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Abstract 

This paper investigates two related 
questions: whether current AI-assisted 
interpreting (AI-INT) training helps 
students process AI-generated transcripts 
more efficiently, and whether such training 
also benefits conventional text-based 
interpreting tasks. Forty-one postgraduate 
interpreting students (22 AI-INT-trained, 
19 untrained) completed three types of 
tasks: AI-assisted simultaneous interpreting 
(AISI), simultaneous interpreting with text 
(SIT), and sight translation (ST), yielding 
454 valid eye-tracking trials. Fixation rate 
(fixations/min) and mean fixation duration 
(MFD) were used to gauge reading ease 
and efficiency. Linear mixed-effects 
models revealed a significant Training × 
Mode interaction for fixation rate: 
compared with untrained interpreters, AI-
INT-trained interpreters produced 
significantly fewer fixations in ST and 
slightly fewer in SIT, but slightly more in 
AISI. MFD did not differ significantly 
between groups in any mode. These 
findings suggest that current AI-INT 
training may enhance fixation efficiency in 
conventional static-text tasks but does not 
transfer to AISI. 

1 Introduction 

AI-assisted interpreting (AI-INT) is increasingly 
adopted in professional settings, and interpreter 
training programs have begun incorporating AI 
tools into their curricula. Despite its widespread 
adoption, however, the effect of AI-INT on 
interpreters’ cognitive processes remains unclear 
(Fantinuoli, 2019; Prandi, 2023), and whether 
current training adequately addresses its distinctive 
demands, enabling interpreters to process AI-
generated transcripts more efficiently while 

simultaneously listening and speaking, is largely 
untested. 

This question matters because AI-INT differs 
structurally from other text-based interpreting tasks. 
In simultaneous interpreting with text (SIT) and 
sight translation (ST) tasks, the source text is static 
and predefined, and how interpreters use such text 
has been investigated extensively via eye-tracking 
(e.g., Seeber et al., 2020). In AI-INT, however, the 
transcript appears incrementally and may be 
revised after it has already been read. An interpreter 
who is efficient at reading static text may not, 
therefore, be equally efficient at monitoring the 
dynamically updated transcript. 
Previous eye-tracking research consistently shows 
that proficient readers’ and interpreters’ reading 
efficiency likely manifests in gaze patterns like 
fewer and shorter fixations (Rayner, 1998; Chmiel 
& Lijewska, 2019; Mézière et al., 2023). Skill 
acquisition research suggests that procedural 
knowledge acquired in one task does not 
automatically transfer to structurally distinct tasks 
(Anderson, 2015), and in translation and 
interpreting specifically, such transfer cannot be 
presumed without empirical verification (Shreve & 
Angelone, 2010). The current study therefore 
examines whether AI-INT training affects reading 
ease and efficiency by comparing AI-INT trained 
and untrained participants across three task modes: 
AI-assisted simultaneous interpreting (AISI), SIT, 
and ST. Specifically, it addresses whether AI-INT 
training confers gaze advantages in the dynamic 
reading environment of AISI and whether such 
advantages extend to conventional text-based tasks. 

2 Method 

A quasi-experimental between-group design was 
adopted, with participants classified into two 
groups based on their prior AI-INT training 
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experience. The participants were 22 AI-INT 
trained and 19 untrained postgraduate students 
majoring in translation and interpreting, all of 
whom were native Mandarin Chinese speakers 
with English as their L2. The trained group had 
completed a compulsory 16-week course on the 
use of basic AI functions such as automatic speech 
recognition (ASR) and machine translation (MT) 
in interpreting practice, including systematic 
instruction in monitoring and strategically reading 
incrementally updated ASR/MT transcripts. The 
untrained group had equivalent general interpreting 
training but no AI-INT curriculum exposure.  

Participants interpreted 12 comparably difficult 
source materials (~1 min each) in three modes: 
AISI (MT transcript displayed dynamically 
alongside audio), SIT (full static text alongside 
audio), and ST (full static text without audio). In 
the AISI condition, the MT transcript was authentic 
output generated by the iFlytek platform during 
live system operation, with no post-hoc correction 
or scripting. Since the AI system may produce 
slightly different outputs at different time points, 
using direct live output for each participant would 
have introduced uncontrolled stimulus variation, 
likely exposing participants to different transcripts. 
To ensure that all participants were exposed to 
identical stimuli, the live output was screen-
recorded and played back during the experiment. 
The procedure eliminated the confound of 
transcript variability while preserving the 
incremental delivery, natural processing latency, 
and translation errors characteristic of live AI-INT 

output. Across all materials, the mean word-level 
translation error rate was 3.37% (range: 0-5.49%). 

Each participant completed 12 trials, six per 
direction (Chinese-to-English, C-E; English-to-
Chinese, E-C), with two trials per mode within 
each direction. Mode and task order were 
counterbalanced across participants to control for 
order effects. Of the 492 recorded trials (41 × 12), 
454 valid trials were retained after eye-tracking 
quality screening (AISI: n = 147; SIT: n = 152; ST: 
n = 155). 

Eye-tracking data were collected with a Tobii 
TX300 remote eye tracker during task execution. 
Areas of interest (AOIs) were drawn over the same 
full-text display regions across conditions. Two 
well-established measures, i.e., fixation count (FC) 
and mean fixation duration (MFD), were used as 
indicators of reading ease and efficiency. 
Specifically, FC captures how frequently 
interpreters’ gaze rested on the text, whereas MFD 
reflects how long each fixation lasted.  

Both measures were analyzed using linear 
mixed-effects models (LMMs; REML, bobyqa 
optimiser) with task mode, AI-INT training and 
interpreting direction as fixed effects, and 
participant and task as random intercepts. A 
Training × Mode interaction term was included to 
directly test whether training-related efficiency 
differences varied across modes. Fixation count 
was normalized by task duration to yield a rate 
measure (FC/min) and modelled on the raw scale; 
MFD was log-transformed prior to modelling 
(skewness = 1.93). Fixed-effect estimates (β), 

Figure 1. Training differences in fixation count per minute and mean fixation duration across interpreting 
modes. 
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standard errors, t-values, and p-values 
(Satterthwaite df) are reported. Figure 1 shows 
participant-level means by mode and training 
group. 

3 Results 

The Mode × Training interaction was significant 
for fixation rate (FC/min): trained interpreters 
showed a reliably lower fixation rate than untrained 
interpreters in ST (β = −9.18, SE = 3.96, t = −2.32, 
p = .021), whereas the group contrast in SIT was 
not significant (β = −4.27, SE = 3.97, p = .283). The 
group contrast in AISI showed the opposite pattern 
but was also non-significant (β = 1.82, SE = 5.32, 
p = .733) (Figures 2). 
 

 
Figure 2. Interaction plot for fixation rate by mode 
and training group. 
 

MFD (log-transformed; skewness = 1.93) 
showed no significant Mode × Training interaction 
or per-mode group differences (all p > .61; see 
Figure 3). At the mode level, fixations were 
significantly shorter in SIT than AISI (β = −0.047, 
SE = 0.018, p = .009), independent of training.  

 

Figure 3. Interaction plot for MFD by mode and 
training group. 

4 Discussion and Implications 

The findings indicate that AI-INT training 
enhanced reading efficiency primarily in the 
conventional static-text condition of ST, and to a 
lesser extent in SIT, by alleviating fixation intensity. 
However, this efficiency gain did not extend to the 
dynamic transcript environment of AISI. This 
pattern suggests that the benefits of current AI-INT 
training may be task-specific rather than broadly 
transferable across text-based interpreting 
environments. 

A plausible explanation is that current AI-INT 
training remains oriented toward strategies suited 
to stable written input, such as selective reading, 
anticipation, and efficient attention allocation 
across a complete text display. These strategies are 
useful in static-text conditions, where interpreters 
can preview upcoming information, regress to 
earlier segments, and construct a stable 
representation of the text. AISI, by contrast, 
requires interpreters to monitor continuously 
updating transcripts, integrate newly appearing 
information, and evaluate possible ASR/MT errors 
while maintaining interpreting output. The 
moment-to-moment unpredictability of transcript 
updates may disrupt trained visual routines and 
neutralize gains in fixation efficiency. In line with 
Rayner’s (2009) account of eye movements in 
reading, this suggests that reading efficiency is 
shaped not only by reader expertise but also by the 
perceptual stability and temporal availability of the 
input.  

The dissociation between fixation count and 
MFD may reflect their differing sensitivity to 
processing demands and reading strategies in text-
based interpreting. Fixation duration is closely tied 
to moment-to-moment processing and oculomotor 
control (Rayner, 1998; Rayner et al., 2007), while 
fixation count also captures higher-level strategic 
behaviors such as re-reading and attentional 
allocation (Rayner et al., 2006; Rayner, 1998). 
Thus, efficient readers may reduce the count 
without shortening individual fixations, consistent 
with the present finding that trained interpreters 
fixated less frequently while MFD remained 
statistically indistinguishable between groups. 

 These findings carry practical implications for 
curriculum design. If AI-assisted interpreting is to 
be taught effectively, training may need to go 
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beyond general text-processing strategies and 
toward more targeted instruction in monitoring 
dynamically changing transcripts, deciding when 
to re-read, and maintaining reading efficiency 
under conditions of partial or unstable input.  Re-
reading in AISI may be compelled by transcript 
updates rather than driven by deliberate 
comprehension (Schotter et al., 2014), which is 
functionally different from re-reading in static-text 
tasks. Thus, AI-assisted interpreting requires a 
more specialized set of text-monitoring skills. 

Several limitations should be noted. First, the 
AISI condition presented target-language MT 
output whereas SIT and ST presented source-
language text. Therefore, the present findings may 
stem from the combined influence of display 
dynamics and text language. Second, participants 
were postgraduate trainees rather than 
professionals, and the analysis was restricted to 
fixation count and MFD. Third, because grouping 
was based on prior AI-INT training only, pre-
existing differences in aptitude or motivation 
cannot be ruled out. Despite these constraints, the 
pattern remains informative: training-related 
benefits emerged in conventional interpreting 
modes but not in AISI, suggesting that AI-assisted 
interpreting may not become easier simply through 
general exposure to AI tools alone. Its dynamic 
reading demands may require more targeted 
pedagogical intervention. Future research can 
expand the gaze-behavior analysis (cf. Hu et al., 
2022) beyond these two measures and beyond the 
MT-only AI-INT mode to provide a more 
comprehensive evaluation of AI-INT training 
effectiveness. 

References  
Anderson, J. R. 2015. Cognitive psychology and its 

implications (8th ed.). Worth Publishers, New York, 
USA. 

Chmiel, A. and Lijewska, A. 2019. Syntactic 
processing in sight translation by professional and 
trainee interpreters: Professionals are more time-
efficient while trainees view the source text less. 
Target, 31(3):378–397. 

Fantinuoli, C. 2019. Interpreting and technology. 
Language Science Press, Berlin, Germany. 
https://doi.org/10.5281/zenodo.1493281. 

Hu, T., Wang, X. and Xu, H. 2022. Eye-tracking in 
interpreting studies: A review of four decades of 
empirical studies. Frontiers in Psychology, 
13:872247. 

Mézière, D. C., Yu, L., Reichle, E. D., von der 
Malsburg, T. and McArthur, G. 2023. Using eye-
tracking measures to predict reading comprehension. 
Reading Research Quarterly, 58:425–449. 
https://doi.org/10.1002/rrq.498. 

Prandi, B. 2023. Computer-assisted simultaneous 
interpreting. Language Science Press, Berlin, 
Germany. 

Rayner, K. 1998. Eye movements in reading and 
information processing: 20 years of research. 
Psychological Bulletin, 124(3):372. 

Rayner, K. 2009. Eye movements and attention in 
reading, scene perception, and visual search. 
Quarterly Journal of Experimental Psychology, 
62(8):1457–1506. 

Rayner, K., Chace, K. H., Slattery, T. J. and Ashby, J. 
2006. Eye movements as reflections of 
comprehension processes in reading. Scientific 
Studies of Reading, 10(3):241–255. 

Rayner, K., Li, X., Williams, C. C., Cave, K. R. and 
Well, A. D. 2007. Eye movements during 
information processing tasks: Individual differences 
and cultural effects. Vision Research, 47(21):2714–
2726. https://doi.org/10.1016/j.visres.2007.05.007. 

Schotter, E. R., Tran, R. and Rayner, K. 2014. Don’t 
believe what you read (only once): Comprehension 
is supported by regressions during reading. 
Psychological Science, 25(6):1218–1226. 

Seeber, K. G., Keller, L. and Hervais-Adelman, A. 
2020. When the ear leads the eye: The use of text 
during simultaneous interpretation. Language, 
Cognition and Neuroscience, 35(10):1480–1494. 

Shreve, G. M. and Angelone, E. 2010. Translation and 
cognition. John Benjamins, Amsterdam, 
Netherlands. 


