in TEP
sizes track individuals’ capacity in some of ongoing cognitive processes
that are heavily recruited by the task at hand, especially when the task
becomes highly demanding. Both the level of task ability and level of
task demands might have modulated the amount of mental effort that
were required or invested to perform the task correctly. As stated in the
following 4.3.1 section, this account can accommodate also findings
from other studies.
4.3. Methodological differences
4.3.1. Using similar tests for measuring general cognitive abilities and TEP
sizes
In previous studies (Ahern & Beatty, 1979; Heitz et al., 2008;
Tsukahara et al., 2016; Unsworth & Robison, 2015; van der Meer et al.,
2010), participants were divided into subgroups based on estimates of
fluid intelligence and/or WMC; then the difference in TEP sizes across
groups was investigated during cognitive tasks that were very similar to
the intelligence and WMC tests that were used to test their general
cognitive ability (for a comparison between tests used in different
studies see Supplementary materials, Table 5). However, to investigate
the relationship between general cognitive abilities and individual
differences in baseline and TEP sizes, it would seem optimal to apply
cognitive tasks that that are not very similar or even equal to those
involved in the original gF and WM tasks. Because otherwise it will be
difficult to dissociate the effect of task-related cognitive process, task
engagement, and situational mental effort from the effect of general
cognitive abilities. This dissociation is especially important if the aim is
to draw speculations about the general functioning and connectivity of
LC-NE system in individuals with high general cognitive abilities.
Here, we used the MOT task, in which highly effective performance
may rely more on the cognitive processes (principally sustained and
divided attention) that are different from processes that are heavily
recruited in the tasks used in the other studies (e.g., span tasks, or
mental multiplication problems). MOT capacity seems influenced by a
variety of factors (Alvarez & Cavanagh, 2005; Alvarez & Franconeri,
2007; Bettencourt & Somers, 2009; Feria, 2013; Howe & Holcombe,
2012; Howe, Holcombe, Lapierre, & Cropper, 2013) including individual differences in cognitive factors. For example, Trick, Perl and
Sethi (2005) found age-related differences in MOT performance, indicating that older participants can track fewer independent objects
compared to younger individuals There is also documented impaired
MOT performance in patients with impaired attentional processing like
autism (Koldewyn, Weigelt, Kanwisher, & Jiang, 2013), schizophrenia
(Kelemen, Nagy, & Matyassy, 2007) and unilateral neglect post stroke
(Walle et al., 2018, 2019). Notably, extended practice on similar tasks,
like playing video games (Green & Bavelier, 2006), or specific sport
types (Grushko, Bochaver, & Kasatkin, 2015; Martín, Sfer, D’Urso Villar,
& Barraza, 2017; Qiu et al., 2018) can affect MOT performance and
increases MOT’s target capacity.
Thus, the differences between MOT task and other tests used to
measure individuals’ general cognitive abilities might make it possible
to compare the effect of general abilities vs. specific aspects of attentional skills on individual differences in pupil sizes. Although higher
visuospatial working memory capacity (but not non-spatial span tasks)
can also be relevant for MOT capability (Lapierre, Cropper, & Howe,
2017; Trick, Mutreja, & Hunt, 2012), it was found that this is individuals’ motivation (Medeiros-Ward et al., 2011) and, more importantly, attentional resources (Zhang, Xuan, & Fu, 2007) and
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attentional strategies (Oksama & Hyona, 2016) that are influential
factors for performance, especially at high loads (Doran & Hoffman,
2010).
Moreover, our index of task performance (i.e. the number of successfully tracked targets in 10 s) does not seem to rely on processes that
are highly involved in fluid intelligence (like processing speed) and
non-spatial WMC (like categorical and sequential retrieval). Congruent
with this attentional account of MOT and findings from Oksama and
Hyona (2004) study, MOT performance in the present study did not
have a significant relation with gF or WMC scores, not even at most
demanding conditions. To the contrary, Tullo et al. (2018) found a
positive relation between MOT capability at high load and fluid intelligence (b = 0.14). However, MOT capability was indexed by the
average object speed at which the participant could successfully track
all target objects. Considering that processing speed is one of the important components of fluid intelligence, it may not be unexpected to
find a positive relation between gF and MOT capability when the
average object speed is used to measure performance in MOT. Indeed,
MOT performance at none of load conditions could predict verbal intelligence in their study. This suggests that what drives individual differences in pupil responses does not seem to be related to the differing
capacity in the cognitive processes that are shared between MOT and
general cognitive abilities, unless the MOT performance is measured by
a specific index, like the average object speed at which the participant
successfully track all target objects.
In sum, in the first glance, our pupillary results seem inconsistent
with previous findings. However, considering the high similarity between psychometric tests and the cognitive tasks used in pupillometry
session of these studies, the effect of general cognitive abilities on individual differences in baseline and TEP sizes can, indeed, be considered as an effect of task performance. Then, in accordance with our
findings, the larger TEP sizes in high IQ and/or high span individuals
under cognitively demanding conditions might also refer to the effect of
level of task performance on pupil size (Heitz et al., 2008; Tsukahara
et al., 2016; Unsworth & Robison, 2017b; van der Meer et al., 2010).

recalling 6 items). This result was replicated in Unsworth and Robison
(2015) study, where they used a change detection task both to estimate
individuals’ WMC and to measure pretrial and TEP sizes. However,
there was no significant relationship between mean pretrial baselines
and the estimate of WMC (k), and the effect of WMC on TEP sizes
emerged only when the number of items were above 5. Altogether, it is
doubtful that differences in the measured ‘construct’ between these
tasks caused our results.
Similarly, different methods and tests have been used to measure
participants' fluid intelligence (see Supplementary materials, Table 5).
While we did not find an effect of general intelligence on baseline or
TEP sizes, van der Meer et al. (2010) found effect of group (h-IQ vs. aIQ) on pretrial baselines only in a choice reaction time task (referred to as
easy task), and the main effect of group on TEP sizes only in their more
difficult task (geometric analogies). Further analysis revealed that the
groups differ in TEP sizes only in the most difficult condition of task (η2
= .25). However, Tsukahara et al. (2016) found constantly larger
baselines (d = 1.07) in high intelligence group and a Load * Cognitive
ability interaction effect on TEP sizes, indicating that more intelligent
individuals had larger TEP sizes when memory load increased over 8
items. Finally, Ahern and Beatty (1979) found that the more intelligent
individuals had always (over three task difficulty levels) smaller pupillary responses than the lower scoring individuals.
Again, it is doubtful that all these discrepancies can be explained by
differences in the measured ‘construct’. Scores on WMC, fluid intelligence, and g factor have been found to correlate highly with each
other (Conway et al., 2003; Fukuda et al., 2010; Kane et al., 2005; Kvist
& Gustafsson, 2008). Therefore, any of these constructs should constitute a reliable index of general cognitive abilities. Considering the
relatively strong effect sizes reported in the mentioned studies, using
different tests to measure general cognitive abilities should only have
an influence on the degree of the relationship, not on the presence of it.
However, WMC, fluid intelligence and g factor are not identical constructs (Choi et al., 2008). Therefore, it is still possible that the relationship between baseline and task-evoked pupil size and general
cognitive abilities is complex and possibly sensitive to the characteristics of the tests.

4.3.2. Using different tests for measuring intelligence and WMC
Another issue that may lead to the discrepancy in findings is that the
relationship between the average pupil size and general cognitive
abilities is sensitive to the characteristics of the specific tests that are
used. For example, while we used LNS to measure WMC, an “operationspan task” and three “reading-, operation- and symmetry- span tasks”
were used in, respectively, Heitz et al. (2008), and Tsukahara et al.’s
(2016) study. These span tasks are more complex (Conway et al., 2005)
than LNS, because they require a concurrent information-processing
like solving a mathematical equation. However, LNS and these span
tasks belong to the same class of executive-functioning WM tasks (Perry
et al., 2001). Moreover, LNS has a high correlation (r = .53) with a
composite score of three separate span tasks (i.e., automatic operation
span task, listening span task, modified lag task; Hill et al., 2010), it is
the most widespread measure of WM among European psychologists
and is considered as a reliable index of WMC (Evers et al., 2012). We
note that Tsukahara et al. (2016) found that high WMC participants had
about 1 mm larger baseline and task-evoked pupil sizes than their low
WMC participants. Therefore, it is unlikely that using WMC tests with a
different level of sensitivity can have an influence on the presence,
rather than the degree, of the relationship to the pupil size. More importantly, and similar to our results, Unsworth et al. (2019), using similar (operation, symmetry, and reading) span tasks, did not find a
correlation between WMC and average or variability of resting-state
baseline pupil sizes.
It is also noteworthy that Tsukahara et al. and Heitz et al. both used
span tasks, but unlike Tsukahara et al.’s results, in Heitz et al.’s (2008)
study, the TEP size of high span individuals were larger than low span
individuals only when reward and feedback was added to the experimental design and in one high memory load condition (i.e., when

4.3.3. Differing characteristics of the samples
Another reason for discrepancy and our negative findings may be
that we did not have sufficient variability in WMC and gF scores in our
sample. To evaluate whether our results are comparable to those of the
previous studies, we examined the descriptive information in our and
previous studies. Mean, standard deviation and range of scores are
presented in Supplementary materials, Table 6. The variability in WMC
and gF scores in our sample, although seemingly compressed, was
comparable to variability in other studies. However, we remind that
different tasks have been used in the different studies, and this may
have an effect on how comparable the variability of measurements
across studies are.
Other demographic characteristics of the samples like age range of
participants, cultural differences, personality traits and being student or
not may also lead to differing level of motivation, arousal and pupil
size, especially in individuals with high level of WMC and intelligence,
compared to those with low (normal) capacities, especially in competitive situations like in educational settings, where task engagement and
giving a good impression is highly valued. While participants in the
current study were all ethnically Norwegians between the age of 18–52,
participants in previous studies were mostly students between the age
of 18–35 and from the USA. We note that American students, compared
to European ones, apparently are used to participate routinely to cognitive testing, therefore they may have quite good metacognition of
their abilities and be more engaged (volitionally), especially for those
with higher capacities. Indeed, while testing for the effect of “familiarity with the environment”, Tsukahara et al. (2016) found a significant relationship between being a college student and baseline pupil
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size (r = .28, b = .60).
Several studies have reported the motivational influences on WMC,
pupil size and LC activity (Aston-Jones & Cohen, 2005; Bouret, Ravel, &
Richmond, 2012; Chiew & Braver, 2011, 2014; Heitz et al., 2008;
Hofmeister & Sterpenich, 2015; Krawczyk & D’Esposito, 2013;
Szatkowska, Bogorodzki, Wolak, Marchewka, & Szeszkowski, 2008).
Motivational factors (for example, due to the differences in compensations for their participation) may induce different levels of task engagement and motivation to achieve and, in turn, increase arousal in
these individuals. Interestingly, the mean pretrial baseline pupil size of
the low WMC individuals (M =∼ 5.7 mm) in both previous studies
(Heitz et al., 2008; Tsukahara et al., 2016) appeared to be 1.5 mm
larger than the mean pupil size of low WMC individuals (M = 3.96) in
our sample. Hence, future studies on the current issues should include
participant populations that are different from the standard North
American University samples.
Personality traits can also mediate the relation between cognitive
abilities and (baseline) pupil sizes, leading to discrepancy in results
(Anderson, Colombo, & Unruh, 2013; Liakos & Crisp, 1971; Simpson &
Molloy, 1971; Stelmack & Mendelzys, 1975; Yechiam & Telpaz, 2011;
but also see Unsworth et al., 2019). For example, a recent study
(Karpinski, Kinase Kolb, Tetreault, & Borowski, 2018) found that high
intelligence is a risk factor for psychological and physiological overexcitabilities, accompanied with a higher level of psychological disorders like anxiety and hyperactive sympathetic nervous system among
highly intelligent individuals. Most interestingly, a trait like high need
for cognition was associated with considering mental effort as highly
rewarding (Inzlicht, Shenhav, & Olivola, 2018), which, in turn, leads to
larger pupil size due to higher arousal level and motivation for task
engagement and effort exertion, especially when tasks become highly
demanding and in individuals with higher task related abilities.

Supplementary material related to this article can be found, in the
online version, at doi:https://doi.org/10.1016/j.biopsycho.2020.
107945.
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