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Abstract—Researchers in Software Engineering (SE) often use
onsite screen-mounted eye-tracking experiments to investigate
programmers’ visual attention patterns in various programming
activities. The pandemic and the difficulty of recruiting many
participants, especially those with special expertise in SE, have
hastened the shift towards conducting eye-tracking studies offsite,
which use integrated webcams to track participants’ gaze in nat-
ural settings. This study compares the efficacy of a webcam-based
eye tracker to a research-focused screen-mounted eye tracker in
code comprehension tasks. We conducted onsite experiments with
49 participants, each using both types of eye trackers simulta-
neously to assess the webcam-based eye tracker’s capability to
capture visual patterns at general, semantic, and token levels and
detect individual differences. Additionally, we conducted offsite
experiments with 10 participants to supplement the findings.
Our findings indicate that while the webcam-based eye tracker
effectively captures programmers’ semantic comprehension, but
faces challenges in accurately identifying cognitive patterns at a
more detailed token level in onsite settings. Furthermore, the ele-
vated noise observed in real-world offsite conditions significantly
limits the tracker’s reliability for drawing accurate conclusions.
Participants also encountered challenges with calibration and
task initiation, highlighting areas for improvement in conducting
webcam-based eye-tracking studies offsite in the future. This
study investigates the feasibility of webcam-based eye-tracking
studies in SE, offers insights to enhance the accuracy of webcam-
based eye-tracking in programming potentially, and provides
guidelines for future webcam-based eye-tracking study designs.

Index Terms—Webcam-based eye tracking, code
comprehension.

I. INTRODUCTION

RESEARCHERS in Software Engineering (SE) often con-
duct human eye-tracking studies to understand how pro-

grammers visually process code, gain insights into their cogni-
tive processes, and understand the challenges behind [1], [2],
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[3], [4]. Eye-tracking offers a high-resolution record of visual
behavior, serving as an effective measure for cognitive pro-
cesses [1]. It has enabled SE researchers to examine program-
mers’ code reading pattern [5], [6], revealing insights into their
strategies and thought processes during code comprehension
[7], biases during code review [8], and differences between
expert and novice programmers [9], [10]. Despite its utility,
eye-tracking is often limited to laboratory settings (i.e., onsite
settings) and highly controlled environments due to its high
expense and delicate setup procedures [1]. Furthermore, onsite
eye-tracking studies may be limited by the availability of eligi-
ble participants, who may be constrained by personal or geo-
graphical factors from participating in studies that require spe-
cialized equipment and controlled settings. These limitations
can affect the diversity and representativeness of the study sam-
ple, potentially impacting the generalizability of the findings,
which is particularly critical when the study aims to examine
expertise or demographics. For example, recruiting a diverse
sample of programmers from various cultural backgrounds for
onsite studies, aimed at understanding their approaches to cod-
ing tasks, can be challenging. Such limitations also affect the
statistical power in eye-tracking studies, and ultimately the abil-
ity of researchers to confidently explain underlying behavioral
phenomena and reject false positives [11]. Additionally, onsite
experiments can be criticized for lacking realism due to their
highly controlled settings [12]. Although onsite eye tracking
is widely recognized for its high accuracy [13], these factors
emphasize its limitations and highlight the need for alternative
paradigms.

The pandemic has accelerated the adoption of remote modal-
ities for work, education [14], and eye-tracking research [15].
Advances in technology now enable remote (i.e., offsite) eye-
tracking studies using standard webcams [16], allowing data
collection in naturalistic settings such as participants’ homes
or other preferred environments [17]. Some studies in non-
programming domains have compared the performance of we-
bcam eye trackers and screen-mounted eye trackers [16], [18],
[19], and found that webcam-based eye trackers offer com-
mensurate performance but with slightly lower raw data qual-
ity. Though webcam-based eye-tracking has been evaluated in
other fields, its feasibility for programming activities in SE
remains uncertain, especially since studies in areas such as
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web searching often focus on broader interests that may not
address the needs of programming-related research in certain
areas on the screen [5], [16]. In addition, due to the complexity
of programs, SE researchers always conduct eye-tracking stud-
ies focusing on different levels of program understanding [1].
For instance, studies on how programmers interpret individual
keywords or operators of a program require more accurate data
focusing on a limited area (e.g., individual tokens in a pro-
gram) [20]. Studying how programmers tackle a programming
program on the logic level requires understanding semantics
[21], which is more detailed than general web searching but
does not need extreme accuracy (i.e., compared to token- or
character-level attention). When investigating IDE navigation
behaviors [22], [23], the reduced accuracy of webcam-based
eye trackers may not greatly impact overall findings, as they
focus on broader patterns. In addition, individual differences
may also lead to different visual patterns revealed by previous
studies in SE [24]. Therefore, in this study, we specifically
designed analysis at the general, semantic, and token levels
as well as individual difference analysis to shed light on the
feasibility of webcam-based eye-tracking study for different
aspects of program understanding commonly explored in SE.
To our knowledge, these differences have not been evaluated
in the context of SE experiments. A deeper understanding of
the strengths and weaknesses of eye-tracking studies using a
webcam will enable SE researchers to make appropriate design
decisions for their specific research questions.

In this paper, we present eye-tracking studies conducted in
both onsite (n = 49) and offsite (n = 10) settings. For the
onsite study, participants’ gaze was recorded concurrently using
a webcam-based eye tracker (WebGazer) and a high-accuracy
screen-mounted tracker (Tobii Pro Fusion), which served as
the reference baseline [25]. WebGazer is software that uses a
standard RGB webcam to infer on-screen gaze, whereas Tobii
Pro Fusion is dedicated screen-mounted hardware with stereo
cameras for precise eye tracking. In the offsite study, only the
webcam-based eye tracker was used to characterize the noise
expected in real-world offsite eye-tracking data. We specifically
chose code comprehension as the programming task because it
is fundamental to nearly all programming activities. To the best
of our knowledge, this is one of the largest eye-tracking studies
on programming activities in SE to date. We evaluated the
feasibility of webcam-based eye-tracking studies, focusing on
their reliability in observing programmers’ visual behaviors. To
provide a comprehensive exploration, we specifically demon-
strated the investigation regarding three different levels of area
of interest (AOI) analysis, as well as individual differences:
1) General level: overall visual patterns (e.g., fixations); 2)
Semantic level: tokens grouped into a single semantic AOI
representing a concrete program structure with a functional
role (e.g., the tokens in myFunc(arg1, arg2) form a
Function Call semantic AOI); 3) Token level: the smallest
elements in a program. We also collect participants’perceptions
of self-setup for the webcam-based eye-tracking. In onsite set-
tings, we found that webcam-based eye tracking is generally
reliable at the semantic AOI level but less accurate at the to-
ken level, occasionally producing false positives in analyses of
individual differences. The substantially higher noise observed

in offsite conditions further limits the tracker’s reliability for
drawing accurate conclusions. Additionally, participants pri-
marily reported difficulties with calibration and initiating tasks.
Consequently, we proposed suggestions to enhance webcam-
based eye-tracker accuracy, along with guidelines for future
webcam-based eye-tracking studies. The main contributions are
as follows:
• The first investigation of the feasibility of using webcam-

based eye tracking in code comprehension.
• A comprehensive exploration of feasibility across three

levels of analysis: general, semantic, and token, along with
individual differences.

• First study provides guidelines for conducting webcam-
based eye-tracking studies in code comprehension.

• First study provides pairwise datasets for future improve-
ments to the webcam-based eye trackers.

A comprehensive understanding of webcam-based eye-tracker
performance in code comprehension can enhance the feasibil-
ity of webcam-based eye-tracking studies in SE and provide
guidelines for future studies. This improvement will streamline
participant engagement, enhance their experience in webcam-
based studies, and broaden the pool of potential participants.

II. RELATED WORK

A. Code Comprehension in Software Engineering

In software engineering (SE), code comprehension is cru-
cial, impacting the effectiveness of the software development
process [24]. It involves understanding a program’s structure,
functionality, and intent, essential for efficient maintenance,
debugging, and enhancement of software systems [26]. With the
complexity of modern software systems, code comprehension
is a focus for both researchers and practitioners [27]. Several
factors, including code structure complexity and readability, as
well as individual factors like expertise and gender, can influ-
ence code comprehension [28], [29], [30]. Research in SE has
also explored the cognitive processes involved in comprehend-
ing code, such as pattern recognition, problem-solving strate-
gies, and memory recall. These studies have revealed that code
comprehension is not merely about reading and understanding
syntax but also involves higher-level cognitive activities [31].
To tackle code comprehension challenges, researchers have
used approaches such as eye-tracking [32], code annotations
[33], and think-aloud protocols [34]. However, there is still no
study comparing code comprehension patterns under different
eye-tracking settings, which would provide researchers with
more reliable insights into how programmers comprehend pro-
grams, particularly those unable to attend onsite studies.

B. Screen-Mounted and Webcam-Based Eye-tracking Studies

Various webcam-based eye-trackers have been designed to
accommodate the requirements of offsite eye-tracking studies
[16], such as WebGazer [16], TurkerGaze [35], SearchGazer
[36]. One study found that an open-source webcam-based eye
tracker had higher accuracy than a screen-mounted eye tracker,
despite a higher error rate [37], suggesting it as a potential alter-
native for those needing a mouse input substitute with financial
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constraints. Another study with more subjects found a moderate
correlation between gaze features from webcam-based systems
and traditional eye trackers [38], suggesting that webcam-based
systems can accurately model user engagement and comprehen-
sion similar to screen-mounted eye trackers. Moreover, research
has examined webcam-based and screen-mounted eye-tracking
in UX studies [39], finding that subtle unconscious behaviors
such as eye and hand movements may slightly affect their
performance. Expanding on this, Hutt et al. [40] show early
signs of predictive validity for the webcam-based eye-tracker,
demonstrating its accuracy in predicting unrelated thinking and
reading comprehension from a single calibration. Their findings
reveal a positive correlation between predicted rates of task-
unrelated thought and comprehension scores, while also noting
the influence of factors like lighting and wearing glasses on
performance. In addition, previous studies (e.g., [19], [41])
also examined bigger components and analyzed data quality or
the technique of webcam-based eye tracking (e.g., [19], [42])
in non-programming tasks. However, it is unclear if webcam-
based eye trackers can be comparable with screen-mounted
eye trackers in capturing detailed eye movement data for pro-
gramming tasks. Thus, it is crucial to evaluate their accuracy
in tracking eye movements as programmers comprehend code
to assess their feasibility for detailed programming studies. In
comparison, our study evaluated different levels of accuracy
regarding different research questions SE researchers care about
for code comprehension tasks to determine the webcam’s ap-
plicability and, more importantly, understand in what scenar-
ios it is appropriate or not to use a webcam to allow offsite
recruitment.

C. Offsite and Onsite Eye-Tracking Studies

A shift towards exploring usability in offsite and onsite eye-
tracking studies is noted [43]. Previous research emphasizes
challenges in onsite studies, including participant scheduling
and equipment acquisition [44]. Nadj et al. discuss the pan-
demic’s impact on offsite eye-tracking experiments, highlight-
ing increased reliance on naturalistic environments [45]. Com-
parative eye-tracking studies have analyzed website navigation
behaviors in both onsite and offsite settings, showing a high
degree of similarity [46]. However, challenges in offsite eye-
tracking studies, such as differences in participant setups and
potential distractions, complicate ensuring data quality [43].
These findings underscore the evolving nature of usability as-
sessments with eye-tracking, emphasizing the importance of
understanding offsite and onsite methodologies to enhance the
user experience and guide future research. However, a guideline
is still needed for conducting offsite and onsite eye-tracking
studies on code comprehension tasks. In this study, we set
guidelines and best practices for designing effective studies
in these contexts, addressing challenges posed by code-related
tasks, such as requiring a greater level of precision [28]. By
bridging this gap, we intend to enhance the methodologi-
cal rigor of eye-tracking studies in programming, ultimately
advancing the understanding of user interactions with program-
ming activities in both offsite and onsite environments.

III. EXPERIMENT

To evaluate the feasibility of webcam-based eye tracking for
programming tasks, we compared a webcam-based eye tracker
(WebGazer) with a screen-mounted device (Tobii Fusion Pro)
in an onsite study. Participants completed 20 C++ code com-
prehension tasks while their gaze data were simultaneously
recorded using both tools. In addition, we conducted an off-
site study that fully simulated a remote setting using only the
webcam-based eye tracker, allowing us to further assess its
practicality in real-world remote scenarios. We structured our
research around the following research questions:
• RQ1: Does the raw data collected from a webcam-based

eye tracker align with that of a high-accuracy eye tracker
in programming tasks?

• RQ2: Do the visual patterns yielded from webcam-based
eye tracking in code comprehension align with screen-
mounted eye tracking?

• RQ3: Is webcam-based eye tracking feasible and accurate
in an unconstrained, real-world offsite setting?

• RQ4: What are participants’ perceptions of self-setting up
the webcam-based eye-tracking?

Specifically, RQ1 evaluates whether raw gaze data from the
webcam-based tracker can serve as a viable substitute for data
from a high-accuracy device in programming contexts. For
RQ2, we assess whether higher-level visual patterns derived
from the raw gaze data (e.g., cognitive load, transitions among
code) yield consistent conclusions about how participants read
code across the two trackers. RQ3 quantifies noise in uncon-
strained offsite to complement the findings, and RQ4 investi-
gates setup experiences and perceptions to guide future offsite
study design for code comprehension.

A. Participant Recruitment

In the onsite study, all participants were recruited from the
same CS3 course at Vanderbilt University via a combination
of forum posts and an in-class presentation. To be qualified
for the experiment, participants must be at least 18 years old,
have taken Data Structures or the equivalent courses (the local
university’s Data Structure course is taught using C++), and
have no history of epileptic seizures [47]. In total, we recruited
49 undergraduate students for the onsite study, who received
0.5 extra credits upon completing the experiment. The average
participant age was 20.4, with 23 identifying as women and an
average of 2.08 years of C++ coding experience.

In the offsite study, we recruited 10 programmers through
Prolific, a web platform that supports screening and recruiting
research participants from the UK and USA1. Each participant
was compensated at an hourly rate of $22.50 for completing the
study. The participants had an average age of 34.3, all identified
as men, and all reported an educational background in computer
science. On average, they had 2.0 years of experience with
C++. Table I provides a summary of the demographics of the
participants.

1https://www.prolific.com/

https://www.prolific.com/
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TABLE I
DEMOGRAPHIC INFORMATION OF PARTICIPANTS

Demographic Category Participants
Onsite Experiment (n = 49)

Gender Men 26
Women 23

C++ Experience
1 yr 10
2 yrs 28
≥3 yrs 11

Offsite Experiment (n = 10)

Gender Men 10
Women 0

C++ Experience
1 yr 4
2 yrs 2
≥3 yrs 4

B. Eye Tracking Study Setup

We concurrently collected eye-tracking data using a webcam-
based tracker (WebGazer) and a research-grade screen-mounted
tracker (Tobii Pro Fusion). WebGazer infers on-screen gaze
using a standard RGB webcam and is commonly used in
offsite eye-tracking studies. In contrast, Tobii Pro Fusion
performs hardware-assisted tracking with dedicated screen-
mounted stereo cameras, offering greater robustness and pre-
cision for controlled onsite use.

Webcam-Based Eye Tracking. WebGazer, an online track-
ing software, uses the built-in RGB laptop webcam to estimate
the real-time 2D gaze position on the screen [16]. We chose
it for its ability to estimate eye-gaze positions across various
settings [16]. Another reason is that WebGazer has been widely
used in previous studies across different research fields [48],
[49], [50]. Compared to Tobii EyeX2, WebGazer showed a
mean error of 130 pixels, corresponding to an average visual
angle error of 4.17◦ in prior web search tasks, as reported
in a smaller-scale study [16]. In the onsite study, WebGazer
operated at approximately 40 Hz on a laptop integrated with
our interface. In the offsite study, it also ran at around 40 Hz,
embedded in the same interface but executed on participants’
laptops.

Screen-Mounted Eye Tracking. In the onsite study, to
validate the performance of WebGazer in code comprehension
tasks in a large-scale setting, we mounted a Tobii Pro Fusion eye
tracker at 60 Hz [47] on the same laptop as the webcam-based
tracker. Tobii Pro Fusion uses dedicated screen-mounted hard-
ware with two cameras to capture stereo images of both eyes,
enabling robust and precise measurements of gaze, 3D eye posi-
tion, and pupil diameter3. Moreover, this high-end commercial
eye tracker has been thoroughly tested in industrial labs with
100 participants in a setup and test environment representative
of normal usage, demonstrating its high accuracy with 0.04◦

error under optimal conditions [25].

2First-generation eye tracker from Tobii with high accuracy.
3https://www.tobii.com/products/eye-trackers/screen-based/tobii-pro-

fusion#specifications

Fig. 1. Onsite experiment setup.

To enhance data quality for both eye trackers, we instructed
participants to wear contact lenses instead of glasses when
applicable. An example of the onsite experimental setup is
presented in Fig. 1. Both WebGazer and Tobii provide x and y
coordinates to indicate the participants’ observed screen loca-
tions. To improve comparability between WebGazer and Tobii
data, we standardized all timestamps using Tobii’s timestamps.

C. Study Materials

In this section, we detail the materials used, including the
setup instructions for the participants, the code comprehension
tasks, and the survey and interview questions.

Webcam Set-up Instruction: To support participants in
independently setting up the webcam-based eye tracker for
both the offsite and onsite experiments, we provided detailed
instructions. Participants were instructed to start by initiating
the app.py file in the webcam directory on the experiment
laptop. The participants were then instructed to open a Web
browser, navigate to the provided link to access the tasks, and
maximize the window for improved accuracy. The instructions
also directed participants to calibrate the webcam-based eye
tracker to achieve at least 70% accuracy, with immediate feed-
back and the option to recalibrate if necessary. Participants were
also required to recalibrate the tool after each break. Finally,
instructions were provided on how to properly terminate the
tasks upon completion.

Code Comprehension Task: In this study, we have 20
stimuli comprising multiple-choice code comprehension tasks
written in C++. The tasks cover C++ syntax, data structures,
and run-time analysis based on the guideline from official C++
tutorial4 and online educational materials5. Overall, the average
number of lines per stimulus is 8.3 (SD = 2.7), with trivial lines
containing only curly brackets excluded to focus participants’
attention on meaningful code. Task selection followed best
practices in software engineering, considering participant fa-
tigue and hardware and software constraints [1]. We developed
a local task interface presenting C++ comprehension tasks with-
out syntax highlighting at font size 17 following the standard
coding style. Participants had to choose at least one option from
four to proceed to the next task. All tasks followed a question-
code-choices format. Fig. 2(a) and 2(b) are C++ stimuli with
gaze point heatmaps, which will be discussed in Sec. IV-A.

4https://cplusplus.com/doc/tutorial/
5https://www.geeksforgeeks.org/structures-in-cpp/

https://www.tobii.com/products/eye-trackers/screen-based/tobii-pro-fusion#specifications
https://www.tobii.com/products/eye-trackers/screen-based/tobii-pro-fusion#specifications
https://cplusplus.com/doc/tutorial/
https://www.geeksforgeeks.org/structures-in-cpp/
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Fig. 2. Heatmaps of gaze points using different eye trackers.

Surveys and Interviews: The pre-task survey is designed to
collect demographic information, including age, gender, educa-
tional background, and participants’ experience with program-
ming in C++. The post-task survey consists of 15 questions,
combining Likert-scale items and short open-ended questions.
This survey is intended to collect participants’ subjective ex-
periences and perceptions of setting up the eye-tracking study
independently. Specifically, it evaluates their comfort with the
webcam-based eye tracker and the overall experimental setup,
as well as the clarity of the instructions provided. The open-
ended questions are specifically designed to gather participants’
feedback and recommend enhancements for future studies or
researchers. In addition to the surveys, we conducted semi-
structured interviews to gain deeper insights into participants’
experiences with self-setting up the study. The interview fo-
cused on the specifics of the webcam setup instructions, explor-
ing the challenges participants faced during the setup process
and gathering their suggestions for enhancing the setup experi-
ence. The semi-structured format allowed for flexibility in the
discussion, enabling participants to share thoughts and experi-
ences that might not be fully captured through the structured
surveys.

D. Experiment Protocol

For the onsite study (RQ1, RQ2), we used an MSI Pulse 15
B13VFK laptop featuring a 15.6-inch display with a resolution
of 1920 × 1080 pixels. The device was equipped with a 720p
HD webcam positioned approximately 60 cm from the partic-
ipant. All onsite experiments were conducted on this laptop,
running Windows 11 and using Google Chrome in a maximized
window. The sessions took place in an office environment with
natural lighting. The study was approved by the IRB at Van-
derbilt University. Prospective participants first electronically
completed a consent form along with a prescreening survey
to assess their eligibility. Before the experiment, each eligible
participant had to complete a pre-test with three data structure
questions on traversal methods, achieving an average accuracy

of 66.7%. At the experiment’s beginning, we required partic-
ipants to complete an electronic pre-task survey and read a
paper-based instruction for webcam setup. A researcher then
assisted them with Tobii calibration using Tobii Pro Eye Tracker
Manager before starting the tasks. To minimize experimental
limitations and observer bias [51], the researcher left the room
during the experiments, simulating a more independent envi-
ronment similar to a fully offsite eye-tracking study. Partici-
pants started the tasks by running a Python script for a locally
hosted web task integrated with WebGazer and could refer to
the instructions during the experiment. Tasks were randomized,
with participants completing 12 stimuli, and taking a break
without a time limit. After the break, the researcher recalibrated
the Tobii, and participants recalibrated WebGazer as instructed
before completing the remaining tasks. At the experiment’s end,
we required participants to complete a post-task survey admin-
istered on Google Forms and a short semi-structured interview,
which lasted about ten minutes in total (RQ4). The primary aim
of this study is to assess how closely WebGazer’s data quality
and resulting conclusions align with those obtained from the
high-precision Tobii tracker.

For the offsite study (RQ3), the study protocol remained
consistent with the onsite setup in terms of tasks, interfaces,
and use of WebGazer. However, participants used their own
computer hardware, and we did not employ the Tobii eye tracker
for simultaneous data recording. The hardware varied consider-
ably, with most participants using internal webcams on laptops.
Due to privacy and technical limitations, we were unable to
collect detailed hardware specifications beyond self-reported
information. In addition, offsite participants were also required
to complete the post-task survey and participate in follow-
up interviews (RQ4). Our offsite study quantifies the noise
introduced by uncontrolled, real-world remote environments,
thereby complementing the onsite results that do not reveal
these effects.

E. Data Analysis

In this section, we detail the preprocessing and analysis meth-
ods for the eye-tracking, survey, and interview data.

1) Eye tracking Data Analysis: SE researchers often con-
ducted eye-tracking studies to investigate different levels of pro-
gram understanding, ranging from specific operators and code
semantic structures to IDE navigation. To thoroughly compare
the compatibility of the two eye trackers and the feasibility of
the webcam-based eye tracker under various contexts, we broke
down the problem into three levels: General level, Semantic
level, and Token level.
• General Level: At the general level, we explored the feasi-

bility by concentrating on overall visual patterns across the
entire stimuli, without reference to problem content, such
as specific tokens or semantics. This is shown in Fig. 3(a).
Comparison at this level serves as a basic understanding
of the performance of each eye tracker in capturing more
general viewing behavior, which is essential for evaluating
their effectiveness in a broader area. Furthermore, compar-
ing the performance of the two eye trackers at this level
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Fig. 3. Comparison of different level visual focus. The numbers correspond
to the semantics described in Table III.

can demonstrate the consistency of the two setups, as well
as highlight any calibration issues or drifts6 in the eye-
tracking data from an overall perspective.

• Semantic Level: Semantics in programming refer to the
meaning of program statements and constructs, and they
are important in programming research for examining cog-
nitive processes [52], [53]. At the semantic level, we fo-
cus on visual patterns within semantic AOIs, which are
structure-level groupings of tokens with a functional role
(e.g., return output forms a Return semantic AOI).
Each semantic AOI comprises multiple tokens. In other
words, only gaze points that fall on any of the tokens asso-
ciated with these semantic AOIs will be included in further
analysis. This enables us to assess the consistency of two
eye trackers at a more detailed level of program under-
standing compared to the general level. Drawing on previ-
ous work on C++ semantics [54], [55] and an introductory
C++ textbook [56], we defined 12 semantics to classify
tokens based on their functionality and characteristics (see
Table III) and used them to form semantic AOIs for later
analysis. To address potential ambiguities arising from
multiple labels for a single semantic, we used simple C++

6Drifts are slow, irregular, smooth-motion eye movements that occur during
attempted fixation

programs, no more complex than CS2-level questions, to
simplify classification. We distinguished semantic AOIs
based on their occurrence in different program positions.
Fig. 3(b) showed the semantic-level visual focus, and the
numbers displayed correspond to the semantics described
in Table III.

• Token Level: Tokens, the smallest meaningful elements in
programming languages, are often used to understand how
programmers comprehend specific syntax in a program
[57], [58], [59]. Thus, comparing the two eye trackers at
the token level evaluates WebGazer’s feasibility for a more
specific analysis of how programmers process individual
code components (e.g., int, 0, and % are all tokens).
In other words, only the gaze points that land on the
token will be included in the analysis. Fig. 3(c) shows the
token-wise visual focus. Since both eye trackers generate
gaze data as x and y screen coordinates, we computed
the bounding boxes for each token on the screen to iden-
tify each token in the program following best practices
from previous studies [60]. We then mapped participants’
gaze data to C++ code by surrounding each token with
bounding boxes, with a final manual review by researchers
to ensure accuracy. To distinguish between identical to-
kens with distinct meanings that appear multiple times in
the same task, we added the occurrence of the token as
a suffix.

Next, we evaluated the onsite and offsite studies using differ-
ent metrics, aligned with their respective purposes: (i) accuracy
(raw data quality and code comprehension patterns) and (ii)
noise. A summary is shown in Table II.
Accuracy Analysis. For RQ1 and RQ2, we employed 7 mea-
sures at multiple levels to assess WebGazer’s accuracy perfor-
mance relative to Tobii, examining two key aspects: raw data
quality and code comprehension patterns. Following are the
specific descriptions of each metric:
• Euclidean Distance: The Euclidean distance is used to

evaluate the spatial distance between gaze points cap-
tured by two eye trackers on the screen. Following the
method from a prior study [16], the eye-tracking data from
both eye trackers were processed and aggregated into 10-
millisecond bins based on the same timestamp (see Sec
III-B). The distance was computed as the average dis-
tance between WebGazer and Tobii for the equivalent bin.
For different levels of analysis, we focused only on the
gaze points within the areas of interest, as shown in Fig.
3(a)–3(c).

• Element Coverage: Element coverage is the proportion of
elements successfully tracked by eye trackers [5]. Compar-
ing element coverage evaluates the comprehensiveness and
consistency of data captured by two eye trackers in code
comprehension tasks. Similar element coverage between
the eye trackers suggests equal reliability in the compre-
hensiveness of eye-tracking data and its ability to represent
the user’s cognitive processes completely. We used z-tests
to verify the difference in element coverage rates.

• Fixations Counts and Fixation Durations: Fixations are
indicators of a person’s attention focus and are widely used
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TABLE II
SUMMARY OF THE PERFORMANCE METRICS AND DEFINITIONS USED TO EVALUATE DATA QUALITY, CODE COMPREHENSION PATTERNS IN THE ONSITE

EXPERIMENT, AND NOISE IN THE OFFSITE EXPERIMENT, ALONG WITH THEIR CORRESPONDING LEVELS OF ANALYSIS

Aspects Metrics Definition Analysis Level

Raw Data Quality
Euclidean Distance Distance between two gaze points identified by WebGazer and Tobii G, S, T
Element Coverage Fraction of elements identified among all elements in the program S, T

Code Comprehension Patterns

Fixation Counts Number of fixations G, S, T
Fixation Durations Average duration of fixations G, S, T
Cognitive Load Combination of fixation counts and durations G, S, T
Element Weight Importance of an element within a scan path S, T
Regression Rate Fraction of looking back to the previous element S, T
Edit Distance Minimum operations required to transform sequence A to B S, T

Noise

Mean Gaze Distance Mean euclidean distance between gaze points sequentially G
Mean Fixation Distance Mean euclidean distance between fixations sequentially G
Mean Regression Count Mean number of regressions T
Mean Token Distance Mean distance between detected tokens sequentially T
Same Line Token Fixation Rate Percentage of fixated tokens that were on the same line as the last T

∗G: General Level; S: Semantic Level; T: Token Level.

in eye-tracking studies [61]. Following prior research, we
classified each gaze point as a saccade7 using the Velocity-
Threshold Identification (I-VT) algorithm [62]; otherwise,
we considered it a fixation. The same procedure was used
for both eye trackers. We then counted the identified fixa-
tions and calculated their average duration. The combina-
tion of two measures defines participants’ cognitive load.
At the semantic level, we aggregated fixation counts and
durations to determine the total count and duration for each
semantic. This evaluates if the webcam-based eye tracker
can accurately and consistently capture programmers’cog-
nitive processes and load.

• Edit Distance: Scan path, a common method in eye-
tracking, shows the sequence of fixation points in a per-
son’s gaze during task comprehension [1]. In this study,
we evaluated two types of scan paths: one for tokens and
the other for semantics. We employed Edit Distance [63]
to assess the similarity of two scan paths, which evaluates
whether the attention transitions of programmers revealed
by two eye trackers are similar.

• Element Weight: Inspired by Term Frequency-Inverse
Document Frequency (TF-IDF), we treated the entire scan
path sequence as a document, with each element’s weight
determined by its TF-IDF score [64], reflecting both its
frequency in the scan path (term frequency) and unique-
ness across the scan path (inverse document frequency).
We calculated the element weight for each semantic and
token using a consistent rule, allowing us to understand
the elements significant in programmers’ code comprehen-
sion. The range is from 0 to 1, where 1 indicates a higher
element weight. The Mann-Whitney U test was used to
compare weight rankings between two eye trackers.

• Regression Rate: The regression rate measures how often
participants go back to earlier parts of the code, which
may indicate difficulty in comprehension [1]. Following

7Saccades are fast ocular movements, generally occurring when the gaze
is reoriented to a new target.

previous research, a regression is identified when a partic-
ipant’s gaze moves from a later token to an earlier token
in the code segment being analyzed [65]. This rule applies
to semantic analysis as well. By comparing regression
rates, we can assess if WebGazer captures gaze transition
patterns as effectively as Tobii, particularly in revisiting
earlier code segments. Z-tests were employed to determine
the extent of the difference.

Noise Analysis. In RQ3, we employed five noise metrics to as-
sess and compare the noise levels in eye-tracking data obtained
from Tobii, WebGazer (onsite), and WebGazer (offsite). The
absolute value of these metrics does not necessarily indicate
high or low noise – the purpose is to compare the WebGazer
data to Tobii, which we consider a reference. Following are the
specific descriptions of each metric:
• Mean Gaze Distance: We computed the mean Euclidean

distance between each gaze point and the subsequent
point. This calculation is based on every individual gaze
data point, not just fixations. At each timestamp t, a
gaze point is represented by screen coordinates (x, y).
We measured the Euclidean distance to the coordinates
at timestamp t+ 1. The “mean gaze distance” refers to
the average of all such distances across the entire study.
This metric was calculated only at a general level of
analysis.

• Mean Fixation Distance: The mean Euclidean distance
between each fixation and the subsequent fixation. Unlike
mean gaze distance, this metric is computed after identify-
ing fixations from the raw gaze data, and then measuring
the distance between successive fixations. This metric was
computed only at a general level.

• Mean Regression Count: This measure is similar to the
regression rate discussed in the accuracy section above,
but it uses the raw count of regressions rather than a
percentage. Noisy samplers may detect fewer regressions
because both the original and regression fixation may not
be quite at the correct location. This metric was computed
only at the token level.
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• Mean Token Distance: The mean Euclidean distance be-
tween each token that receives a fixation (i.e., is viewed)
and the subsequent token that is also fixated. This metric
is similar to mean gaze or fixation distance, but computed
at the token level.

• Same Line Token Fixation Rate: The percent of fixations
on tokens that occur on the same line as the previous
fixation on a token. A much lower same line token fixation
rate than a reference may indicate higher levels of noise.
This metric was computed only at the token level.

Consequently, Euclidean distance quantifies how far
webcam-collected gaze deviates from expected locations,
while element coverage tests whether the webcam covers
the key items that Tobii captures. To assess how closely the
webcam infers code comprehension patterns compared to
Tobii, we use fixation counts and durations and summarize
their intensity as cognitive load; we compare the order of
attention via scanpath edit distance, highlight importance with
element weight, and capture backtracking with regression
rate, which adds directional information that edit distance
alone cannot. Since offsite sessions occur in heterogeneous
environments, we further quantify the noise level: mean gaze
distance reflects frame-to-frame jitter in raw gaze, and mean
fixation distance and mean token distance indicate how fixation
detection and token identification, respectively, are affected
by jitter arising from environmental confounds. The same-
line token fixation rate (locality across lines) and the mean
regression count (backward re-inspections) indicate how error
detection and corrective search during code comprehension are
influenced by these confounds. We do not include semantic-
level noise because semantic AOIs aggregate many tokens and
vary substantially in size, making estimates sensitive to AOI
design and liable to conflate measurement noise with genuine
behavioral differences.

2) Interview and Survey Analysis: In both the onsite and
offsite studies, we administered surveys and conducted inter-
views to gather feedback from programmers on setting up We-
bGazer using the provided instructions (see Sec. III-C). In total,
we conducted 4.1 hours of semi-structured interviews with all
participants. Thematic analysis using ATLAS.ti8 was applied to
interview transcripts. Initially, twelve categories were identified
by one researcher, and open codes were generated based on
recurring statements from participants in the interview, resulting
in four meaningful themes. Theoretical saturation was reached
at the 25th participant.

Additionally, 56 valid survey responses were collected from
participants in both the onsite and offsite experiments for quan-
titative analysis. To ensure robust data interpretation, each re-
sponse was meticulously cleaned and coded before analysis.
Descriptive statistics such as mean and standard deviation were
calculated to summarize the central tendencies and variability
of responses. For Likert-scale questions, we calculated fre-
quency distributions to understand the proportion of responses
for each scale point. Furthermore, we also analyzed the relation-
ships between different demographic variables (such as age and

8https://atlasti.com/

programming experience) and survey responses using inferen-
tial statistics. Chi-square tests were used for categorical data
to determine if there were significant associations between de-
mographic categories and responses. However, no significant
differences were found. More details are discussed in Sec. IV-D.

IV. RESULT

In this section, we present a comparative analysis of webcam-
based (WebGazer) and screen-mounted (Tobii) eye trackers in
an onsite experiment, focusing on data quality and code com-
prehension patterns, supplemented by participant feedback on
the webcam-based study. For the offsite study, we analyze the
noise introduced in the gaze data compared to the onsite setting.

A. RQ1: Does the Raw Data Collected From a
Webcam-Based Eye Tracker Align With That of a
High-Accuracy Eye Tracker in Programming Tasks?

1) General Level: In webcam-based eye tracking studies,
raw data quality is paramount, as it determines the accuracy of
gaze point capture, which is vital for precise analysis in tasks
that demand meticulous attention, such as code comprehension.
At the general analysis level, WebGazer’s performance is in-
comparable to Tobii’s in terms of accuracy, as demonstrated by
the great discrepancy in raw data, with WebGazer exhibiting an
average distance of 323.6 pixels (SD = 39.9) across 20 stimuli
measured by Euclidean distance. This distance, notably larger
than the 134-pixel discrepancy between WebGazer and Tobii
EyeX reported in a previous study [16], raises concerns about
WebGazer’s reliability in capturing gaze for detailed analysis.
Individual stimulus analysis further revealed relatively low data
quality for WebGazer, with Euclidean distances ranging from
275.1 to 466.0 pixels. To explore whether a similar conclusion
can be drawn specifically on the code area, we conducted a
focused analysis to gain more precise insights.

2) Semantic Level: At the semantic level, WebGazer per-
forms comparably to Tobii, as evidenced by two accuracy met-
rics, and demonstrates relatively higher accuracy in capturing
gaze points related to code semantics.

First, gaze points collected by WebGazer were much closer
to those by Tobii measured by Euclidean distance, with a lower
average distance of 127.3 pixels (SD = 37.5) across 20 stimuli,
ranging from 64.5 to 212.7 pixels. Second, WebGazer demon-
strated a comparable capability to Tobii in capturing the seman-
tics of the program focused on by participants, as measured
by element coverage. Specifically, WebGazer demonstrated a
slightly higher element coverage rate of 98.4% compared to
Tobii’s 93.4%. A z-test indicated no statistically significant
difference, implying both eye trackers provide similar gaze
data on participants’ focus on program semantics. Additionally,
the distribution of semantics for each stimulus identified by
WebGazer and Tobii remains similar, further indicating the
comparable raw data quality at the semantic level, as confirmed
by the Kolmogorov-Smirnov (K-S) test.

3) Token Level: We further evaluated the raw data quality
of WebGazer at the token level using the same measures to
ascertain whether WebGazer can sustain a comparable ability to

https://atlasti.com/
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Tobii in a more granular analysis. While we found WebGazer’s
performance decreased compared to the semantic level, it still
performed better than the general level.

First, gaze points collected by the two eye trackers at similar
time points were still proximate, with an average Euclidean
distance of 192.5 pixels (SD = 55.6). While this distance ex-
ceeded that observed at the semantic level, it remains better than
the results obtained when considering all gaze points on the
stimuli. Upon examining each stimulus individually, we found
that the range of average distance varied from 60.8 to 312.0
pixels. However, in terms of token capture, WebGazer reported
that participants observed more tokens when resolving tasks
compared to Tobii. This inconsistency persists across all stimuli
individually, as the distribution of tokens identified by We-
bGazer and Tobii is significantly different, as evidenced by the
K-S test (p < 0.001). Specifically, Tobii captured programmers’
attention on only 24.6% of all tokens in a program, whereas
WebGazer recorded a higher percentage of tokens viewed by
programmers, at 38.9%. Z-test confirmed this 14.3% difference
is significant (p < 0.05). These results suggest that WebGazer
may not have good raw data quality about specific tokens within
a program’s semantic structure, possibly due to its reliance on
a webcam for eye tracking, which may lack the precision of
specialized eye-tracking hardware such as Tobii. Furthermore,
WebGazer’s algorithm in filtering noise and identifying tokens
may also contribute to this discrepancy, which is discussed in
Sec. VI.

WebGazer exhibits performance similar to Tobii in cap-
turing gaze points across semantic AOI, such as collecting
spatially proximate gaze points and identifying relevant
semantics focused on by participants. However, its perfor-
mance at the general level and token level is not compara-
ble to Tobii’s.

B. RQ2: Do the Visual Patterns Yielded From
Webcam-Based Eye Tracking in Code Comprehension Align
With Screen-Mounted Eye Tracking?

1) General Level: Expanding on raw data quality, we eval-
uated whether WebGazer can capture comparable code com-
prehension patterns with Tobii. At a general level, we found a
significant difference in capturing participants’ comprehension
patterns between WebGazer and Tobii. WebGazer indicated
that participants exerted more effort on each task compared to
Tobii, as reflected in the combined fixation counts and durations
(96.9 seconds vs. 63.1 seconds). This raises a concern that We-
bGazer’s algorithm might not effectively differentiate saccades
from valid fixations. Upon further examination, Tobii reported
an average of 161.7 fixations per stimulus, with each fixation
lasting about 0.39 seconds. In contrast, WebGazer recorded
an average of 334 fixations per stimulus, lasting 0.29 seconds
per fixation. An in-depth analysis of individual stimuli showed
notable differences in the distribution of fixation counts and
durations between the two eye trackers, as confirmed by the

K-S test. Fig. 2 depicts general heatmaps illustrating partici-
pants’ gaze points using two eye trackers.

2) Semantic Level: While the general behavior differs be-
tween the two eye trackers, we further evaluated the consistency
of code comprehension behavior regarding semantics, building
on the promising preliminary results for their raw data quality.

Surprisingly, despite there are differences in code compre-
hension data, the high-level conclusions drawn from it on pro-
grammers’ cognitive load are comparable between WebGazer
and Tobii. Specifically, we found that the cognitive load on
semantics, as measured by the two eye trackers, is comparable,
even though there are differences in the exact number of fixa-
tion counts and average duration underlying the cognitive load.
WebGazer indicated that programmers allocated an average
duration of 0.15 seconds to each semantic, while Tobii reported
an average of 0.34 seconds, based on a combination of fixation
counts and durations. More specifically, WebGazer showed an
average of 2.1 fixations per semantic, lasting 0.07 seconds each,
whereas Tobii recorded an average of 6.7 fixations, each lasting
0.05 seconds. When analyzing individual stimuli, only half
showed a similar distribution of fixation counts, confirmed by
the K-S test. Moreover, only a quarter of the stimuli demon-
strated comparable distribution for average fixation duration.
Despite these differences, the overall ranking of cognitive load
across semantics was consistent between WebGazer and Tobii.
This suggests general agreement on which semantics demand
the most cognitive attention from participants, as supported
by the Mann–Whitney U test (p= 0.12). WebGazer identified
Assignment, Variable Declaration, and Argument as the top
semantics, while Tobii similarly highlighted Assignment and
Variable Declaration as well as Loop Body.

Additionally, regarding scan paths, WebGazer and Tobii still
exhibit notable differences in straight scan path data, but they
yield similar high-level conclusions, as corroborated by edit
distance, element weight, and regression. On average, our anal-
ysis revealed an average edit distance of 177.5 between the
semantic scan paths generated by WebGazer and Tobii. This
indicates that aligning WebGazer’s scan path (224.7 semantics
in length) with Tobii’s requires approximately 177.5 operations,
suggesting significant differences in the order participants focus
on semantics. Looking at individual cases, we observed varied
edit distances, with the lowest at 160.1 operations for a scan
path of 224.7 semantics in length and the highest at 171.3
operations for a scan path of 113.1 semantics in length. This
further indicates that the discrepancy in scan paths is largely
inconsistent across all tasks. However, the element importance
concluded from the scan paths between WebGazer and Tobii
is similar according to the Mann–Whitney U test (p= 0.76).
Specifically, WebGazer emphasized Conditional Body, Con-
structor Call, and Function Call as consistently important,
whereas Tobii identified Conditional Body, Assignment, and
Function Call as important on average across all scan paths.
Table III summarizes the overall element weight ranking from
two eye trackers. Furthermore, the conclusions about the likeli-
hood that programmers backtrack during their comprehension
of program semantics, as indicated by the regression rate, were
similar in the scan path analysis from both WebGazer and Tobii.
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TABLE III
COMPARISON OF ELEMENT IMPORTANCE RANKING BETWEEN

WEBGAZER AND TOBII AND ITS FREQUENCY IN PROGRAMS

Semantic WebGazer Tobii Frequency

Conditional Body8 1 1 84
Assignment 7 2 122
Function Call 3 3 77
Loop Body4 4 4 73
Parameter2 8 5 48
Variable Declaration3 5 6 122
Constructor Call 2 7 4
Argument5 10 8 122
Function Definition1 9 9 59
Class Definition 6 10 5
Operator7 11 11 1
Return9 13 12 30
Conditional Statement6 12 13 38

∗ 1-9 indicate the corresponding semantic in Fig. 3(b).

Our findings indicate that Tobii reported an average regression
rate of 41.0% (SD = 22), while WebGazer reported a regression
rate of 46% (SD = 21) across all programmers. A z-test con-
firmed that this difference is not statistically significant, further
supporting their consistency. However, upon examining indi-
vidual programmers, we found that 9 out of 49 did not exhibit
similar regression patterns between WebGazer and Tobii, with
WebGazer consistently reporting a higher regression rate than
Tobii. This implies that while WebGazer can generally perform
well, it can be inconsistent.

3) Token Level: At the token level, WebGazer’s performance
was less promising than at the semantic level, showing incon-
sistent code comprehension patterns and occasionally leading
to different conclusions compared to Tobii. Stated differently,
while WebGazer sometimes reached similar conclusions to To-
bii in detailed analysis, its performance was not as consistent.

First, we observed significant differences in cognitive load
captured by WebGazer and Tobii at the token level, including
variation in fixation counts and duration. WebGazer reported
an average of 1.7 fixations per token with an average duration
of 0.05 seconds, whereas Tobii reported 4.4 fixations with an
average duration of 0.03 seconds across all stimuli. When an-
alyzing the cognitive load per token on each stimulus, the two
eye trackers still exhibited significant disagreement. Only 8 out
of 20 stimuli showed a similar distribution of fixation counts,
and 2 out of 20 stimuli showed a similar distribution of average
duration, as determined by the K-S test.

Similar results were observed in the token scan paths, where
the two eye trackers yielded largely different scan paths. The
conclusions drawn from this scan path data regarding code
comprehension behavior are also different. The average edit
distance is 206.5 over a scan path of 193.1 tokens in length.
When considering each stimulus individually, the edit distance
ranges from 138.6 operations over a scan path of 157.6 tokens
in length to 182.0 operations over a scan path of 113.1 tokens
in length. This implies that the order in which programmers
focus on tokens, as captured by the two eye trackers, differs
substantially across all tasks. Apart from differences in the raw
scan path data, our analysis also revealed persistent differences

in the token importance concluded from participants’ scan path
between WebGazer and Tobii, as confirmed by the Mann–
Whitney U test. However, when examining each stimulus sep-
arately, we observed that 16 out of 20 stimuli showed similar
results regarding the element weight of tokens, suggesting We-
bGazer might have the potential to provide comparable detailed
analysis results, although its reliability may vary across dif-
ferent cases. Additionally, differences in regression rates con-
cluded from participants’ scan path were still observed signifi-
cantly between Tobii and WebGazer. Tobii showed participants
have an average regression rate of 36.1% (SD = 19), while We-
bGazer reported an average regression rate of 42.4% (SD = 16)
among the 49 programmers, a statistically significant difference
confirmed by a z-test. However, when examining individual par-
ticipants, WebGazer produced regression rates comparable to
those of Tobii for 21 out of the 49 programmers. This suggests
that, although WebGazer’s results are less consistent, it has the
potential to deliver detailed analysis outcomes similar to those
of Tobii.

4) Gender Influence: Multiple previous eye-tracking studies
have reported that individual factors (i.e., gender) may also con-
tribute to different code comprehension patterns [8], [29], [66],
such as different fixation patterns, and disparities in cognitive
strategies during code reading. Thus, we investigated whether
WebGazer can identify gender influence in code comprehension
patterns that are revealed by Tobii. In general, both WebGazer
and Tobii found no difference in cognitive load between women
and men. At the semantic level, WebGazer generally aligned
with Tobii in identifying gender differences; however, it may
occasionally produce false positives when detecting specific
patterns. Both Tobii and WebGazer agreed that there is no
significant difference between genders in cognitive load on
semantics, regression rates, element weights within scan paths
or fixation counts. However, WebGazer found a significant
difference in fixation durations, with women averaging 0.064
seconds and men averaging 0.074 seconds per semantic (p=
0.001), a distinction not observed by Tobii. Similar findings
were observed at the token level, but WebGazer produced more
false positive conclusions at this level of detail. While Tobii and
WebGazer aligned on cognitive load for each token and element
weight between genders, WebGazer indicated a notable dispar-
ity in fixation durations (p= 0.03) and regression rates (p <
0.001) between genders, which was not supported by Tobii.
Additionally, a comparison was conducted to assess whether
gender could, in turn, affect the accuracy of WebGazer. Anal-
ysis indicated that gender did not have a significant effect on
WebGazer’s accuracy, as verified by each measure. A summary
of the performance of WebGazer compared to Tobii has been
summarized in Table IV.

While there are distribution disparities in code
comprehension data, WebGazer and Tobii still yield
similar high-level conclusions. Although WebGazer
sometimes generates inaccurate code comprehension
conclusions across genders, its overall results are
consistent with Tobii’s.
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TABLE IV
EVALUATION OF WEBGAZER’S PERFORMANCE USING VARIOUS MEASURES

AT DIFFERENT LEVELS. � INDICATES THE SUPERIOR PERFORMANCE OF

WEBGAZER COMPARED TO TOBII, WHILE ✗ DENOTES A LESS FAVORABLE

PERFORMANCE

Aspects Measures Token Semantic

Raw Data Quality
*Euclidean Distance ✗ �

Element Coverage ✗ �

Code Comprehension Pattern

Fixation Counts &
Duration

✗ ✗

Cognitive Load ✗ �
Element Weight ✗ �

*Edit Distance ✗ ✗

Regression Rate ✗ �

Gender Influence

Fixation Counts � �
Fixation Duration ✗ ✗

Cognitive Load � �
Element Weight � �
Regression Rate ✗ �

∗ is not applicable for statistical tests for distribution comparison
purposes.

C. RQ3: Is Webcam-Based Eye Tracking Feasible and
Accurate in an Unconstrained, Real-World Offsite Setting?

Our findings in RQ1 and RQ2 suggest that WebGazer per-
forms reasonably well in onsite studies for semantic-focused
code comprehension tasks. However, its accuracy declines
when evaluated using general gaze metrics and token-level
analysis. To further investigate this, we assessed the extent of
noise introduced at both the general gaze level and the token
level in onsite and offsite settings. Our results show that off-
site WebGazer produces noisier eye-tracking data compared to
both onsite WebGazer and Tobii. In contrast, onsite WebGazer
produces noises that are comparable to those of Tobii. Table V
summarizes the noise measurements for onsite WebGazer, off-
site WebGazer, and Tobii. Specifically, mean gaze distance for
offsite WebGazer was 160.30 pixels, compared to 64.29 for
onsite WebGazer and 23.71 for Tobii. Similarly, mean fixation
distance was 158.07 pixels offsite, nearly four times higher than
onsite (38.89) and about ten times greater than Tobii (16.08),
reflecting great dispersion in raw gaze and fixation data in the
offsite condition. At the token level, the mean regression count
was 1028.96 for Tobii and 763.33 for onsite WebGazer. Still,
it dropped sharply to 44.86 for offsite WebGazer, suggesting
that elevated noise likely disrupted the detection of both initial
and regressive fixations. Mean token distance further highlights
the increased dispersion in offsite data. In terms of same line
token fixation rate, Tobii and onsite WebGazer both achieved
high rates (82% and 83%, respectively), while offsite WebGazer
dropped significantly to 32%, probably due to vertical noise in
the offsite WebGazer data making it seem as though participants
are reading above or below a line they are scanning.

Thus, while WebGazer’s noise levels are reasonably com-
parable to Tobii’s in controlled onsite settings, its accuracy
degrades significantly in uncontrolled, offsite environments,

TABLE V
EVALUATION OF WEBGAZER’S PERFORMANCE IN OFFSITE AND ONSITE

EXPERIMENTS USING NOISE MEASURES AT BOTH GENERAL AND TOKEN

LEVELS

Level Metric Tobii
WebGazer

Onsite Offsite

General Mean Gaze Distance 23.71 64.29 201.79
Mean Fixation Distance 16.08 38.89 228.53

Token Mean Regression Count 1028.96 763.33 42.98
Mean Token Distance 103.29 138.50 177.96
Same Line Token Fixation Rate 82% 83% 43%

where variability in hardware, lighting, and user behavior may
introduce substantial measurement noise.

Compared to onsite use, WebGazer can introduce in-
creased noise in offsite experiments, underscoring the im-
portance of caution when employing webcam-based eye
trackers for offsite code comprehension studies.

D. RQ4: What Are Participants’ Perceptions of Self-Setting
Up The Webcam-Based Eye-Tracking?

1) Survey: The experimental setup was generally perceived
as conducive to concentration, with most of the onsite partic-
ipants (33 out of 47) and almost all the offsite participants
(9 out of 10) reporting minimal distractions. The setup in-
structions effectively guided participants through the process,
with all participants reporting high confidence in independently
configuring the webcam-based eye tracker. They also found
the instructions clear and easy to follow. The quality of the
instructions was rated highly by participants, with onsite par-
ticipants giving an average score of 4.7 out of 5, and offsite
participants rating it 4.2 out of 5. Additionally, 45 out of 47
onsite participants and 9 out of 10 offsite participants indicated
they would recommend the instructions to future researchers,
reflecting strong overall endorsement. However, a potential area
for improvement lies in the format of the instructions. A small
minority (4 onsite participants and 1 offsite participant) reported
that they did not find the instructions particularly user-friendly.
In addition, 61.7% of participants did not feel fully engaged
because the motivation for the tasks and the study’s goals were
not clearly explained.

2) Interview: During the interviews, both onsite and offsite
participants shared additional insights about their experiences
and offered suggestions for improving the self-setup process
of the study. Concerning the setup instruction, six participants
recommended enhancing the formatting by grouping sequential
steps on the same page, which they believed would reduce
confusion and improve the ease of following the instructions,
particularly for complex processes. Additionally, a significant
majority (89.4%) emphasized the effectiveness of visual aids in
the instructions in enhancing their comprehension of the steps
involved.
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Overall, 73.5% of participants reported a positive experience.
However, a primary challenge identified was the initial software
setup, especially when starting the tasks. Given that 18 partic-
ipants were unfamiliar with this process and preferred using
an IDE to run the script, simplifying the setup process, such
as by publishing the tasks online, may be more user-friendly
and facilitate participation. Another challenge identified was the
calibration process, where 17 participants struggled to achieve
satisfactory results and were uncertain how to improve their
calibration scores. Suggestions for improvement include re-
fining the calibration process to enhance user-friendliness and
reduce the likelihood of errors. Additionally, the instructions
could be augmented with more detailed guidance on this aspect.
Additionally, two participants reported that the flashing of the
webcam was distracting, while four others found it challenging
and tiring to remain stationary for extended periods during the
code comprehension task. Addressing these concerns could also
enhance the overall comfort and concentration of participants
in the experiment.

The setup instructions were helpful, with partici-
pants recommending them for future webcam-based eye-
tracking research, albeit with format improvements. Most
participants reported a positive experience, but challenges
were reported in initiating tasks, calibration, distractions,
and discomfort due to prolonged sitting.

V. LIMITATIONS AND THREATS TO VALIDITY

A. Experiment Setup

In our onsite study, we aimed to directly compare the data
obtained from Tobii and WebGazer by requiring participants to
complete the task in a controlled experimental room using the
same laptop. This approach allowed us to minimize variations
in the experimental conditions and ensure a consistent com-
parison between data captured by two eye trackers. However,
it is important to acknowledge that this experimental setup
does not accurately reflect the conditions of a real-world offsite
study. In a typical offsite study, participants would use their
own devices in various environments, leading to a wide range
of variables that could affect the data, such as different screen
sizes, lighting conditions, and levels of distractions. As a result,
our findings in RQ1 and RQ2 may not be directly applicable
to offsite eye-tracking studies conducted in more naturalistic
settings. To mitigate potential limitations, we opted for a laptop
with a standard webcam. Moreover, participants were instructed
to complete all tasks independently, without any interruptions
from researchers. In addition, we performed an independent off-
site study involving ten participants to assess the extent of noise
introduced in a real-world remote eye-tracking experiment.

B. Generalization

All participants recruited in the onsite study had a simi-
lar level of experience with C++ programming, ranging from
1 to 3 years. This homogeneous group may not accurately

reflect the diverse eye-tracking patterns of novice or advanced
programmers, as previous studies have shown differences in
code comprehension patterns between experts and novices [10].
Additionally, the narrow age range of our participants could
limit the generalizability of our findings to a wider population,
as age-related factors may impact the collected eye-tracking
data [67]. To mitigate these limitations, the offsite study incor-
porated a broader participant pool, including individuals with
more varied programming experience and age.

Additionally, our tasks involved relatively simple C++ pro-
grams, which may not capture the complexity and cognitive
demands of real-world software development. In industrial set-
tings and on more complex tasks with experienced developers,
the webcam’s lower spatial accuracy at the token level may
become more consequential, especially for dense, unfamiliar
APIs or multi-file algorithms where brief, overlapping fixations
span many small code elements. Under these conditions, token-
level AOIs can amplify alignment errors (e.g., boundary slips,
rapid saccades across symbols), potentially biasing inferences
about attention allocation to identifiers, operators, or control-
flow markers. Future work should recruit professional devel-
opers, replicate on larger API-heavy codebases across multiple
languages, and expand datasets to strengthen evaluation and
improve the robustness of webcam-based eye tracking.

VI. DISCUSSION

A. Onsite vs. Offsite Eye-Tracking Studies

Off-site eye tracking expands accessibility and convenience,
enabling broader and more diverse participation and thereby
improving the generalizability of findings in eye-tracking re-
search [68]. However, our results indicate that webcam-based
trackers commonly used offsite can compromise data accuracy
and may yield different conclusions than on-site studies that use
specialized, screen-mounted hardware.

In our experience, WebGazer’s spatial error was smaller at
the semantic level than at the token level (127.3 pixels vs. 192.5
pixels). It may be because larger AOIs are inherently more
tolerant of spatial noise and lower sampling rates, so semantic
AOIs yield more stable inferences about code-comprehension
patterns (e.g., regressions, element weights, and cognitive load
within specific semantic regions). Mechanistically, this pattern
reflects known limitations of webcam tracking: lower sam-
pling rates and regression-based, monocular gaze estimation
introduce more spatial jitter and drift than higher-rate, stereo,
screen-mounted trackers. Consequently, threshold-based event
detection can overcount fixations and/or shorten their durations.
These artifacts are attenuated when AOIs are larger (semantic
level) but amplified at token granularity. Accordingly, token-
level conclusions from webcam data should be interpreted with
caution, and semantic-level analyses are generally more reli-
able with webcam-based trackers. However, it is worth not-
ing that off-site variability (e.g., heterogeneous cameras, light-
ing, and head-pose changes) further increases noise, as shown
in Sec. IV-C. Thus, absent substantial advances in webcam
methods, screen-mounted eye trackers remain the preferred
choice when fine spatial precision is required.
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Nevertheless, onsite studies are limited by geographical
constraints and require more setup and resources. Therefore,
when choosing between offsite and onsite eye-tracking studies
in programming research, the study’s goals, required data pre-
cision, and available resources should be considered and trade-
off. Based on our findings, we recommend that eye-tracking
research in SE may be more suitable for offsite tracking when
focusing on high-level program aspects and requiring a large
participant pool. However, to minimize data quality issues, it
is essential to provide explicit instructions regarding partic-
ipants’ hardware and environmental setup. Our offsite study
revealed that in the absence of such guidance, such as speci-
fying the type of laptop to use or the environment in which to
complete the experiment, significant noise was introduced into
the eye-tracking data. Therefore, while offsite deployment can
be practical, researchers must exercise caution and implement
appropriate controls to ensure data validity. Furthermore, for
a detailed understanding of programmers’ focus on specific
program parts, conducting an onsite eye-tracking study is still
advised. Thus, there is still considerable room for improvement
in webcam-based eye tracking technology, particularly to en-
hance its reliability in remote and uncontrolled settings. Ad-
vancing this technology would not only increase convenience
by removing the need for participants to visit a physical lab but
also improve accessibility by making it easier for individuals
with disabilities to participate in eye-tracking studies focused
on code comprehension. To support continued development
and research, we will make our eye-tracking dataset publicly
available as an open-source resource.

B. Challenges in Webcam-Based Eye-Tracking Experiments
and Solutions

To mitigate these issues in remote eye-tracking studies, re-
searchers should establish clear lighting and camera placement
requirements and record basic hardware and environmental
metadata to enable covariate control. They should also predefine
and enforce exclusion criteria based on calibration quality and
environmental thresholds. Furthermore, subgroup comparisons
(e.g., by gender or experience) based solely on webcam data
should be interpreted with caution, given the false positives
observed with webcam-based eye trackers (see Sec. IV-B) and
the additional noise across participants and contexts in off-
site settings, which can further increase the risk of spurious
differences.

In addition, pre-study setup and calibration can impose the
greatest burden on remote participants. Technical prerequisites
(e.g., configuring terminals or IDEs) and multi-step procedures
increase drop-offs. Streamlining the workflow, such as host-
ing tasks and data collection online, consolidating setup steps
on a single page, adding visual aids, and using simpler or
self-calibrating trackers, can help reduce burden and improve
data quality. Clear, explicit guidance on how lighting, camera
placement, and posture affect eye-tracking accuracy is also
beneficial. We observed that participants who understood these
factors adhered more closely to the protocol (see Sec. IV-D),
which in turn improved data quality, particularly in offsite
settings.

Guidelines for improving data quality. In summary, our
guidelines for improving data quality in offsite studies are:
(1) set explicit environment requirements (e.g., lighting and
camera-placement); (2) consolidate steps to simplify study
setup and reduce tool switching; (3) prefer simpler or self-
calibrating webcam-based eye trackers; (4) provide one-page
visual setup guide for onboarding, and include brief explana-
tions of factors that affect accuracy so participants are aware.

C. Improving Participant Experience

Building on our findings, participants struggled to get started
on tasks, encountered notable friction during calibration, felt
uncertain about the study’s goals and their role, and re-
ported physical discomfort from prolonged sitting. To address
these barriers and support sustained, satisfying participation
in webcam-based eye-tracking studies, we recommend prac-
tices that actively foster motivation, increase comfort, and im-
prove understanding. Motivation can be increased with light-
touch gamification that signals progress without pressure: for
example, a clear progress bar and brief “you’re good to go”
confirmations that make repetitive steps feel purposeful. In the
participant-facing UI, use brief, just-in-time prompts and simple
visual cues that signal progress and clarify next steps to sus-
tain motivation. Comfort should be supported both physically
and cognitively. Physically, design sessions to avoid prolonged
stillness, encourage posture resets, and schedule short breaks
between tasks; cognitively, maintain a consistent interface, min-
imize context switching, and decompose multi-step procedures
into smaller, guided actions. Moreover, provide small, empow-
ering controls, such as pausing between tasks or adjusting cam-
era framing with a live preview, to enhance comfort and a sense
of control. Finally, well-informed participants are more likely
to trust the research process and follow procedures accurately.
To support this, provide clear explanations during self-setup and
task execution. These explanations should cover what each step
involves, why it is necessary, and how the data will be used.
It is also important to communicate the overall purpose of the
study, how gaze data will be processed and stored, and what
information will or will not be inferred from their participation.

Guidelines for improving participants’ experience. In sum-
mary, our guidelines for improving participants’ experience
in offsite webcam-based eye tracking studies are: (1) use
lightweight progress cues and timely UI prompts to motivate
participants; (2) design for physical comfort (e.g., allow posture
resets, include scheduled breaks); (3) reduce cognitive load
through consistent interfaces and step-by-step guidance; (4) en-
sure transparency about the study’s purpose, data use, storage,
and what will not be inferred.

D. Algorithm Improvement

In addition to researcher interventions in webcam-based eye-
tracking studies, advances in eye-tracking technology remain
essential. In our study, we found that WebGazer showed com-
parable accuracy to Tobii in capturing semantics during code
comprehension tasks. This indicates that WebGazer has the
potential to reveal how programmers interact and comprehend
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the code. However, it still struggled with identifying specific
tokens and did not align well with Tobii’s results overall. More-
over, in our offsite experiment, even with participants following
the instructions, the data still contained significant noise. Its
performance also appeared to be largely affected by variability
in participants’ environments and hardware configurations. To
enhance WebGazer’s performance, future work could focus on
refining its algorithm to better capture detailed code syntax, pos-
sibly by integrating natural language processing and machine
learning methods. Additionally, developing a more advanced
calibration method tailored to programming-related tasks may
also improve gaze tracking accuracy, as traditional methods
may not address the unique eye movement patterns associated
with reading and understanding code. To improve reliability
in diverse, uncontrolled environments, future work could also
explore real-time adaptation mechanisms that respond to vary-
ing lighting conditions, screen sizes, and camera qualities—
for example, through dynamic brightness normalization and
adaptive face tracking. Furthermore, incorporating hardware-
aware calibration models that adjust to individual device config-
urations may help mitigate errors introduced by low-resolution
webcams or inconsistent display setups. By enhancing We-
bGazer’s performance, we can provide SE researchers with a
reliable tool for conducting webcam-based eye-tracking studies
in programming.

VII. CONCLUSION

The pandemic and the challenge of recruiting a large num-
ber of participants with specialized SE expertise have acceler-
ated the transition to conducting eye-tracking studies remotely.
Webcam-based eye trackers present a convenient alternative for
conducting offsite eye-tracking research and enabling program-
mers to participate in code comprehension studies from remote
locations. However, a critical concern is whether these webcam-
based eye trackers can produce conclusions comparable to those
derived from high-accuracy research-focused eye trackers. Our
study indicates that the webcam-based eye tracker WebGazer
performs reliably in capturing code comprehension patterns at
the semantic level in onsite settings. However, it struggles to
accurately detect gaze at the token level. Additionally, webcam-
based trackers may occasionally produce false positives when
identifying individual differences. The elevated noise levels in
offsite settings further undermine the reliability of webcam-
based trackers for drawing precise conclusions. Participants
also commonly experienced challenges with calibration and ini-
tiating tasks. In this study, we also provide recommendations for
future research directions, including developing and enhancing
algorithms for webcam-based eye tracking to better capture the
nuances of visual patterns in programming. Additionally, we
propose guidelines for conducting offsite webcam-based eye-
tracking studies in SE, tailored to various research objectives.

DATA AVAILABILITY

Related data is available via our online appendix: https://
anonymous.4open.science/r/webcam-6C3B/
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