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ABSTRACT
Researchers have been employing psycho-physiological measures
to better understand program comprehension, for example simulta-
neous fMRI and eye tracking to validate top-down comprehension
models. In this paper, we argue that there is additional value in
eye-tracking data beyond eye gaze: Pupil dilation and blink rates
may offer insights into programmers’ cognitive load. However, the
fMRI environment may influence pupil dilation and blink rates,
which would diminish their informative value. We conducted a
preliminary analysis of pupil dilation and blink rates of an fMRI
experiment with 22 student participants. We conclude from our
preliminary analysis that the correction for our fMRI environment
is challenging, but possible, such that we can use pupil dilation and
blink rates to more reliably observe program comprehension.
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1 INTRODUCTION
Program comprehension is an internal, difficult to measure cog-
nitive process. Hence, researchers have been moving to observ-
ing program comprehension with novel physiological measures,
for example, eye tracking [Bednarik and Tukiainen 2006; Busjahn
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et al. 2015], functional magnetic resonance imaging (fMRI) [Floyd
et al. 2017; Siegmund et al. 2014, 2017], or electroencephalogra-
phy (EEG) [Fritz et al. 2014; Lee et al. 2017]. Numerous studies
moved toward multi-modality, particularly combining eye track-
ing and measuring cognitive load. For example, Fritz et al. used
EEG, eye tracking, and electrodermal activity to predict task diffi-
culty [Fritz et al. 2014]. Fakhoury et al. used functional near-infrared
spectroscopy (fNIRS) and eye tracking to show how the quality of
identifier names affects cognitive load [Fakhoury et al. 2018]. We
previously proposed the simultaneous observation of program com-
prehension with fMRI and eye tracking to understand the effect
of rich identifier names on top-down comprehension [Peitek et al.
2017]. In sum, eye tracking appears to be a valuable measure of
programmers’ visuo-spatial attention: either on its own or in ad-
dition to a cognitive-load measure. However, many studies only
considered the eye gaze, that is, the fixations (locations, lengths)
and saccades (speeds, lengths). Secondary data, such as pupil di-
lation or blink rates, do not appear to be commonly investigated.
This is surprising, as cognitive science has accepted pupil dilation
(cf. Section 2.1) and blink rates (cf. Section 2.2) as valuable measures
to observe participants’ mental states [Eckstein et al. 2017].

In this paper, we explore whether pupil dilation and blink rates
offer insights in studying program comprehension. To this end, we
conducted a pilot fMRI study with 22 student participants, which
included simultaneous eye tracking. Our long-term goal of observ-
ing pupil dilation and blink rates in addition to brain activation
via fMRI is to detect cognitive events of smaller granularity. While
fMRI allows us to observe programmers’ cognitive load on a larger
scope (e.g., difficulty to comprehend a class), observing the effect of
comprehending individual lines may currently be impossible with
fMRI. The temporal resolution is 1 to 2 seconds, which means that
we may miss short-lived cognitive events, such as a programmer
stumbling over an unexpected implementation of a single line. We
hope that the integration of pupil dilation lets us detect exact lines
that cause programmers to struggle. Furthermore, pupil dilation
and blink rates may offer additional measures to observe cognitive
load and, as such, can help us to explain some of our fMRI results.

Despite the well-defined conditions in fMRI, with the partici-
pant’s head in a fixed position and an overall constant illumination
inside the magnet bore, we still have to deal with an inconsistent
display brightness due to different snippet lengths. In this paper,
we take a first look into whether we can correct for the changing
display brightness and whether pupil dilation and blink rates are a
promising measure for our studies on program comprehension.
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2 BACKGROUND
Researchers have been employing a variety of measures to observe
program comprehension. Every measure offers a unique perspec-
tive and thus different insights. For example, fMRI allows us to
observe brain activation and thus identify neural correlates of cog-
nitive processes during program comprehension [Gazzaniga et al.
2013]. Eye tracking offers insight into the visuo-spatial attention of
programmers [Holmqvist et al. 2011]. Pupil dilation and blink rates
are two measures that have been used successfully in other fields
(see below), but as far as we are aware of, they are rarely applied in
studies of program comprehension [Obaidellah et al. 2018].

2.1 Pupil Dilation
One measurable property of eye tracking is pupil dilation, which is
a task-evoked pupillary response. Pupil dilation has been shown
to reflect cognitive load and has been used as a measure when
investigating tasks involving working memory, reasoning, or read-
ing [Beatty and Lucero-Wagoner 2000]. For example, early work
of Beatty and Kahneman showed that an increase in the number
of digits to be remembered correlates positively with pupil dila-
tion [Beatty and Kahneman 1966]. Similarly, Hess and Polt demon-
strated that pupil dilation correlates with the difficulty of mathe-
matical calculations [Hess and Polt 1964]. Later work by Just and
Carpenter indicated that pupil dilation generally correlates with the
amount of mental processing [Just and Carpenter 1993]. Although
mental fatigue does not change the pupil-dilation baseline, it may
slow down the pupillary response [Hopstaken et al. 2015]. Overall,
research has established that pupil dilation is an accurate measure
of mental states [Hartmann and Fischer 2014; Laeng et al. 2012].

Some researchers have suggested to use pupil dilation as a mea-
sure in program-comprehension research. Nolan et al. proposed
a study for novice programmers, which are learning to program
and are observed with remote eye tracking [Nolan et al. 2015]. The
goal was to remotely measure cognitive load. Similarly, Ford et
al. proposed to identify mental states based on eye-tracking data
(i.e., pupil dilation, saccades, blink rates) during remote interviews,
which would guide interviewers only interrupting during light
thinking phases [Ford et al. 2015]. However, there appears to be no
report on a completed study. Thus, the work reported in this paper
will be the first to analyze pupil dilation as a measure to observe
cognitive load during program comprehension.

2.2 Blink Rates
Blink rates correlate with "levels of dopamine in the central ner-
vous system, and can reveal processes underlying learning and
goal-directed behavior" [Eckstein et al. 2017]. Blink rates are de-
termined at two levels: the resting baseline and task-evoked blink
rate. A higher individual’s blink-rate baseline is related with "better
cognitive flexibility but worse maintenance" [Eckstein et al. 2017].
Some research suggests that "higher blink rate at baseline is re-
lated with lower distractibility on tasks that place high demands
on working memory" [Eckstein et al. 2017]. How this affects blink
rates in programming is an interesting research question.

Another factor is that blink rates increase with fatigue [Stern
et al. 1994]. While we interleave our task conditions, we have to
consider this effect when comparing individual tasks (e.g., a snippet

shown at the end of an experiment might cause more blinks as
participants are more tired). Also environmental factors, such as
air humidity or room temperature, can also influence the blink
rate [Doughty 2001]. However, these are controlled in the fMRI
environment.

Ford et al. appears to be the only one suggesting that blink rates
may be an interesting measure in their proposal for observing tech-
nical remote interviews [Ford et al. 2015]. In follow-up work by
Behroozi et al., blink rates were not a significant measure to distin-
guish mental states. However, blink durations showed significant
differences [Behroozi et al. 2018]. As blink duration reliably in-
creases with cognitive workload, we include it as a measure into
our preliminary analysis [Benedetto et al. 2011; Chen et al. 2011].

3 EXPERIMENT
The literature from psychology and cognitive science suggests that
pupil dilation and blink rates may be valuable measures in future
studies of program comprehension. Thus, we conducted a pilot
study to obtain a first evaluation of the two measures by observing
program comprehension with simultaneous fMRI and eye track-
ing with 22 student participants. To this end, we replicated our
previous fMRI study on contrasting bottom-up and top-down com-
prehension [Siegmund et al. 2017], which included five different
conditions. We manipulated the richness of identifier names (i.e.,
beacons [Brooks 1983]) and familiarized participants with a sub-
set of snippets during a training session. We used tasks of finding
syntax errors as a control condition, resulting in the following trial:

- Top-down comprehension [Trained, including beacons]
- Bottom-up comprehension
- Top-down comprehension [Trained, no beacons]
- Top-down comprehension [Untrained, including beacons]
- Finding syntax errors

In addition to the programming tasks, we included a d2 attention
task1 and rest condition to provide a baseline for fMRI analysis.

The study was conducted on a 3-Tesla fMRI scanner,2 equipped
with a 32-channel head coil at the Leibniz Institute for Neurobi-
ology in Magdeburg, Germany. We used an MRI-compatible Eye-
Link 10003 eye tracker for simultaneous measurement of eye move-
ments. The EyeLink eye-tracker offers 1000 Hz temporal resolution,
<0.5° average accuracy, and 0.01° root mean square (RMS). The eye-
tracker collected eye gazes, events (i.e., fixations, blinks, saccades),
and pupil dilation. Participant demographics, a replication package,
and details on our methods are available on the project Web site.4

Eye tracking in the fMRI scanner is challenging due to the diffi-
cult angle of the eye tracker to a participant’s eyes. In our study,
only 8 out of 22 participants resulted in stable and precise eye-
tracking data that unequivocally locates the eye gaze at the level
of single lines, that is with a constant precision of <1°. However,
the current pilot data are sufficient to use pupil dilation and blink
rates when manually analyzing eye gaze direction. We will focus on
participants with stable and precise eye tracking in this exploratory
analysis. Our goal for the analysis is to evaluate whether we can

1d2 is a test of attention in which participants scan through a row of letters and decide
for each letter whether it is a d with two marks [Brickenkamp et al. 2010]
2Philips Achieva dStream, Best, The Netherlands
3SR Research Ltd, Ottawa, Ontario, Canada, http://www.sr-research.com
4 https://github.com/brains-on-code/simultaneous-fmri-and-eyetracking

http://www.sr-research.com
https://github.com/brains-on-code/simultaneous-fmri-and-eyetracking


Beyond Gaze: Preliminary Analysis of Pupil Dilation and
Blink Rates in an fMRI Study of Program Comprehension EMIS ’18, June 14–17, 2018, Warsaw, Poland

Figure 1: Pupil Dilation over Time for Each Condition

Figure 2: Snippet Brightness and Pupil Dilation

consider pupil dilation and blink rates as a measure in future ex-
periments. Can we find the expected correlation between cognitive
load and pupil dilation?

4 PRELIMINARY DATA ANALYSIS
4.1 Pupil Dilation
For a comparison across participants, we normalized the pupil-
dilation data for each participant to zero mean and unit standard
deviation (z-score).

Screen-Brightness Correction. Any analysis of pupil-dilation data
assumes that a change in pupil dilation is only caused by a tran-
sition in mental state and not by the environment (e.g., ambient
light). The environment around the fMRI scanner ensures that the
ambient light does not change. However, we present code snippets
to the participants via a small plastic screen on which the stimuli
are projected. To reduce eye strain, we use white text on a black
background. As our snippets are not uniform in length, each snip-
pet is different in their perceived brightness. Thus, the snippets
may influence pupil dilation by their brightness, independent of
the change in cognitive load. This effect is visible in Figure 1, where
the adjustment from a dark rest condition to a brighter comprehen-
sion condition is apparent: The pupil dilation briefly drops at the
beginning of the comprehension conditions as the pupils responds
to the brighter light.

Because a standardized brightness of the stimuli is infeasible
for us (i.e., snippets will generally differ in length), we will need
to correct the baseline pupil dilation for each snippet. Figure 2
shows that there is a general trend to a lower pupil dilation with
brighter snippets. We computed each snippet’s brightness variable
as relative luminance of the RGB color space for each image (as an
average of each pixel) [Anderson et al. 1996].

Figure 3: First Minute of Participant 1. Pupil Dilation, Gaze
Position on x-Axis and y-Axis

The r2 = 0.64 value shows that the screen brightness largely
explains the difference in baseline pupil dilation. However, there
still is 36% of variance that is not explained by screen brightness,
which could include factors such as comprehension strategy (top-
down versus bottom-up), individual difficulty to comprehend a
snippet, or general error.

Eye-Movement Correction. So far, we have considered the av-
erage pupil dilation throughout a task. To extract the maximum
value from pupil dilation, we would like to evaluate changes of
pupil dilation within a task. Brisson et al. have shown that pupil
size is overestimated for rightward and upward gaze and underesti-
mated for leftward and downward gaze for our used EyeLink 1000
eye-tracker [Brisson et al. 2013], and they recommend to proceed
with methodological caution. Ideally, tasks are used that do not
require any eye movement. However, this is infeasible, as program
comprehension requires programmers to quickly move across the
screen. Thus, long and fast saccades are necessary and common.
The influence of eye movements on the pupil dilation questions how
much we can trust the data, even if corrected for screen brightness.

In Figure 3, we show a pupil-dilation chart of an individual par-
ticipant across a few tasks. A few significant spikes are noticeable
(especially at the rest condition). The eye tracker’s manual warns
that a fast change in pupil angle can lead to a flawed measurement
of pupil dilation. Based on the data, we confirm that fast saccades
impair the pupil-dilation accuracy. In Figure 3, we show that the
pupil dilation spikes appear to correlate with sudden eye move-
ments, in particular, on the vertical axis (e.g., at time 520 and 550).
Movements on the x-axis, that is, leftward and rightward gazes, also
seem to have an influence on our pupil-dilation data. For example,
the pupil dilation in Figure 3 for the d2 attention tasks appears to
rhythmically move with the eye gaze.

For future analysis, we would like correct the pupil dilation
for such eye movements. Currently, we evaluate the correction
algorithm from Brisson et al. [Brisson et al. 2013] to further improve
the accuracy of the pupil-dilation data. As we only consider average
pupil dilation for the following sections, we will not apply the
correction algorithm.

Task Condition. In our previous fMRI study, we have shown that
top-down comprehension is easier for programmers [Siegmund
et al. 2017]. Can we support this finding based on pupil dilation?
In Table 1, we show the average pupil dilation across all partici-
pants and tasks per condition. Top-down comprehension with or
without a beacon reveals a difference in pupil dilation, even though
the screen brightness is almost identical. This may hint at partic-
ipants using a beacon for an eased comprehension of a snippet.
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Table 1: Mean Perceived Brightness, Pupil Dilation (z-score),
Blink Rate (Count/Minute), and Blink Duration (ms) for
Each Condition.

Condition Perceived Pupil Blink Blink
Brightness Dilation Rate Duration

Top-Down (Beacon) 3.01 -0.49 12.0 245
Top-Down (No Bea.) 3.07 -0.41 11.6 341
Top-Down (Untr.) 2.09 -0.25 7.6 346
Bottom-Up 2.13 -0.07 8.4 340
Syntax 1.89 -0.11 10.4 322

d2 2.15 0.16 10.1 327
Rest 0.01 0.31 7.9 490

Bottom-up comprehension shows a slightly higher pupil dilation
than untrained top-down comprehension, which may be due to the
additional mental effort necessary to comprehend a snippet. The
d2 attention task has a much higher pupil dilation, even though
the brightness is similar to the bottom-up snippets. None of these
findings are statistically significant as there were only five trials
for each condition. As the other conditions are not balanced in
brightness, and we do not have the capabilities to counteract the
brightness yet, we will not compare them.

Snippet Complexity. Next, we correlated snippet complexity, mea-
sured in DepDegree [Beyer and Fararooy 2010] and Halstead com-
plexity [Halstead 1977], with the observed pupil dilation. The results
indicate that, with increasing snippet complexity, the pupil dila-
tion decreases, but only explains a part of the variance (r2 = 0.22,
r2 = 0.38, respectively). We also have to consider that snippet com-
plexity is generally correlated with snippet brightness (r = 0.56),
as longer snippets tend to be more complex. It appears that snippet
complexity actually increases pupil dilation (when controlling for
screen brightness), a result that is supported by the literature.

Task Difficulty. Instead of considering the objective snippet com-
plexity, we may observe a more significant difference in subjective
difficulty. To this end, we correlated the averaged pupil dilation
with the task correctness and response time. The results show that
there is no correlation (r2 = 0.00, r2 = 0.01, respectively).

Stepwise Regression. Finally, we conducted a stepwise regression
to select the significant variables that explain the variance in pupil
dilation. The result revealed that screen brightness (p < 0.001) and
response time (p < 0.1) significantly influence pupil dilation.

4.2 Blink Rates and Durations
Next, we analyzed the blink rates and blink duration. The blink
rate is the number of blinks that occur over time. It is usually
expressed as number of blinks per minute [Holmqvist et al. 2011].
We measured the blink duration in milliseconds.

Our experiment in the fMRI scanner lasted for around 28minutes.
There was no notable increase in blink rates towards the end of the
experiment. Fatigue does not seem to have set in after 28 minutes
yet, and blinks are not influenced by eye movements, thus we can
analyze the blink rates without correction.

Task Condition. In Table 1, we show the average blink rate and
blink duration for each task condition. We cannot identify any clear-
cut patterns. However, it is notable that top-down comprehension
with a beacon has a shorter average blink duration than any other
comprehension task.

Snippet Complexity. We correlated the observed blink rate and
duration with snippet complexity, again measured in terms of De-
pDegree and Halstead complexity. The results indicate that, with
increased complexity, the blink rate decreases, but the effect ex-
plains only a minor part of the variance (r2 = 0.15, r2 = 0.07,
respectively). Blink duration has the same negative correlation, but
explains less variance (r2 = 0.09, r2 = 0.04, respectively)

Task Difficulty. We also correlated the observed blink rate with
the task correctness and response time. We found a weak negative
correlation between blink rate and task correctness (r2 = 0.01, r2 =
0.12, respectively). The same holds for blink duration (r2 = 0.05,
r2 = 0.00, respectively).

Future Analysis. This first look at blink rates and durations does
not reveal any meaningful insights. Nevertheless, we will conduct
further detailed analyses, which likely reveal some insights. For
example, we plan to consider the point in time of each blink. Did
more or longer blinks occur after participants solved the task? Did
blinks occur particularly often at a specific time? This way, we hope
to discover parts of a code that are particularly difficult.

5 CONCLUSION
We set out to include pupil dilation and blink rates as promising
measures to increase the reliability of measuring program compre-
hension with fMRI. However, our initial study and analysis showed
that, so far, pupil dilation largely depends on screen brightness, and
that blink rates and blink durations do not seem to follow a pattern.
Nevertheless, our data indicate that, although screen brightness
is identical, the pupil dilation varies (e.g., depending on the task
condition), which suggests that there is an effect of cognitive load
on pupil dilation. Furthermore, due to the strong linear relationship
between screen brightness and pupil dilation, we may be able to
correct for the changing brightness in a thorough analysis.

Our preliminary analysis confirms our belief that there could
be value beyond the usual gaze analysis of eye tracking. Pupil
dilation and blink rates may provide interesting insight for studies
of program comprehension. However, before we can use them, we
need to find ways to control for environmental factors, such as
screen brightness, and develop appropriate analyses.
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