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1. Introduction

This chapter is focused on cognitive pupillometry, a set of methods used for
contrasting small perturbations in the surface area of the pupil evoked by cognitive
demands. Cognitive pupillometry historically demanded expertise in optics,
psychophysics, and engineering. Scientists were once compelled to construct their own
elaborate systems for presenting stimuli and measuring pupil responses using analog film
capture with sampling rates of about five images per second. Many of these early systems
involved jury-rigged arrays of pulleys, mirrors, winches, and bite-bars. In contrast,
infrared eyetracking systems are capable of remote recording with sampling rates
exceeding 1000Hz. Much of the hardware used in modern pupillometry is commercially
available and guided by intuitive point-and-click graphical user interfaces. In addition,
researchers now have access to a variety of open source software packages dedicated to
automated processing and statistical analyses of pupillometry data. These advances have
made pupillometry a widely accessible tool whose popularity has extended beyond
esoteric corners of psychophysics to a much broader range of applied cognitive science.
Figure 1 illustrates this trend of exponential growth in citation counts for pupillometry in
PubMed indexed articles across the interval 1960-2020.

Figure 1. PubMed Citation Counts by Year for Pupillometry-related Search Terms
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Researchers unfamiliar with pupillometry may hold naive biases about the
complexity of this measurement tool. After all, pupillary data reflect the dynamics of a
single channel fluctuating relatively slowly over time. How hard can that be? It may be
true that collecting and analyzing raw pupillometry data is not particularly challenging.
However, executing a valid and reliable cognitive pupillometry study is quite difficult.
Our aims here are to introduce methodological challenges and identify solutions to
common pitfalls in experimental design, execution, and analysis of this multifaceted
neurobiological signal.

1.1 Physiological and behavioral indices of pupillary response functions

The morphology of the pupil and the robustness of its response to light are well-
established markers of neurological and ocular pathology. For example, fixed and dilated
pupils are a symptom of brainstem dysfunction incurred in severe head trauma and
disorders of consciousness (Hoffmann et al., 2012; Jennett & Teasdale, 1977; Marmarou
et al., 2007). Pinpoint pupils may indicate acute opiate intoxication or chemical pesticide
exposure (Davies et al., 1975; Larson, 2008; Rengstorff, 1994; Rollins et al., 2014), and
acute anisochoria (i.e., asymmetric pupil size) may suggest the presence of a unilateral
brain tumor or glaucoma (Lam et al., 1987). These conditions highlight the utility of
clinical pupillometry as a tool for inferring disease states within the eye(s) and/or the
brain that guide differential diagnosis and medical management.* Clinical pupillometry
typically involves measurement of macroscale features such as the shape of the pupil or
its responsiveness to light. Many of these characteristics are observable with the naked
eye or using simple handheld magnification (e.g., ophthalmoscope). In the chapter to
follow, we will describe challenges involved in measuring a far more subtle pupillary
response.?

Eckard Hess and James Polt (1960) introduced the English-speaking scientific
community to a new neurophysiological response function. In this study, the authors
filmed the pupils of six adult men and women as they viewed five photographs comprised
of: 1) neutral landscape; 2) baby; 3) mother + baby; 4) partially nude female; 5) partially
nude male. The remarkable finding was that small fluctuations in pupil size (assessed by
% change) were evoked by “interest value” of the stimuli. Female participants showed
the highest peak dilation when viewing the partially nude male photo, whereas male
participants showed the opposite pattern. Crucially, Hess and Polt controlled illuminance
during the experiment. This allowed the authors to isolate a response evoked by cognitive
factors rather than light reflexes. Hess and Polt (1960) touted the far-reaching
implications of this biological signal, and a star was born.

L For reviews of clinical pupillometry and applications see Barbur et al. (2004), Bremner (2009)



Throughout the latter half of the twentieth century, pupillometry research has
gradually shifted focus from more nebulous constructs such as ‘interest level’ to better
operationalized variables such as physiological arousal (Beatty, 1982; Bradley et al.,
2008; Nassar et al., 2012; Peysakhovich et al., 2017). We have since learned that the
human pupil dilates in response to a vast range of cognitive and perceptual challenges,
including memory encoding and retrieval (Goldinger & Papesh, 2012, 2013; Papesh et
al., 2012; Papesh & Goldinger, 2015), effortful listening while perceiving speech in noise
(Kuchinsky et al., 2014; Van Engen & McLaughlin, 2018; Zekveld et al., 2010, 2011,
2014; Zekveld & Kramer, 2014), and difficulty manipulations during mental arithmetic
(Causse et al., 2017). In fact, Tryon (1975) compiled a non-exhaustive list of 23 sources
of pupil variation with the caveat that many more sources of variability lurk beneath the
surface.

1.2 Cognitive pupillometry

Pupillometry experienced a boom throughout the latter half of the twentieth
century. Beatty (1982) coined the term task-evoked pupillary response or TEPR as a
descriptive label for this particular response function. Many researchers have since
adopted this nomenclature, and ‘“TEPR’ remains in common use today. Nevertheless, the
‘TEPR” distinction has not been met with universal acceptance. The ‘task-evoked’
component of the TEPR implies a discrete, exogeneous demand such as detecting a target
word or solving a math problem. Yet, TEPR-like activation can also be observed in the
absence of an external stimulus. Here we will collectively refer to such pupillary
responses using the broader distinction of cognitive pupillometry.

Within the past twenty years, many disciplines including psychophysics,
cognitive psychology, and cognitive neuroscience adopted pupillometry as a go-to tool.
The promise of this technique was that non-invasive measurement of the surface of the
eye could yield a proxy measure of brain activity within noradrenergic brainstem nuclei
such as the locus coeruleus (LC) that modulate tonic and phasic arousal (Aston-Jones &
Cohen, 2005; Gilzenrat et al., 2010; Math6t, 2018; Wang & Munoz, 2015). Coupling
between the pupil and LC has previously been demonstrated within macaque using
combinations of both invasive and non-invasive neurophysiological recording technigques
(Aston-Jones & Cohen, 2005; Joshi et al., 2016). Recent efforts have leveraged
multimodal human neuroimaging with simultaneous pupil recording to elucidate the
functional architecture of the ascending arousal network (Elman et al., 2017; Murphy et
al., 2014; Wainstein et al., 2021).

Cognitive pupillometry experiments typically employ event-related designs
wherein stimuli from two or more conditions are interspersed at jittered intervals.
Consider, for example, a hypothetical experimental design where a psycholinguist wishes
to test her hypothesis that verbs have higher processing demands than nouns in the
context of background noise. She plans to test this hypothesis via a lexical decision
experiment where participants hear nouns, verbs, nonwords, and filler words in the



context of interfering background noise as pupil size is continuously recorded. When she
inspects the raw data, she will see a noisy, possibly non-stationary time series (i.e., rising
or falling baselines) littered with missing and other complex artifacts. Figure 2 illustrates
a raw pupillary time series continuously recorded from the left eye of a single subject in
our own laboratory. In this particular example, the participant heard stimuli
corresponding to two conditions. One condition reflected true statements about the world
(e.q., Paris is the capitol of France.), whereas the other condition involved false
statements about the world matched in length to the true statements (e.g., Paris is the
capitol of Italy). Our aim in this ongoing study is to contrast pupil responses for true and
false statements as a potential screening tool for language comprehension in severe brain
injury. Figure 2 gives the reader a sneak peek at what raw pupillometry data look like
sampled over a single six minute session for one participant. 3

Figure 2. Raw single-subject data in an event-related pupillometry study
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Note: These data reflect a session of a single-subject raw pupil time series sampled from the
participant’s left eye via an Eyelink 1000 Plus eyetracker (1000 Hz sampling rate). The color bar
reflects points in the time series corresponding to event onsets within two experimental
conditions. The experimental conditions involve true or false statements about the world versus
the self.

3 Raw data in pupillometry tend to approximate a hot mess (see Figure 2).



There is great heterogeneity across pupillometry studies as to what constitutes an
event and how to window its subsequent pupil response. In a continuous pupillometry
study, pupil dilation is modeled over an extended response interval such as during mental
arithmetic (Hess & Polt, 1964; Klingner et al., 2011) or during creative problem solving
tasks (Bradshaw, 1968; de Rooij et al., 2018). In contrast, discrete pupillometry involves
time-locking a pupil response to an infinitesimally brief stimulus. This discrete approach
is analogous to deconvolution techniques for analyzing hemodynamic response function
(HRF) (Gitelman et al., 2003). In ERP and fMRI time series analyses, the stimuli are
typically treated as delta functions. All subsequent activation is time-locked to that
particular event onset/offset. This method has allowed researchers to develop
mathematical basis functions for many biological signals. For example, the canonical
HRF has a characteristic wave peaking about six seconds after event onset/offset
followed by a slow decay to baseline after about 16 seconds (Handwerker et al., 2004).

Much remains to be learned about the pupil response function including how its
parameters are impacted by individual differences. However, some of its global features
have gained mainstream acceptance as canonical in nature (Denison et al., 2020). In a
typical pupillometry experiment, researchers contrast pupil change per unit time
normalized to a Omm baseline pupil size. When evoked change in pupil size (Y) is plotted
against time (X), a canonical pupil response function bears resemblance to a time-
compressed HRF or a slightly positively skewed mountain.

This chapter will focus primarily on optimizing study designs to evoke discrete
pupillary response functions. Essentially, the analysis goal of cognitive pupillometry
involves determining whether two or more composite mountains differ from each other.
In the section to follow, we describe complexities, obstacles, and assumptions involved in
the technical challenge of contrasting two composite mountains.

1.3 The two mountain problem: A measurement metaphor

Consider a scenario where you live on a 2-dimensional planet with two prominent
mountain ranges. Figure 3 depicts the Ibis Range and the Hornbill Range. Mountain
climbers flock to the Hornbill Range, whereas the Ibis Range is less frequented. Neither
mountain range has been mapped, nor is it feasible to catalogue the entire population of
mountains. Ibis Tourism Adventures, Inc. has hired you to substantiate their claim that
the Ibis Range has “bigger and better” mountains than the Hornbill Range. Your budget
for undertaking this investigation is enormous, and your client expects a full scientific
report in six months. Where to begin?



Figure 3. The Two Mountain Problem
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You might start with a formal hypothesis test. Your null hypothesis (Ho) is that

the Ibis and Hornbill ranges do not differ. Your alternative hypothesis (Ha) is that Ibis
mountains are on average ‘bigger and better’ than Hornbill Mountains. Your next step is
to operationally define ‘bigger and better’ in a principled manner that promotes both
falsifiability and replication. You settle upon the following measurement parameters for
‘bigger and better’ illustrated in Figure 4:

1.

Base-to-Peak Altitude: ‘Height’ of the mountain at its tallest point normalized for
the initial altitude of the mountain (i.e., raw peak altitude minus raw initial
altitude) (Ymax).

Horizontal Distance to Peak: Horizontal distance from the origin (0,0) to the point
on the x-axis corresponding to the mountain’s peak altitude (Xobs at Ymax).
Horizontal Distance to Baseline: Horizontal distance from the initial rise of the
mountain (0,0) until it descends to baseline or alternatively plateaus.

Average Altitude: The average ‘height’ of the mountain across all x-values
normalized for initial starting altitude (i.e., raw peak altitude minus raw starting
altitude).

Area Under the Curve: Total approximate area of the mountain from initial rise to
return to baseline.

Figure 4. How to Measure a Mountain
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At this point in your investigation, you established a guiding hypothesis,
operationalized an abstract construct (e.g. ‘bigger and better’), and identified a set of
objectively measurable variables. You next devise sampling procedures that will yield
accurate and unbiased estimates of the mountain ranges. GPS-equipped drones and
remote submersibles are soon dispatched to the respective mountain ranges to sample
altitude (y-axis) and global position (x-axis) at many points. Your hope is that extensive
sampling will promote excellent source reconstruction and that your margin of
measurement error will be small. However, these hopes are soon dashed when you learn
of a high rate of equipment loss from winds, snow squalls, and giant squids. Your
recovered data are punctuated by strange artifacts and missingness. What next?

Your next step involves data cleaning with the goal of removing outliers and
imputing missing observations. Once these preprocessing steps are compete, you are now
prepared to statistically evaluate your original hypothesis. You run statistical tests that are
sensitive to autocorrelation (e.g., one point on a mountain is not independent of the
previous point) and overfitting and interpret the results. Your data processing pipeline is
illustrated in Figure 5.

Figure 5. A Data Processing Pipeline for the Two Mountain Problem
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Despite being over 80% submerged, the Ibis Mountains have a higher base-to-
peak altitude and greater total area than Hornbill Mountains. In contrast, Hornbill
Mountains have steeper slopes. You report these findings to your client, and your job is
done. Cogpnitive pupillometry shares many similarities with the Two Mountain Problem.
When modeled as an event-related design, researchers typically examine relative change
in pupil size evoked by discrete events. Each event in a pupillometry experiment
corresponds to an individual mountain in the Two Mountain Problem. Many events
together comprise an experimental condition.

1.4 Expertise and technical specialization in pupillometry
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The engineering challenges of pupillometry are immense. A machine must detect
near microscopic (~0.1mm) fluctuations of a slightly oblong disk simultaneously rotating
within an eye and translating within a head. Hess & Polt (1960) evaluated changes in
pupil size using an analog film camera to photograph the pupil less than five times per
second. The authors then projected the images onto a screen and manually measured their
dimensions. Pupillometry has since evolved an ever more sophisticated suite of hardware
and software solutions for data acquisition. In addition, a number of inspiring teams of
researchers have independently developed comprehensive open source pupillometry
processing pipelines such as GazeR (Geller et al., 2019), CHAP (Hershman et al., 2019),
and pupillometryR (Forbes, 2020). Each of these programs is free, well-supported, and
transparent with respect to their processing and artifact correction algorithms.

Pupillometry has reached a level of sophistication where it is impractical if not
impossible to master all of the nuances of the constituent processes (e.g., digital signal
processing, optics, artifact detection). The good news is that you don’t have to.
Inexpensive eyetracking hardware, supportive user communities, and open source
software have made pupillometry a widely accessible tool. Nevertheless, the benefits of
automation are counterbalanced by a number of pitfalls. There are a great many ways to
conduct a ‘bad’ pupillometry study (Loewenfeld & Lowenstein, 1993), even with
advanced measurement and automated processing tools. Pupillometry is a methodological
minefield with project-sinking danger at all stages from design through experiment
execution and analysis to the global interpretation of results. An experimenter might
spend months meticulously matching stimuli for illuminance and visual complexity only
to overlook key individual differences (e.g., fatigue, substance abuse, motivation) or task-
correlated covariates (e.g., blinks). Many of these sources of error are difficult to detect
and some are impossible to retroactively correct. Biased data or faulty analyses can in
turn support spurious conclusions. To follow, we focus on common threats to validity
during design (before), execution (during), and analysis (after) of your pupillometry
study.

2.0 Before your Pupillometry Study

2.1 Before: Theoretical considerations

Consider content and construct validity when debating the use of pupillometry as
your dependent measure. Validity is typically regarded as a psychometric dimension in
the development of behavioral scales and assessments. Yet, a critical evaluation of
validity can also be a useful exercise in weighing the value of pupillometry as a source of
evidence for your particular research question. Construct validity is the extent to which a
particular tool accurately measures the latent concept it is intended to measure (Cronbach
& Meehl, 1955; Sireci, 1998). For example, a wrongheaded emotion researcher might
operationally define an abstract concept such as ‘happiness’ as ‘the number of steps a
person takes in a day’. This operational definition lends itself to reliable objective
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measurement, but it has no construct validity. In contrast, content validity is the extent to
which an instrument measures all components of a latent construct. A critical evaluation
of validity forces us to answer two key questions:

a) What exactly do we hope to measure?
b) What exactly does pupillometry measure?

Construct validity has special relevance for pupillometry. When a researcher
seeks to assess cognitive load, for example, she should provide a clear operational
definition of this construct. A chronic lack of falsifiable and reproducible operational
definitions has been a major shortcoming in pupillometry. Researchers have shifted the
goalposts over time as to what the cognitive pupil response indexes (e.g., interest level,
cognitive load, cognitive control, mental effort, mental workload, mental activity,
resource allocation, attention changes, executive functioning, effortful mental activity,
phasic arousal, adaptive gain, attentional change). One possibility is that the pupil
responds selectively to each of these constructs and that these orthogonal signals all
bottleneck at the pupil. A more plausible alternative hypothesis is that many of these
constructs load on the same latent factor, i.e., physiological arousal. Thus, the pupillary
system might be agnostic to subtle distinctions between cognitive load and cognitive
control but instead fuels the metabolic demands required by each. In any case,
researchers must consider the multifactorial nature of this neurobiological signal and
exercise appropriate caution regarding the certainty of their inferences.

Pupillometry is typically used for confirmatory hypothesis testing. For example,
in a study of listening effort and speech intelligibility, Zekveld and Kramer (2014)
hypothesized that, “pupil dilation would be largest at medium intelligibility levels, and
smaller in both easy conditions and in extremely difficult listening conditions resulting in
cognitive overload”. In this particular design, the null hypothesis (Ho) is that pupil
dilation will not differ across the listening conditions. The importance of a clearly stated
set of falsifiable hypotheses cannot be overstated. In the Zekveld and Kramer (2014)
study, the independent variable was speech intelligibility, and the authors manipulated
speech intelligibility by modulating the signal-to-noise ratio. From a philosophical
standpoint, this is an outstanding manipulation because it is both content-valid and
construct-valid.

Rigorous design in pupillometry should include formal hypothesis tests and
validity checks. In an ideal world, experiment planning should also include principled
stopping rules and well-justified sample size estimates. Power estimation remains a
lacuna in pupillometry, however. Heterogeneity in measurement scales across different
studies (e.g., pixels, arbitrary units, mm) and the lack of an extensive database of age-
stratified norms has left researchers with few options other than to plan sample sizes by
mimicking previous studies.
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2.2.  Before: Methodological Considerations

Numerous trait- and state-level individual differences moderate the cognitive
pupil response. Trait variables known to impact pupillometry tend to remain relatively
stable or evolve slowly over time (e.g., age, attention deficit disorder, memory span). In
contrast, state factors involve behaviors which rapidly change in response to specific
conditions (e.g., exaggerated startle reflexes to sudden sounds, agitation after consuming
caffeine, migraine headache, etc.). Individual differences pose unique threats to validity
especially when studying clinical populations whose levels of arousal, fatigue, motor
coordination, affect, motivation, and other neurocognitive abilities fluctuate throughout
the course of a day or on idiosyncratic medication dosage schedules. Thus, conducting a
valid pupillometry study among special populations requires exhaustive consideration of
a wide range of etiology-specific anatomical and neurobehavioral characteristics.* To
follow, we focus on broad considerations for conducting cognitive pupillometry among
neurotypical adults.

2.2.1 Before: Considering Trait-Level Individual Differences

Trait-level individual differences are sometimes the focus of pupillometry. For
example, Tsukahura and colleagues reported significant correlations between baseline
pupil size and fluid intelligence (a trait-level factor) (Tsukahara et al., 2016; Tsukahara &
Engle, 2021). However, individual differences in trait-level variability are more often
considered as ‘noise’ or obstacles toward the aim of making clean inferences about a
particular experimental manipulation. A common method of controlling for trait-level
differences involves specifying inclusion/exclusion criteria.

Age is trait-level variable known to influence the pupillary response. The levator
muscles within our eyelids may stretch and weaken with age causing our eyelids to droop
(Finsterer, 2003; Friedman, 2005). This phenomenon, known as ptosis, can present a
conundrum for eyetracking especially for researchers who are unaware of it. In our own
experience, eyetrackers tend to omit many observations and often misattribute ptosis to
blink artifact. Correcting for ptosis during an experiment might involve simple steps such
as recording from the less droopy eye or asking participants to open their eyes as widely
as possible.

Another trait-level factor associated with aging is smaller baseline pupil size
(Kim et al., 2000; Morris et al., 1997; Van Gerven et al., 2004). It remains an open
question whether the amplitude of evoked pupil responses from this reduced baseline is
dampened in aging. Some studies have reported higher task-evoked dilation for older
adults (Piquado et al., 2010), whereas others have reported the opposite phenomenon

4 For recent representative pupillometric studies in neuropsychiatric disorders see Burley,
Snowden, & Gray (2019), Kries, Zhang, Moritz, & Pfuhl (2021), and Schneider, Leuchs, Czisch,
Samann, & Spoormaker (2018).
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(Gerven et al., 2004), an issue which also depends on the statistical approach taken
(McLaughlin et al., 2021). In any case, researchers should be cautious when conducting
between-subjects contrasts such as younger vs. older adults because their canonical pupil
response functions likely differ in ways that are not yet fully understood.

Many pupillometry studies among neurotypical adults use a common set of
exclusion criteria for trait-level factors. These include the presence of sensory deficits
(e.g., sensorineural hearing loss), a history of neurodevelopmental disorders (e.g.,
dyslexia, specific language impairment, attention deficit disorder), ocular disease or
trauma (e.g., cataracts), and neurological disorders (e.g., traumatic brain injury, stroke).
Pupillometry researchers typically do not control for handedness as a proxy measure for
language lateralization since it is assumed that the cognitive pupillary response is coupled
across both eyes. Some researchers do, however, control for bilingualism. This decision
tends to be motivated (however implicitly) by the need to control for the additional
processing demands imposed by language proficiency and/or code switching.

Researchers interested in testing neurotypical participants have several options for
confirming roughly normal global cognition. The first option involves asking participants
to identify whether they have a history of learning disability or neurological disorder. It is
also helpful to ask participants if they are currently experiencing difficulties in memory,
language, or concentration. Although self-report can be expedient, it has limitations with
respect to sensitivity and specificity. Participants might be unaware that they are
experiencing declines in cognition (e.g., mild cognitive impairment), or they might fear
stigma of disclosing an impairment.

A more rigorous alternative to self-report involves formally assessing global
cognition using a standardized neuropsychological screening tool such as the Montreal
Cognitive Assessment (MoCA) (Nasreddine et al., 2005) or the Mini Mental State
Examination (MMSE) (Folstein et al., 1975). There are advantages and disadvantages to
confirming normal cognition using a standardized measure. First, specificity is
problematic for the MoCA because this particular measure tends to misclassify older
African American adults as cognitively impaired with high false positive rates (Rossetti
et al., 2017; Zahodne et al., 2017). As a consequence, your well-intended screening tool
could introduce cultural and/or racial bias by screening out particular group(s) of people
whose inclusion is essential for promoting representativeness.

Another ethical consideration involves follow-up for people who fail a cognitive
screen. A common and significant fear in middle-aged and older-adults is memory loss
and the onset of dementia (Kessler et al., 2012). Experimenters rarely consider the impact
that being disqualified from a study might cause. Researchers should plan for this
contingency and encourage participants to discuss subjective memory complaints with
their primary care provider. In addition, we have found it helpful to provide people with
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concrete resources such as contact information for helplines (e.g., Alzheimer’s
Association) and university clinics where they might receive free or low-cost treatment.®

2.2.2 Before: Considering State-Level Individual Differences

A dedicated pupillometry researcher must consider many state-level individual
differences. People experience normal fluctuations in mood, arousal, and motivation
throughout the day. These daily fluctuations are nested within longer cycles of maturation
playing out over months and years. Some of this variability is predictable. For example, a
pupillometry study conducted among college students at exam time is likely to involve
elevated stress, sleeplessness, fatigue, and anxiety that could contaminate your results.
Similarly, time of testing may play a significant role in the performance of people with
insomnia. Although it is impossible to assess all possible trait-level factors, a useful
strategy is to consider factors that impact a person’s ability to intensely concentrate for a
prolonged duration (e.g., alertness, fatigue, motivation, drug effects).

Wakefulness is an important consideration for planning the length and timing of a
pupillometry study. Drowsiness produces an abnormal pattern of pupil oscillation known
as hippus (Ludtke et al., 1998; Wilhelm et al., 1998). Moreover, sleep-deprived
participants tend to demonstrate decreased pupil diameters (Morad et al., 2000) and
diminished pupillary light reflexes (Lowenstein et al., 1963) due to diminished
sympathetic and parasympathetic innervation of the pupillary muscles. Possible methods
for counteracting fatigue include structuring relatively brief testing sessions along with
regular interaction from the experimenters. This performance boost might at least in part
be attributable to the ‘good-subject effect’, the tendency for a person to perform better
when seeking tacit approval from an observer (Nichols & Maner, 2008).

Many of us respond to unpleasant states by self-medicating. For example, people
might counter headache pain with ibuprofen, fatigue with caffeine, and intermittent
allergy symptoms with antihistamines. Each of these states (e.g., pain, fatigue, dry eyes)
that originally motivated us to medicate can influence pupillary responses in isolation. In
addition, drugs commonly used to treat these states also impact the pupil response, either
through direct or indirect pathways. One example of a direct effect on pupillary behavior
involves the action of anticholinergic medications such as diphenhydramine (a common
ingredient in Benadryl and Nyquil) on the sphincter muscles of the iris resulting in
dilation (mydriasis) (Harris et al., 1946; Jaanus, 1992). The same anticholinergic drug
may produce indirect effects on the pupil response by inducing drowsiness. Thus, people
who take common antihistamines to cope with allergy symptoms before a pupillometry
study may experience unintended side effects such as drowsiness and over-dilated pupils.
Other ‘red flags’ for state-induced pharmacological effects in pupillometry include opiate
or ethanol intoxication (Larson, 2008).

5 This is important! Please contact the first author (reillyj@temple.edu) if he can assist with your efforts.
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The range of pharmacological effects on nervous system function are substantial.
Banning a drug such as caffeine solves one problem (e.g., no participants consumed
caffeine) while creating an arguably worse problem (e.g., some participants experience
early symptoms of withdrawal) (O’Shea & Moran, 2018). There is no clear guidance on
how to approach the issue of pharmacological effects in pupillometry. Many researchers
pursue a more pragmatic approach to drug exclusions. Participants are typically excluded
if they are sedated and/or exhibiting altered mental status at the time of testing regardless
of the drug or psychological/neurological etiology.

Other state-level factors are linked to stimulus anticipation and test anxiety. Some of
these factors can be directly observed. For example, people may bite their lips, blink, or
produce extraneous motor movements correlated with the onset of events. Some of these
behaviors may be ameliorated by interacting with participants and adding a sufficient
number of feedback-based training trials prior to conducting the true experiment. In our
own experience, asking participants if they have questions or concerns, and how we can
make them feel comfortable tends to put them at ease. These interactions and frequent
check-ins can in turn result in better retention and higher data quality.

A final consideration that is often overlooked is how the task-evoked pupil response
changes over the course of an experiment. Figure 6 shows model fits to pupil response
throughout an experiment (D. McLaughlin, personal communication). The change from
baseline is biggest in the beginning of the experiment, and smallest at the end. This
change may reflect fatigue, habituation to the experimental paradigm, changes in tonic
pupil response, or some combination of these factors. Regardless of the underlying
cause(s), from a practical perspective, a response that diminishes over time is a challenge
for studies in which changes in cognitive effort are of interest (for example, a perceptual
learning or training study). Equally distributing experimental conditions throughout the
experiment is also important, so that time is not confounded with experiment condition (if
Condition A always comes first, and Condition B always last, a smaller response in
Condition B might be due to changes in effort or simply because it occurs later, and later
responses are smaller). Statistically accounting for time may provide better model fits and
greater sensitivity to effects of interest.

Figure 6. Changes in task-evoked pupil response over the course of an experiment
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2.2.2 Before: Considering Environmental Factors

‘Let there be well-controlled light’ should be the mantra of pupillometry. The
pupillary system is highly photosensitive, and the dynamic range of pupillary dilation and
constriction in response to light is hundreds of times larger than the magnitude of the
cognitive pupil response. As such, uncontrolled luminance in the testing room and
variable luminance contours within the stimuli themselves can easily eclipse the
cognitive pupil response.

Recording pupillary data in extremely dark or intensely bright lighting conditions
presents substantial challenges. Most pupillometry studies do not assess the full dynamic
range of pupillary dilation and constriction. Instead, a more common laboratory setup
involves testing participants who are seated at a computer monitor under fluorescent
lighting. Winn and colleagues (2018) recommended maintaining ambient light intensities
between 10 and 200 lux. Handheld light meters are inexpensive but essential tools for
ensuring that light intensities fall within acceptable ranges. In addition to a moderate
range of intensity, researchers should strive for relatively static lighting conditions over
the course of an experiment. Testing in a windowless room can help attenuate
idiosyncratic light and shadow. In our own lab, we test participants in a sound attenuated
booth with blackout film covering the single window. Once the door to the sound booth is
sealed, the only ambient light source is the computer monitor.

In addition to ambient lighting in the testing room, it is essential to control for
systematic differences in the stimuli. For example, photographs of objects in one
condition might simply be darker than another condition (e.g., snowy scenes vs. forest
scenes). In this particular example, an experimenter interested in executive demands
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would almost certainly expect to encounter higher evoked pupil dilation when people
view photographs of dark forests. However, they could not attribute this response to the
variable of interest (executive function). We can only be sure that the participants’ pupils
dilated more to forests because forest scenes tend to be darker than snowy scenes. Tools
such as the SHINE toolbox for MATLAB (Willenbockel et al., 2010) are helpful for
matching visual stimuli on luminance and other relevant variables (e.g., complexity).

Another method of controlling for systematic differences in luminance across two
stimulus conditions is to avoid visual presentation altogether. Participants in our own
pupillometry research hear stimuli (e.g., pure tones, curse words) while viewing a static
gray background against which they view a central fixation cross (Reilly et al., 2018,
2020). Auditory presentation circumvents some visual confounds (luminance,
accommodation), but it is not a panacea. Sudden loud, novel, and/or frightening stimuli
are capable of triggering startle responses (Davis, 1984). Startle reflexes tend to be
conserved across other mammals, and they are thought to represent an adaptation for
promoting rapid escape (withdrawal) while protecting the eyes and neck (Geyer &
Swerdlow, 1998) Moreover, control of central visual fixation remains crucial even in an
auditory-only paradigm.

Researchers must also consider idiosyncratic factors unique to their own
laboratories when planning their studies. Computer hardware and software constraints
(e.g., sound/graphic cards, headphones, RAM) often impact the reliability of stimulus
timing, buffering, and presentation. Anti-virus programs, firewalls, and automatic
software updates can initiate unpredictably, resulting in heartbreaking data loss. In a busy
lab with several different ongoing projects, experimenters often change software settings
or switch peripherals (button boxes, joysticks). Participants themselves may be tempted
to touch or adjust the monitor or infrared eyetracking sensor. Of course there is no way to
plan for every possible contingency. Steps such as disabling computer updates and
conducting pre-experiment diagnostics during pilot testing are integral for identifying and
preventing many such issues.

2.2.3 Before: The Importance of Baselines

Pupillometry researchers are typically most interested in absolute change relative
to some baseline. In a non-stationary time series, the baseline amplitude changes over
time. Therefore, it is necessary to correct for the starting amplitude of each trial in order
to eventually contrast the magnitude of evoked change from a uniform standard (Omm).
Researchers have historically applied many different baseline correction techniques
including non-linear corrections (% change) which assess relative change. Our laboratory
empirically tested whether the pupil response scales linearly or non-linearly from
different baseline amplitudes (Reilly et al., 2018). We manipulated baseline pupil
amplitude by having participants complete tasks with comparable executive demands
(e.g., counting pure tones) while situated in either dark or bright light. We discovered that
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the pupil tends to scale linearly across different baselines and that subtractive scaling is
warranted (e.g., Change — Baseline) (see also Mathot et al., 2018).

Event-related pupillometry is almost always concerned with relative change in
pupil amplitude from a neutral baseline. It is crucial to include a sufficient number of
trials with their own baselines. A baseline period during an inter-trial interval should have
no task demands. Its raison d’etre is to allow the pupil to settle into a steady state before
the next event is initiated. In our own research, we tend to jitter inter-trial intervals so that
event timing is slightly eccentric. During these intervals, participants view a static screen
with a centrally positioned attention fixation cross. We later extract a 500 ms window of
pupil size immediately preceding each event for use as that event’s unique baseline, a
point we will revisit in the analysis section later in the chapter. When designing your own
study, mind your baselines.

2.2.4 Before: Be Prepared and Make Principled Decisions

Technicians must cope with numerous demands during an experiment, including
monitoring the participant’s wellbeing, troubleshooting technical issues, and ensuring
that the experiment is proceeding as planned. Optimizing and standardizing eyetracker
settings (e.g., sampling rate, which eye to sample from) beforehand will minimize the
number of free parameters that will go wrong on testing day. Do not rely on the default
settings of your eyetracker. Principled choices must be made before your study.

An often neglected step in planning involves ensuring that your measurement
scale promotes replication. Some eyetrackers record pupil dimensions using arbitrary
units or pixels, whereas other systems report pupil size using a standard metric scale (mm
or mm?). Please report pupil dimensions (diameter or area) in metric units. Since the
pupil does not appear to scale non-linearly, measurements of % change from an arbitrary
baseline (e.g., 8753 arbitrary units or 7653 pixels) are neither reproducible, nor
particularly interpretable (Reilly et al., 2018) . In contrast, reporting evoked change in
millimeters facilitates replication efforts across any eyetracking system.®

Another fundamental consideration is how researchers should report pupil size.
Studies perhaps most often report evoked pupil change in terms of pupil diameter. The
validity of pupil diameter is premised on the assumption that the human eye is roughly
spherical and that on-center measurement of the pupil approximates a flat disc. This
assumption justifies a simple transformation between diameter and surface area (r X d).
In reality, the human eye is slightly aspherical (Binda et al., 2013; Laeng et al., 2011).

6 Conversion from arbitrary units or pixels to mm can be achieved by measuring a known reference such as an artificial
eyeball. Our laboratory had no idea where to acquire an artificial eyeball, so we recorded diameter (in arbitrary units)
of several black dots printed on cardstock and taped to eyeglasses at a fixed distance of 60 cm from the sensor. Prior to
tracking the dots, we confirmed their diameters (e.g., 3mm, 4mm, 5mm, 6mm) using a measurement caliper. See your
eyetracker’s documentation for a recommended conversion technique. Sometimes this is a matter of simply checking a
box for mm as preferred output.
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Another principled decision involves determining an appropriate sampling rate.
Hess and Polt (1960) sampled about four times a second, whereas many eyetracking
systems today sample in excess of 1000 Hz. There is no consensus as to what constitutes
either an optimal sampling rate or thresholds for reliable minima/maxima. A general
principle borrowed from digital signal processing is that higher sampling rates yield
better source reconstruction. Nevertheless, a sampling rate of 1000 Hz may be
unnecessarily high for reconstructing the pupillary response function. Higher sampling
rates are not always ‘better’ in that oversampling can incur costs both in terms of data
proliferation and model overfitting. Researchers must balance these costs/benefits in
selecting a sampling rate. Option 1 (not recommended) is to rely on the default sampling
rate for your eyetracker and hope for the best. Option 2 is to reduce the default sampling
rate and acquire data at a more plausible rate of biological change (e.g., 1000Hz to
250Hz). Option 3 is to downsample the raw data after acquisition through procedures
such as binning. Option 4 is to retain all of the original data (e.g., 3000 observations per
3000ms event) and analyze evoked change using growth curve modeling, being cautious
to avoid overfitting (Mirman, 2014).

3. During your Pupillometry Study

You have settled on a sampling rate and measurement scale that will promote
replication. You have successfully screened and consented your participant who is
comfortably positioned in a chinrest. You have cycled through your custom “pre-flight”
checklist and ensured that all eyetracking settings are accurate as planned. It’s go time!
This section will cover considerations for ensuring high quality data collection during a
pupillometry study.

3.1. During: Minimize Movement Artifacts

Analog film capture during the early days of pupillometry required rigid and
prolonged head stabilization. Many remote infrared eyetrackers today are capable of
recording data without any head stabilization whatsoever. Advances in motion
compensation have yielded unprecedented flexibility in testing populations for whom
head stabilization or restraint is impossible. Nevertheless, remote eyetracking is not
without cost in terms of sacrificing data quality. Researchers must continue to minimize
head motion as much as possible. An ophthalmological chinrest seems to represent a
reasonable compromise between no head stabilization and A Clockwork Orange style
restraint system. Many chinrests clamp to the side of a desk or table. If times are hard,
you can even 3D print your own chinrest (Murphy, 2019) https://github.com/nimh-
nif/SCNI_Toolbar/wiki/RestEasy:-An-open-source-chin-rest-for-human-psychophysics-
experiments).

Gaze tracking studies are typically designed to analyze patterns of visual fixation
and saccade dynamics as our eyes move across a screen. These large eye movements are



https://github.com/nimh-nif/SCNI_Toolbar/wiki/RestEasy:-An-open-source-chin-rest-for-human-psychophysics-experiments
https://github.com/nimh-nif/SCNI_Toolbar/wiki/RestEasy:-An-open-source-chin-rest-for-human-psychophysics-experiments
https://github.com/nimh-nif/SCNI_Toolbar/wiki/RestEasy:-An-open-source-chin-rest-for-human-psychophysics-experiments

20

antithetical to pupillometry where design must minimize pupil foreshortening artifacts.
That is, the most precise measurement of the pupil occurs while our eyes remain centrally
fixated. Stimuli presented at larger visual angles tend to result in unreliable estimates of
pupil size because the pupil is no longer spherical at oblique angles. Although several
corrections have been proposed (Gagl et al., 2011; Brisson et al., 2013; Hayes & Petrov,
2016), there are also practical steps to minimizing peripheral eye movements. Visual
stimuli should be presented centrally and within a narrow visual angle. Allow participants
frequent breaks and ensure that they are engaged with the task (i.e., mind wandering =
gaze wandering).

3.2. During: Minimize Fatigue and Maximize Engagement

Many of us find our own research fascinating. Fewer of us consider how boring
our experiments might be for participants. Boringness is not a trivial consideration for
data quality in pupillometry due to the pupillary system’s sensitivity to an interaction
between cognitive effort, arousal, and reward motivation (Aston-Jones & Cohen, 2005;
Gilzenrat et al., 2010). Boring and repetitive tasks that tax sustained attention can induce
fatigue and ultimately task disengagement (Granholm et al., 1996). When participants
disengage from a demanding task and enter a resting state, they typically show a
corresponding reduction (or absence) of task-evoked pupil dilation (Franklin et al., 2013).

Participants disengage for many reasons during an experiment. A common cause
is when task demands exceed cognitive capacities. One of the earliest and most robust
confirmations of this phenomenon was reported for memory encoding in immediate serial
recall of digits (Beatty & Kahneman, 1966). Several studies in the subsequent decades
have replicated this effect (Johnson et al., 2014), confirming that when memory load, as
indexed by list length, is manipulated, participants show systematically larger pupil
dilation during encoding as list lengths grow (e.g., to a length of approximately 7 digits)
until maximum span of immediate recall (e.g., N=9 digits) is surpassed. That is, once
participants disengage from the problem, pupil amplitude ceases to increase. A researcher
who only considers the raw data might come to the erroneous conclusion that challenging
math problems are no more demanding than simple math problems.

Another possible cause of disengagement is motivation. If there is no intrinsic
reward to the participant, she might not care enough to invest her full effort. When
participants are left alone in a testing room and exposed to long runs of boring stimuli,
one can hardly blame them. Regardless of intrinsic motivation, keep sessions brief and
provide ample breaks. For projects that require multiple testing sessions for the same
participant dispersed over different days, consider scheduling each visit for roughly the
same time if possible (see also Veneman et al., 2013). This will reduce potential
confounds associated with normal fluctuations in arousal people experience throughout
the day.

4.0 After your Pupillometry Study: What Next?
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Meticulous planning and solid execution have gifted you with useable data.
However, even under the best circumstances your data will require substantial
preprocessing before statistical contrasts are possible. The section to follow covers steps
in transforming a noisy raw time series into a series of smoothed, aggregated mountains.
Data cleaning and analysis in pupillometry represents a dynamic area of methods
development. To follow, we focus on some of the major considerations in developing a
customized data processing and analysis pipeline.

4.1 After: Data inspection and Outlier Identification

Inspect your raw pupillometry data. Then inspect it again. Your output should
include event codes (e.g., trial number), timestamps, and pupil size data at a bare
minimum. Since you are most likely human, your ability to detect subtle trends within
hundreds of thousands of numbers is probably limited. Plot your raw data as an
uncorrected time series. Visual inspection of each session and every participant is
essential for identifying both global and local artifacts.

One advantage that pupillometry researchers have is that the pupil’s approximate
dynamic range has known anatomical constraints. The human pupil diameter varies
between approximately 2.0 mm and 9.0 mm in extremely bright and dark lighting
conditions (Loewenfeld & Lowenstein, 1993; Wang & Munoz, 2015). Observations
falling outside of this dynamic range are anatomically impossible and must, therefore,
reflect artifact. These thresholds provide benchmarks for blink detection. When the eyelid
briefly occludes the pupil during a blink, eyetrackers typically record pupil size as rapidly
dropping to 0 mm. An abnormally high rate of constriction coupled with complete
occlusion together indicate the presence of a blink (Hershman et al., 2018, 2019).
Innovative methods of blink correction involve both detection of the blink event and the
removal of ‘pathological’ observations preceding and following the blink. Blinks are not
the only cause of signal dropout. People sneeze, cough, and look away from the infrared
sensor when distracted. Each of these artifacts produce gaps in an otherwise continuous
time series. In the next section we outline several techniques for filling these gaps.

4.2. After: Random vs, Systematic Data Missingness

Consider yet another scenario. You are an exterminator hired by a statistician to
evaluate termite damage on a staircase. You must supply a damage report, but your client
is also curious whether the damage is systematic or random. Your pest removal training
has not prepared you well for this moment, but you reason that a random termite attack
would result in a roughly uniform distribution of termite damage across the entire
staircase. In contrast, a systematic attack would involve focal or concentrated attacks on
specific subsections of the staircase. Staircases and pupillary time series both exemplify
systems that can tolerate more random than systematic missingness. Pupillometry
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researchers must accordingly consider both the source and extent of randomness within
their data.

Intermittent coughing, sneezing, or unscheduled fire alarms likely constitute more
random than systematic error. In a well-powered design, random missingness should not
bias one condition over another because random noise is absorbed evenly across all
experimental conditions. Similarly, the structural integrity of a staircase can survive more
diffuse than focal (systematic) termite damage. Random signal dropout does, however,
have limits. When termites decimate enough wood, the entire staircase is susceptible to
collapse. Similarly, pupillary time series that require extensive imputation are subject to
bias. There is no universal standard for a threshold of random data loss in pupillometry.

Non-random or systematic missingness can be especially difficult to control. Two
common systematic artifacts include mental imagery and blinks. When people are
engaged in spatial problem solving and/or visual imagery, their eye movements and pupil
dynamics are both impacted (Grant & Spivey, 2003; Just & Carpenter, 1985; Laeng &
Sulutvedt, 2014; Mathét et al., 2017; Thomas & Lleras, 2007; Zavagno et al., 2017).
When people engage in mental rotation or other complex working memory tasks, they
experience changes in pupil size along with idiosyncratic eye movements. These
perturbations are likely the result of perceptual simulation (i.e., visual imagery) rather
than cognitive load. Researchers should be aware of these confounding effects when
considering inferential validity.

Blinks represent another complex artifact in pupillometry. The frequency and
duration of blinks are strongly correlated with task demands (Siegle et al., 2008) and
blink rate provides a complementary index of cognitive load in its own right (Chen &
Epps, 2014; Recarte et al., 2008). Although a well-designed pupillometry study should
seek to minimize blink artifact, blinks are inevitable. In the section to follow, we discuss
methods for correcting blinks and considerations for preventing blinks.

4.3. Artifact Detection

Even after careful planning and controlling for systematic error, your raw
pupillary data will benefit from cleaning (Math6t, 2018). As individual laboratories gain
experience with cognitive pupillometry, many develop their own custom cleaning
pipelines. Although these approaches differ in some respects such as the order of
operations, they also share commonalities including artifact detection, imputation of
missing values, and baseline correction.

One of the first steps in cleaning a raw pupillary time series involves filtering
impossibly high and low values for raw pupil size and rate of change (i.e., acceleration).
A simple approach to gross artifact rejection involves applying a bandpass filter to the
raw pupil time series using known anatomical constraints on the dynamic range of the
human pupil. For example, a bandpass filter with lower and upper bounds of 2 mm and 9
mm respectively will omit both impossibly low and high observations outside the known
dynamic range of the pupil. Mind the distinction between missing values and zero when
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applying filters or other artifact rejection procedures, When participants close their eyes
or look away from an infrared sensor, eyetrackers often register a rapid drop in pupil size
to 0 mm. Since no pupil has a 0 mm diameter, impossible observations must be omitted.
Marking these data as missing (e.g., NA) is necessary for data imputation.

Some pupillometry artifacts are more subtle and will likely survive a bandpass
filter. These artifacts necessitate special detection and correction techniques. Blinks
compromise data acquisition both while the eyelid has completely occluded the pupil (all
0 mm observations) but also during the intervals surrounding the blink when the eyelid is
closing and re-opening. A simple blink artifact rejection requires both replacing 0 mm
observations with NA but also replacing leading and following observations within a
temporal window surrounding the blink (Geller et al., 2019),. Blinks represent one such
case where researchers have proposed artifact detection algorithms (Hershman et al.,
2018; Kret & Sjak-Shie, 2019). The idea behind this correction approach is that the blink
and the intervals surrounding the blink can be identified through a change in dilation
speed (Kret & Sjak-Shie, 2019) or monotonic pattern (Hershman et al., 2018). Blink
correction is built in to programs such as GazeR (Geller et al., 2019), CHAP (Hershman
etal., 2019).

Recall that pupil measurement can deform when the eye rotates at oblique angles
(Brisson et al., 2013; Gagl et al., 2011; Hayes & Petrov, 2016). These pupil
foreshortening artifacts are not always detectable upon visual inspection of a raw pupil
time series. Although complex mathematical corrections exist for off-center gaze,
stimulus arrays should minimize visual angle as much as possible.

4.2 Making things whole again: Data imputation

Avrtifact rejection produces gaps in an otherwise continuous univariate time series.
The purpose of imputation is to replace these missing values with reasonable estimates of
what might have been. Pupillometry as a univariate time series represents a unique
challenge for imputation. Since pupillary data are autocorrelated, the most accurate
estimate of any missing observation can be derived by looking to its neighbors. For
example, my best forecast of the high temperature in Philadelphia tomorrow is derived by
the high temperature in Philadelphia today + a small fudge factor. Single imputation
techniques employed in randomly sampled datasets (e.g., replacing missing values with
sample means or medians) are inappropriate for estimating missing values because of
non-independence between successive observations. Pupillometry researchers typically
approach the imputation problem by applying various forms of interpolation (e.g., linear,
spline) over their datasets.

The general idea of interpolation (e.g. linear, cubic, spline) is that gaps in a non-
continuous time series are estimated by ‘connecting’ the datapoints which endcap each
side of the gap. The most simple type of interpolation (i.e., linear) involves plotting a
straight line between endpoints and distributing all missing point estimates equidistantly
along the line.
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4.3. Smoothing Pupillary Time Series

There exist various smoothing algorithms, but all share the same overarching
purpose. Smoothing reduces point-to-point variability across a time series. In our own
work, we smooth the data using a simple moving average (window size=5). That is, each
new observation is averaged with n observations surrounding it to yield a new time
series. Larger window sizes produce smoother time series. Thus, what starts as a jagged
but continuous mountain range should appear more rounded after smoothing. Although
there are no recommended minimum/maximum thresholds for window size (n),
researchers should exercise caution in specifying larger windows that obscure meaningful
variability.

4.4 Baseline Correction and Event Extraction

One of the most common pupillometry designs involves comparing absolute
differences in evoked pupil dilation within one or more conditions. Since pupil responses
are typically initiated from different baseline amplitudes (e.g., 3mm vs. 6mm), it is
necessary to normalize evoked change from a uniform standard (O mm). Subtractive
baseline correction is typically implemented with the rationale that baseline pupil size
varies within and between individuals, effectively constituting non-stationary time series.

Our own research has shown that the pupil likely scales linearly independent of
the baseline amplitude (Reilly et al., 2019). This property of the pupil response is best
modeled using a linear scaling technique (i.e., subtractive correction). We typically
conduct subtractive baseline correction by computing an average pupil diameter over the
500 ms neutral interval preceding an event. We subtract this median baseline pupil size
from each subsequent observation extending outward from the event onset (0 ms) to a
specified window of 3000 ms. This procedure normalizes each event to its own baseline,
allowing flexibility in baseline pupil size over a session. If you apply dynamic baseline
correction using this method, there is no need for detrending because all events are
normalized to the same starting amplitude (O mm).

During the final stages of preprocessing, you will extract all baseline-corrected
events from the time series. You must specify the duration over which you will window
the pupil response function. The event window must be of a sufficient duration to
characterize the rise and fall of the pupil response. However, the event window must not
be so long that it captures rest or anticipation of the next subsequent stimulus. Event
duration is typically constrained both by stimulus duration and the nature of the canonical
pupil response.

4.4 Data Analysis: Contrasting Two Mountains

The past decade has seen advances in the sophistication, power, and complexity
of pupillometry data analysis. The vices and virtues of these particular statistical models
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(e.g., generalized additive mixed models) are beyond the scope of this primer.
Nevertheless, pupillometry does pose challenges for any statistical model you ultimately
pursue. We address some of these issues to follow.

We have identified five parameters that characterize a two-dimensional mountain
(see Figure 3). These include: peak amplitude, time-to-peak, sustained amplitude, area
under the curve, and time-to-decay. Researchers face a dilemma in selecting which
parameter(s) to contrast because no comprehensive neurobiological model of these
parameters exists. As such, we have a limited understanding of how the canonical pupil
response function might shift under different neural and behavioral challenges across the
lifespan. Reciprocal relationships between brainstem activation, arousal, and pupil
dilation have motivated an intense focus on peak amplitude and time-to-peak as
parameters of interest in pupillometry. Nevertheless, great variability exists in how peak
amplitude is derived (Tun et al., 2009) and indeed whether the pupil response might
better be modeled using a two-peak solution with an early peak at approximately 600ms
and a late peak at 1200ms (Steinhauer & Hakerem, 1992).

5.0 Concluding remarks, unanswered questions, future directions

A proliferation of low cost eyetracking hardware along with a supportive user
community have seeded exponential growth in the popularity of pupillometry. In turn,
pupillometry has recently generated remarkable insights into cognition, consciousness,
and mental imagery (Laeng et al., 2012; Laeng & Sulutvedt, 2014; Mathot et al., 2015;
Zavagno et al., 2017; Mathét et al., 2017). The advent of automated software applications
has made pupillometry accessible to a wide range of disciplines not typically steeped in
psychophysiology. Our goal in this primer is to highlight complexities of measuring this
biological signal for non-experts.

There are many factors to consider if your aim is to conduct a rigorous
pupillometry study. Newcomers to this technique might be frustrated to learn that there
are no uniform best practices for design, execution, and analysis of pupillometry,
although this does appear to be changing (Winn et al., 2018). Pupillometry often reflects
a long-term commitment to learning the nuances of this technique over time. Our own
laboratory has stumbled upon many of the pitfalls discussed here through trial-and-error
over about a decade. A preventable error as simple as a technician switching eyetracker
settings between studies has resulted in data loss for our lab on several occasions. We
have also learned firsthand the necessity to monitor fatigue and to double check stimulus
delays and response logging. Checklists are essential. Develop your own and share them
with other researchers.

In conclusion, much remains to be learned about pupillometry. New methods of
design and time series analysis hold promise for improving the rigor of pupillometry.
Yet, the field remains limited by an anemic history of replication (but see de Winter et
al., 2021) and the lack of age-stratified norms against which effect sizes might be
derived. A deeper understanding of the neural and neuromuscular substrates of the



cognitive pupil response function is essential for understanding which cognitive
processes are indexed by specific parameters and how these parameters might be
selectively perturbed.
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