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Abstract

Eye tracking offers unique insights into cognitive processes, making it a promising tool for evaluating machine
translation (MT). This study explores the feasibility of using an iPhone 12 camera-based eye tracker with a 14-inch
laptop display for conducting translation evaluation in personal workspaces, offering a more accessible and
cost-effective alternative to traditional setups. Participants evaluated source sentences, selected translations, and
identified problematic words while their gaze metrics were recorded and analyzed. Our findings reveal statistically
significant correlations between gaze patterns and preferred translations, as well as increased visual attention to
problematic words. These results demonstrate that home-based eye tracking systems are technically sufficient
for capturing gaze behavior accurately enough for MT evaluation purposes. A potential practical application is to
speed up translation proof-reading using eye tracking technique to automatically mark portions of text that should be
attended to and improved based on the gaze pattern during a quick reading.
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1. Introduction tracking systems. Unlike conventional standalone
systems, this methodology offers a pragmatic alter-
Human evaluation of machine translation (MT) qual-  native, avoiding the need for dedicated eye tracking
ity remains a crucial aspect in the advancement  hardware and enabling broader accessibility. This
of translation technology. However, the subjec-  approach embraces real-world scenarios, where
tivity inherent in human judgment poses a chal-  users can employ their own devices for evaluation.
lenge in achieving a reliable and consistent assess- By lowering technical and financial barriers, this
ment. In recent years, eye tracking technology = method aims to democratize access to eye tracking
has emerged as a promising tool to delve into the  technology, allowing researchers and practitioners
cognitive processes that underlie translation evalu-  to integrate cognitive insights into MT evaluation
ation (Stymne et al., 2012; Sajjad et al., 2016). By  without relying on specialized equipment. Such
capturing individuals’ reading patterns during the  an accessible solution has the potential to expand
evaluation of translation options, eye tracking pro-  the reach of eye tracking research to diverse, in-
vides insights into the linguistic cues that influence  cluding non-specialist, environments, making the
decision-making, such as incorrect word order, mor-  evaluation process more inclusive and practical.
phological disagreement, and semantic ambiguity,
thus offering a more objective lens to complement
traditional subjective and self-reported evaluation
methods.

Previous studies have demonstrated the potential
of eye tracking in predicting the preferred translation
among multiple options (Sajjad et al., 2016; Doherty
et al., 2010) or machine translation error analysis
(Stymne et al., 2012). These investigations have
employed standalone eye tracking systems to mon-
itor participants’ gaze movements, revealing that
poorly translated text causes readers to frequently
jump back while reading, which serves as a measur-

able marker of processing difficulty. Furthermore, However, traditional human e_vgluation often
research demonstrates that “bad” sentences re- treats the translator’s or rater’s decision as a “black

sult in significantly higher gaze times and fixation ~ Pox.” focusing on the final output rather than the

counts compared to high-quality ones. process. !By integrating eye tracking, we can move
In this paper, we contribute to the evolving land- ~ Peyond simple preference scores to observe the

scape of MT evaluation using an iPhone camera- cognitive effort involved in processing translation

based eye tracking approach. This approach was  ©rfors-

chosen over webcam-based due to gaze tracing We implement an experimental design in which

qualities revealed during the comparison of eye  participants are presented with a source sentence

Despite the broad use and advances in automatic
evaluation of machine translation, see e.g. Lavie
et al. (2025), human evaluation remains the gold
standard in the field of machine translation. Auto-
matic metrics, while scalable, often struggle to cap-
ture semantic nuances, stylistic consistency, and
the actual cognitive load experienced by a reader.
This enduring importance is evidenced by the an-
nual Conference on Machine Translation (WMT;
Kocmi et al., 2025), where human judgment serves
as the benchmark for validating the accuracy of
automated systems.
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in English and two target candidate translations
in Russian. Participants are tasked with selecting
a better option, while also identifying problematic
words within the suboptimal choice.

To evaluate the efficacy of the approach, we
analyze the correlations between eye movement
metrics (such as fixation/saccade count and time
spent on each sentence) and participants’ transla-
tion choices. We hypothesize that the utilization of
an iPhone camera-based eye tracker can be used
to assess that correlation and to substantiate that
problematic words within suboptimal translations
are associated with a higher concentration of gaze
fixations and gaze saccades.

2. Related Works

Although human judgment remains the gold stan-
dard, as seen in the annual Conference on Machine
Translation (WMT)," human evaluation is not with-
out flaws; it is resource-intensive and prone to high
inter-annotator variability and subjectivity (Graham
et al., 2013; Lommel et al., 2014).

To bridge the gap between automated scores
and subjective human ratings, researchers have
turned to eye tracking. The foundational assump-
tion of eye tracking is the “eye-mind hypothesis”
(Just and Carpenter, 1980), which suggests a link
between gaze fixation and cognitive processing of
linguistic content. Based on this theory, Doherty
et al. (2010) aimed to explore whether eye tracking
data can reflect the quality of MT output as rated by
human evaluators and whether eye tracking could
be used as a semi-automated tool for evaluating MT
quality. This study analyzed various eye tracking
metrics, including gaze time, fixation count, fixation
duration, and pupil dilation. The results indicated
correlations between eye tracking metrics and the
quality of MT output as rated by evaluators. Specif-
ically, “bad” sentences had longer gaze times and
more fixations compared to “good” sentences. The
duration of fixation and pupil dilation showed less
consistent correlations.

Building on this, Sajjad et al. (2016) utilized eye
tracking data to address the subjectivity and low
inter-annotator agreement often found in traditional
human judgments. The authors demonstrated that
specific reading patterns, such as the number of re-
gressions and the total reading time, effectively dis-
tinguish between high- and low-quality translations.
They found that combining eye tracking features
with BLEU scores (Papineni et al., 2002) yielded
promising results in predicting translation quality,
indicating that reading patterns capture more than
just fluency. This suggests that gaze data capture
cognitive nuances, such as semantic processing

"https://www.statmt.org/wmt25/

effort, that surface-level n-gram overlap metrics like
BLEU inherently overlook.

Furthermore, Bojar et al. (2016) investigated the
cognitive drivers of inter-annotator disagreement
within the WMT Shared Translation Task. Using a
high-precision EyeLink Il tracker in a controlled lab-
oratory setting, the authors found that inconsistent
rankings often stemmed from specific error types
— mainly in translations that displayed high fluency
but low adequacy. Their gaze data revealed that
these “deceptive” translations caused significant
uncertainty and longer processing times. The study
also highlighted the cognitive burden of the source
text, noting that annotators focused more on source
sentences than references, which was expected be-
cause the participants were native speakers of the
target language but only second-language learners
for the source.

Despite the established benefits of eye tracking
metrics, their integration into large-scale MT eval-
uation has been hindered by a reliance on expen-
sive, lab-bound hardware. Lately, several studies
have compared webcam-based eye tracking sys-
tems with traditional in-lab systems, evaluating their
viability across different research domains. In psy-
cholinguistics, webcam-based systems have been
used to study language processing in naturalis-
tic environments, providing accessibility to diverse
populations and geographically dispersed partic-
ipants. For instance, Ozsoy et al. (Ozsoy et al.,
2023) investigated heritage language processing
using webcam-based eye tracking, demonstrating
that data collected in such settings was largely con-
sistent with in-lab systems. This approach facili-
tated the inclusion of heritage speakers who other-
wise might not have access to laboratory facilities.
Other studies have replicated psycholinguistic ef-
fects, such as the verb semantic constraint and lexi-
cal interference effects, using webcam-based track-
ing, confirming its ability to capture both robust and
subtle phenomena (Prystauka et al., 2023). Sim-
ilarly, a recent replication of a Visual World study
on verb aspect processing showed that webcam-
based eye tracking, even with off-the-shelf tools,
can achieve comparable results to infrared systems,
offering a cost-effective and accessible alternative
(Vos et al., 2022). These findings suggest that while
webcam-based systems can reliably replicate key
effects, careful attention must be given to factors
like calibration, lighting, and participant guidance
to ensure data quality.

Our work contributes to this shift by exploring the
efficacy of iPhone-based eye tracking specifically
for MT quality evaluation. By moving the experi-
mental environment from the controlled laboratory
to a home-based setting, we aim to lower the finan-
cial and technical barriers to high-quality, “process-
oriented” human evaluation. This approach not only
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democratizes access to cognitive data but also in-
troduces a new layer of quality control, allowing
researchers to filter human annotation based on
real-time cognitive engagement and attentional fo-
cus.

3. Methodology

3.1. Tool Selection

The experimental configuration was finalized after
a comparative pilot of webcam-based systems. We
initially evaluated jsPsych? with the WebGazer.js
library. While jsPsych is a well-established tool
for behavioral experiments, it presented several
limitations. To validate the accuracy of each sys-
tem, we conducted a controlled reading task where
the researcher read the stimulus text slowly and
linearly, line-by-line. As shown in Figure 1, the re-
sulting gaze trace for the webcam-based system
was highly distorted and failed to follow the hori-
zontal progression of the lines. Furthermore, the
gaze coordinates collected during trial runs were
challenging to interpret, complicating the analysis.
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Figure 1: jsPsych eye trace mapped on the screen.

Consequently, we selected Eyeware Beam for
data collection. This software supports high-
precision tracking via an iPhone 12 mini camera
(connected via USB) at a sampling rate of 90 Hz.
The iPhone-based approach was chosen over stan-
dard webcams due to its far more accurate map-
ping, demonstrated in Figure 2. The camera was
positioned horizontally at the base of a 14-inch lap-
top screen on the left side. Unlike previous studies,
the participants’ head positions were not fixed, and
the exact screen-to-eye distance was not rigorously
controlled. However, participants adhered to the
eye tracker’s recommended distance of approxi-
mately 50-60 cm.

3.2. Participants

Participants were recruited via convenience sam-
pling from a pool of graduate-level volunteers within

2https://www.jspsych.org/7.3/

Figure 2: Eyeware Beam eye trace mapped on the
screen.

a university environment. Participation was entirely
voluntary, and no financial compensation was pro-
vided. All participants were informed of the study’s
objectives and the nature of the eye tracking data
being collected prior to the start of the trial. For this
pilot study we recruited 8 participants (4 male, 4
female) with the following profiles:

» Language: Native Russian speakers with B2+
English proficiency.

» Age: 25-30 years
+ Education: Graduate-level or higher.

« Vision: Normal or corrected-to-normal vision
(no glasses were worn during this specific trial
to ensure maximum tracker stability).

The experimental protocol was designed follow-
ing the principle of data minimization. The uti-
lized software processes the camera feed locally
in real-time to calculate gaze vectors. Crucially,
no raw video or photographic data of participants
was stored at any point during the study. The
exported data consisted exclusively of numerical
logs containing temporal markers (timestamps) and
spatial gaze coordinates relative to the screen.
Since no personally identifiable information (PII)
was linked to the gaze logs, the dataset is inher-
ently anonymized.

3.3. Research Materials

The test stimuli consisted of sentence pairs ex-
tracted from the WMT Metric Task (2021° and
2022*) datasets.

« Structure: 10 distinct screen sets, each con-
taining 10 experimental screens.

» Layout: A standardized interface displaying
one English source sentence at the top and

3https://drive.google.com/drive/folde
rs/1TNIeXirfNMa6WV7L1S3Z251UxNNCgGemS

*https://drive.google.com/file/d/1I00
-NzOLCxrO6noub2pY81BtWxp42RA46/view
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As it turns out this procedure is generally hated by insurance because it’s pretty
expensive.

Kak okaszanocb, 3Ta npouegypa, Kak npaBuno, HeEHaBunauUTCA CTanOBKOI7IJ NOTOMY 4YTO OHa
AOBOJIbHO goporan.

Kak okasanocb, CTpaxoBWWKW HEHaBUAAT 3Ty npoueaypy, MNOTOMYy 4YTO OHa AOBOJIbHO Aoporas.

Figure 3: Example of the screen layout.

two candidate Russian translations (labeled “1”
and “2") below (see Figure 3).

+ Calibration: A warm-up set was provided to
familiarize users with the interface, and calibra-
tion was verified at the start of each session
and after breaks.

3.4. Experimental Task and Procedure

Participants were asked to perform a dual-stage
evaluation task designed to capture both prefer-
ence and cognitive load:

1. Comparative Judgment: Participants read
the source and both translations, then selected
the superior candidate by clicking a corre-
sponding button. To prevent positional bias,
the order of the translation candidates was
randomized. Consequently, the ‘better’ trans-
lation appeared as either the first or second
option with equal frequency throughout the ex-
periment.

2. Error Span ldentification: In the subopti-
mal translation, participants were instructed
to click on specific words or phrases they per-
ceived as problematic. This design follows
Maja Popovié’s research (Popovié¢, 2020) on
identifying challenging sentence segments in
machine translation, though no distinctions
were made between different types of errors
in this study.

To ensure data integrity, gaze data recorded dur-
ing the clicking action (identification phase) was
excluded from the cognitive load analysis. This al-
lows us to isolate the uninterrupted reading process
from the manual task of error marking.

3.5. Quality Control

A key contribution of this methodology is the use
of gaze data as a quality control layer. By analyz-
ing fixation density and saccadic movements, we
can identify “inattentive” trials where the participant
may have skimmed the text without full cognitive en-
gagement. This enables the exclusion of unreliable
human data that are typical for remote, home-based
annotation tasks.

4. Analysis

4.1. Gaze Data Post-Processing

For the extraction of fixations and saccades for
further analysis, a post-processing procedure was
employed on the collected data. Notably, the col-
lected traces exhibited a noticeable shift along the
y-axis, possibly attributable to inaccuracies in the
calibration process or head movement during the
experiment. This phenomenon is illustrated in Fig-
ure 4. Consequently, a manual adjustment was re-
quired, using a constant addition to the y-coordinate
across the entire trace for each screen. The modi-
fied, post-processed trace is shown in Figure 5.

It is worth noting that during the experiment a few
times participants misclicked on the “Next” button
and accidentally skipped a screen without noticing
it. These occurrences were infrequent (5 times)
and pointed to drawbacks of the technical imple-
mentation of the experiment. Those 5 screens are
skipped in the analysis.

To analyze gaze behavior, we extracted fea-
tures related to gaze fixations and saccades us-
ing the Velocity-Threshold Identification algorithm
(Salvucci et al., 2000), with a velocity threshold set
to 100. This algorithm identifies fixations and sac-
cades based on point-to-point velocity. Our analy-



I was told the cashier shouted for him to stop as she chased after him, but he began
running with the cart to the getaway vehicle.

Figure 4: Mapping of originally collected trace of
gaze.
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Figure 5: Mapping of shifted along y-axis trace of
gaze.

sis includes two levels: word-level and sentence-
level.

4.2. Word-level Analysis: The Cost of
Errors

For the word-level analysis, we prepared two
datasets, each containing three features, where
each row represented data for a single screen and
participant:

1. Dataset 1: Number of identified problematic
words, number of fixations on these words,
and total number of fixations on the screen.

2. Dataset 2: Number of identified problematic
words, number of saccades on these words,
and total number of saccades on the screen.

In both datasets, we conducted correlation analy-
sis by calculating the Pearson correlation coefficient
(PCC) between the number of words marked as
problematic and the relative share of visual atten-
tion (fixations and saccades) those words received.

The scatter plots (Figures 6 and 7) illustrate these
relationships. While there is a high density of points
at low error counts, a clear upward trend is visible:

+ Fixation Proportion: PCC=0.30 (p < 0.001)

» Saccade Proportion: PCC=0.44 (p < 0.001)

While the correlation coefficients indicate a low-
to-moderate relationship, they are highly statisti-
cally significant. The higher correlation for sac-
cades (0.44) suggests that problematic segments
do not merely cause the eye to linger; they are more
strongly associated with re-scanning behaviors as
participants repeatedly glance back at the source
sentence to check the original meaning whenever
they run into a problematic translation. This finding
implies that problematic words attract a dispropor-
tionate share of visual attention.

4.3. Sentence-level analysis: Predicting
Preference

For the sentence-level analysis, we derived the fol-
lowing features: number of fixations per sentence,
number of saccades per sentence, time spent on
each sentence. Using these features, we modeled
the participants’ final translation choice (Sentence
1 vs. Sentence 2) using both a Logistic Regres-
sion (LR) model for statistical significance and a
Decision Tree (DT) for behavioral interpretability.

4.3.1. Logistic Regression

The LR model was implemented using the
statsmodels library (Seabold and Perktold, 2010)
with default parameters, except for the maximum
iteration parameter, which was set to 100.

The model summary revealed time spent and fix-
ation counts on the second sentence as significant
predictors (p < 0.05) with the following coefficient
signs:

» Time spent on sentence 2: Negative
+ Fixations/saccades on sentence 2: Positive

The coefficient signs reveal a “comparative pres-
sure” effect: an increase in time spent on Sen-
tence 1 significantly increases the probability of the
user choosing Sentence 2. This suggests that the
time metric captures the “struggle” to find meaning;
when one candidate is difficult to parse, the user’s
preference shifts to the alternative. Additionally, a
higher number of fixations or saccades on sentence
2 indicates tendency to choose that sentence.

4.3.2. Decision Tree Interpretation

To derive actionable thresholds for these behav-
iors, we trained a Decision Tree classifier (depth=3)
using scikit-learn library (Pedregosa et al., 2011).
Unlike the LR model, which provides a probability
gradient, the DT identifies the exact points in the
decision-making process.

The model’s Feature Importance (Table 1) indi-
cates that the decision-making process is primar-
ily driven by metrics associated with the second
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Figure 6: Number of problematic words vs. fixation proportion. Pearson correlation coefficient 0.30.

Feature Importance
Time spent sentence 2 0.39
Saccades on sentence 2 0.32
Fixations on sentence 2  0.20
Saccades on sentence 1 0.08

Table 1: Feature Importance extracted from Deci-
sion Tree.

translation candidate. Specifically, time spent on
sentence 2 (39.1%) and saccades on sentence
2 (32.3%) were the most influential factors, while
metrics for sentence 1 provided significantly less
predictive power.

The tree structure (Figure 8) revealed highly in-
terpretable behavioral “thresholds.” For instance, a
specific path in the tree identified a high-certainty
node (Gini = 0.188) where a low number of sac-
cades (< 8.5) combined with a limited time invest-
ment (< 81 gaze units) on Sentence 2 led to a
consistent selection of that candidate. This sug-
gests that “fluency” — characterized by rapid, linear
processing — is a stronger predictor of preference
than simply the total amount of attention paid to a
sentence.

5. Discussion

The results of this pilot study suggest that iPhone-
based eye tracking is a viable, low-cost method for
capturing cognitive effort in MT evaluation. The
correlation found between visual attention — specif-
ically gaze duration and fixation counts — and the
final translation choice aligns with the “eye-mind
hypothesis” (Just and Carpenter, 1980), suggest-
ing that participants spend significantly more time
processing suboptimal segments.

5.1.

Interestingly, our analysis showed a stronger cor-
relation between visual attention to the “second”
translation candidate and the final choice than for
the first. We hypothesize that this asymmetry does
not reflect a lack of cognitive engagement with the
first sentence, but rather a limitation in our current
manual gaze-trace processing. Because the sec-
ond sentence is often the final piece of information
processed before a decision is made, the “recency
effect” may make its associated gaze data more
distinct.

Asymmetry in Sentence Correlation

5.2. Challenges in Home-Based
Calibration

Our home-based approach offers an alternative to
the traditional lab-based setup described in (Bojar
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Figure 7: Number of problematic words vs. saccade proportion. Pearson correlation coefficient 0.44.

fixations_on_sentence 2 <= 27.5
gini = 0.498
samples = 725
value = [340.0, 385.0]
class =2

True

time_on_sentence_2 <= 47.0
gini = 0.408
samples = 77
value = [22, 55]
class = 2

\
“E

saccades_on_sentence_2 <= 8.5
gini = 0.497
samples = 39
value = [18, 21]
class =2

[\

False

time_on_sentence_2 <= 24.5
gini = 0.5
samples = 648
value = [318, 330]
class = 2

saccades_on_sentence_1 <= 261.0 || saccades_on_sentence_2 <= 130.5

gini = 0.412
samples = 62
value = [18, 44]
class =2

gini = 0.5
samples = 586
value = [300, 286]
class =1

/A /A

Figure 8: The decision tree analysis (depth=3) showing behavioral thresholds for MT selection.

etal., 2016), which utilized a high-precision EyeLink
[l tracker (250 Hz) and a chin rest to minimize noise.
While the lab setup performed calibration before ev-
ery screen and excluded data based on pupil size
and blinks (removing 30 ms around each blink),
our setup relied on an iPhone 12 mini (90 Hz) with
calibration at session starts and breaks. Regard-
ing trial exclusion, the lab study manually adjusted

areas of interest due to non-linear distortions, while
we excluded only 0.6% of screens due to technical
misclicks and applied a constant y-axis shift to cor-
rect for calibration drift caused by the lack of head
restraints. While the iPhone 12 mini provided suf-
ficient precision for broad sentence-level analysis,
the lack of head-restraints introduced “noise” during
manual processing. This highlights a critical trade-



off: home-based environments offer higher acces-
sibility but require more robust, automated post-
processing scripts to handle natural head move-
ments and slight calibration drifts.

6. Conclusion

While this study serves as a preliminary proof-of-
concept, our findings suggest that eye tracking pro-
vides a ‘process-oriented’ layer that complements
the ‘black box’ of traditional direct assessment. Un-
like error span annotation (Kocmi et al., 2024),
which only identifies the location of a flaw, gaze
metrics - specifically saccade proportions - reveal
the re-scanning behavior, when annotators double-
check the source sentence when they encounter a
translation that is hard to follow. This allows us to
observe cognitive nuances, such as semantic pro-
cessing effort, that traditional automatic metrics like
BLEU or COMET inherently overlook. Furthermore,
while the current requirement for manual alignment
remains a technical bottleneck, the effort is justified
by the potential to use gaze data as a quality control
layer; this enables researchers to filter out ‘inatten-
tive’ trials where participants may have skimmed
the text without full cognitive engagement—a criti-
cal need for remote, home-based annotation.

6.1. Limitations and Future Work

While this study serves as a proof-of-concept for
the technical viability of mobile-based tracking, we
acknowledge that our participant pool was limited to
a convenience sample of eight volunteers. This ini-
tial trial focused on demonstrating the workflow and
technical feasibility rather than providing a large-
scale demographic analysis.

Future research will focus on:

* Scaling: Expanding to a larger, more diverse
group to validate the applicability of these met-
rics.

* Linguistic Diversity and Cross-Family
Pairs: Our current study focused exclusively
on an English—Russian language pair. Fu-
ture iterations should expand to non-Indo-
European languages, such as logographic sys-
tems (e.g., Chinese) or right-to-left scripts (e.g.,
Arabic). Investigating these diverse language
pairs will help determine if the cognitive metrics
identified here remain robust across different
orthographies and reading directions.

» Hardware: Exploring higher-frequency sen-
sors that could improve temporal resolution.
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