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Real-Time Estimation of Listener Comprehension Using Blink Synchronization

Koki Saito (koki.saito@biprogy.com)!, Makoto Enomoto', Haruhito Zenio', Takayuki Hoshino' & Eiji
Takahashi'
'BIPROGY Inc.

Abstract

Blink synchronization is closely associated with cognitive state
and comprehension during communication. This study
developed a real-time model to estimate listener
comprehension using blink synchronization. Data were
collected from 22 participants who watched a 3-minute
explanatory video. An estimation model was trained on the full
dataset, with blink synchronization as a key feature. The model
discriminated between comprehension levels, with relatively
balanced performance (accuracy = 0.727, Fl-score = 0.750,
and ROC-AUC 0.726). Real-time comprehension
probabilities were then calculated using a 60-second sliding
window updated every second. These estimates generally
aligned with overall comprehension labels and suggest group-
level stability, with limited late-stage deviations among some
low-comprehension participants. Overall, the findings
highlight the potential feasibility of blink synchronization as a
dynamic indicator of listener understanding and contribute to
the development of tools for real-time communication support.

Keywords: blink synchronization; listener comprehension;
communication; real-time estimation; cognitive state;
physiological signals

Introduction

Accurately estimating others’ internal states, such as their
level of comprehension, is essential for effective
communication. People tend to develop greater liking, self—
other overlap, and empathy toward individuals who
demonstrate  understanding and  perspective-taking
(Goldstein et al., 2014). Feeling understood by others is also
fundamental to the formation of positive interpersonal
relationships (Livingstone, 2023).

Although people often attempt to infer others’ internal
states from verbal and nonverbal cues (Astington, 1993),
these inferences are frequently inaccurate (O’Sullivan, 2005).
For instance, emotional states are commonly inferred from
facial expressions, yet such interpretations vary across
cultures and contexts, making accurate recognition difficult
(Barrett et al., 2019; Sato et al., 2019). Moreover, individuals
can deliberately conceal their true intentions (Bonanno et al.,
2004; Gross, 2002), further complicating accurate
interpretation.

Nonverbal behavior plays a critical role in estimating
another person’s internal state (Mann et al., 2013; Vrij et al.,
2019), particularly from the speaker’s perspective. During
communication, speakers cannot directly access a listener’s
internal state through verbal feedback alone and must
therefore rely on nonverbal signals to infer comprehension.

982

For instance, salespeople often use customers’ nonverbal
cues to infer preferences (Honda et al., 2016). Importantly,
certain physiological signals, such as heart rate and eye
movements, are difficult to consciously control (Cruz et al.,
2011), making them difficult to disguise and potentially
valuable for assessing internal states.

One specific nonverbal behavior is blink synchronization,
which reflects a listener’s engagement and comprehension
during interpersonal interactions. Prior research has shown
that a listener’s blinks can spontaneously synchronize with
those of a salesperson when the listener is interested (Nakano
& Miyazaki, 2019). More broadly, inter-individual neural
synchronization is known to occur during social interactions
(Hari & Kujala, 2009; Saito et al., 2010). However, neural
synchronization requires specialized equipment, such as
functional magnetic resonance imaging or near-infrared
spectroscopy, making it impractical for everyday
communication. Conversely, spontaneous blinks can be
captured using simple devices such as webcams and are not
under conscious control. Therefore, they offer a practical and
unobtrusive means of assessing comprehension. Although
blink rate has been associated with internal state (Cho et al.,
2000; Karson et al., 1981), it is highly variable across
individuals and contexts (Nakano et al., 2015). Consequently,
blink synchronization provides a more stable and informative
signal than blink rate alone for estimating internal states
(Nakano & Miyazaki, 2019).

Blink synchronization reflects unconscious information
sharing between individuals (Nakano & Kitazawa, 2010).
Individuals spontaneously synchronize their blinks at both
explicit and implicit breakpoints in ongoing information
streams (Nakano et al., 2009; Nakano & Kitazawa, 2010). For
instance, when watching the same video, viewers tend to
blink synchronously at implicit narrative boundaries (Nakano
et al., 2009). Individuals can blink to process information
received at these breakpoints. The default mode network
(DMN) is activated by blinking, which reflects information
processing (Nakano et al., 2013). In communication, listeners
synchronize their blinks with a delay of a few hundred
milliseconds at breakpoints, such as the end and during
pauses of a speaker’s speech (Nakano & Kitazawa, 2010).
Additionally, blink synchronization delay is considered a
result of the comprehension time lag (Nakano & Miyazaki,
2019). Therefore, listeners who receive information from
speakers and comprehend it well are likely to synchronize
their blinks with the speakers.
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A prior study reported that listeners with high
comprehension unconsciously synchronized their blinks with
the speaker’s blinks, with a delay of a few hundred
milliseconds (K. Saito et al., 2025). A relationship between
comprehension and blink synchronization emerges in
situations requiring comprehension. Listener comprehension
levels can be estimated using blink synchronization.
Visualizing individuals’ level of comprehension can
contribute to smoother communication by assisting
individuals with understanding how well others comprehend
1t.

Real-time implementation is desirable for monitoring
comprehension during communication. Most studies have
examined blink synchronization over several minutes, with
only minimal studies evaluating real-time tracking, which
can be enabled using blink synchronization with shorter
windows. However, the prior dataset did not include a real-
time assessment of comprehension, which was difficult to
evaluate. Therefore, this study focuses on the feasibility of
real-time comprehension estimation and examines the
stability and consistency of these estimates relative to overall
comprehension levels.

Based on this rationale, two hypotheses were proposed.

H1 (classification): Blink synchronization with the
speaker can classify differences in listener comprehension at
above-chance levels.

H2 (real-time tracking): Comprehension time series
derived from shorter windows of blink synchronization
remain stable within participants over time and are consistent
with their overall comprehension labels.

This study contributes an estimation framework that
leverages blink synchronization to classify listener
comprehension, as well as a real-time implementation that
generates short-window, time series probability trajectories.
Collectively, these advances propose an unobtrusive
approach for monitoring comprehension, suggest stability
and label alignment at the group level, and lay the foundation
for adaptive, feedback-driven communication systems that
do not require specialized hardware.

Method

In this study, blink synchronization was operationalized to
develop both an estimation model (H1) and real-time
estimation framework (H2) using a previously collected
dataset. The dataset reported by K. Saito et al. (2025) was
used to estimate listeners’ levels of comprehension based on
blink synchronization. It comprises 3-minute video
recordings of participants viewing an explanatory video,
along with a post-viewing questionnaire assessing
comprehension on a five-point scale. Blink synchronization
was calculated for each recording and used as the primary
feature for subsequent analyses.

Dataset

This dataset comprised video recordings of 22 Japanese
adults (eight men and 14 women; four in their 20s, eight in
their 30s, seven in their 40s, and three in their 50s), each of
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whom viewed one of three approximately 3-minute video
clips explaining a research topic. The same speaker delivered
all three videos using the same logical structure, with
minimal differences in word count, prosodic pitch, and blink
patterns, thereby reducing stimulus-driven variability across
videos. Participants viewed the videos in their usual working
environments, with no restrictions imposed. After viewing,
participants  completed a  questionnaire  assessing
comprehension on a five-point scale. The dataset analyzed in
this study was collected with prior ethics approval and
informed consent from the original project [committee name
withheld for review]. This study constitutes a secondary
analysis conducted by the original research team within the
scope of the approved protocol.

Detection of Blink Onset

Blinks were detected using personalized eye aspect ratios
(EARs) derived from three-dimensional (3D) facial
landmarks (Saito, 2024) to account for individual differences
in eye shape and blinking behavior (Dewi et al., 2022). Facial
3D landmarks were extracted using Google MediaPipe
(Lugaresi et al., 2019). The eye region was defined by 16
landmarks (Figure 1). EAR was computed using Equation (1)
(Kraft, Hartmann, & Bieber, 2023) based on these landmarks.
When the eyes are closed, EAR approaches zero; when open,
it approaches a stable constant.
EAR [|P3 — P13||5 + ||[P4 — P12||5 + ||P5 — P11]|5 )
3-11P0 — P85

EAR with eyes closed was calculated using Equation (2)
and EAR with eyes open was calculated using Equation (3).
The personalized EAR threshold is calculated using Equation
(4). If the EAR was less than or equal to the personalized
EAR threshold, it was considered a blink (Figure 2).

o Min(]|IP3—P13||3)+min(||P4—P12||3)+min(]|P5-P11]|5)
EARcloseq I II3 Il lls I lls 2)
3-max(||P0—P8||3)
o« mean(||P3—P13||3)+mean(||P4—P12||3)+mean(||P5—P11||3)
EARppen I Il I Il I Il 3)

3-min(||P0—P8||3)

Personalized EARrpresnota 2 (EARppen — EAR osea)/2 (4)

The peaks were then calculated and the peak that appeared
immediately before the blink was defined as blink onset
(Figure 2).

Figure 1: Sixteen landmarks around the eye (Kraft et al.,
2023).
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Figure 2: Example time series data of the eye aspect ratio.

Detection of Blink Synchronization

Blink synchronization was calculated using the method
proposed by Nakano and Miyazaki (2019). For each dyad,
individuals were designated as the reference blinker
(speaker) and test blinker (listener). Blink onset asynchrony
was calculated as the difference between listener and speaker
blink onsets; positive values indicated that listener blinks
followed speaker blinks. Histograms of blink onset
asynchrony were constructed with a central window of + 0.3
seconds around zero and a total range of + 2.4 seconds (bin
width: 0.6 seconds). Z-score normalization was performed
using 1,000 surrogate datasets by randomly shuffling the
inter-blink intervals of the test blinker while preserving their
temporal structure. A positive z value indicates that the
observed frequency exceeds chance-level probability.
Following prior work, the z-value in the 0.6 seconds bin (0.3—
0.9 seconds) was used as the blink synchronization score, as
listeners are known to synchronize their blinks with a delay
of'a few hundred milliseconds relative to the speaker (Nakano
& Kitazawa, 2010; Nakano & Miyazaki, 2019; K. Saito et al.,
2025).

Estimation Model of Listener Comprehension

Participants were divided into two groups based on their self-
reported comprehension scores. Given the cultural tendency
among Japanese individuals to avoid strong positive self-
enhancement (De Jong et al., 2008; Heine et al., 1999), along
with the observed score distribution (no participant scored
five points, mean = 2.95, median = 3), participants who
scored two or below were assigned to the “Not comprehend”
group (nine participants), and those scoring three or above
were assigned to the “Comprehend” group (13 participants).

Logistic regression was applied to classify between the
“Comprehend” and “Not comprehend” groups. Blink
synchronization scores at 0.6 seconds (0.3—0.9 seconds) and
the sum of band-integrated probability mass across —0.3—0.3
seconds, 0.3—0.9 seconds, and 0.9—1.5 seconds were used as
the explanatory variables. This selection followed a prior
study reporting a significant difference between the
“Comprehend” and “Not comprehend” groups (Figure 3,
t,o = 2.01,p < 0.05) at 0.6 seconds (0.3-0.9 seconds) (K.
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Saito et al., 2025). Band integration was included because
integrating over bands reduces the sensitivity to bin
alignment and small timing jitter compared to a single-bin
variable and captures a broader delay structure. The model
employed with L1 regularization with inverse regularization
strength C = 100 and the liblinear solver, with class weights
set to ‘balanced’” to mitigate class imbalance. The
classification threshold was set at the default value of 0.5 (no
threshold tuning), because only the probability was used in
the subsequent real-time estimation. Logistic regression was
implemented using Scikit-learn (1.6.1) in Python.

Model performance was evaluated using leave-one-out
cross-validation (LOOCYV), in which the model was trained
on 21 participants and tested on the remaining participant.
This procedure was repeated for each participant. To assess
generalizability across videos, a leave-one-video-out
(LOVO) scheme was also employed, in which the model was
trained on participants from two videos and tested on
participants from the third.

Accuracy, precision, recall, F1-score, balanced accuracy,
and ROC-AUC were used as evaluation metrics; for the
LOVO  setting, only ROC-AUC was reported.
“Comprehension” was defined as a positive class that
prioritizes the detection of positive feedback that a listener
exhibits, which is critical for facilitating -effective
communication. Out-of-fold predicted probabilities from
LOOCV were used to compute ROC-AUC values.
Confidence intervals were estimated using participant-level
bootstrapping (5,000 resamples; percentile/BCa method),
and significance relative to chance (AUC = 0.5) was assessed
using permutation tests (10,000 label shuffles).
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Figure 3: Blink synchronization between the speaker and all
listeners as a function of comprehension level (*: p < .05).

Real-Time Estimation of Listener Comprehension

For real-time estimation, blink synchronization was
calculated using a trailing 60-second sliding window updated
every second. This approach produces a time series that
reflects dynamic changes in synchronization. Given that
individuals blink approximately once every 3 seconds on



average (Bentivoglio et al., 1997), a sufficient number of
blinks are required to reliably calculate synchronization
within the 60 seconds window. Nakano and Miyazaki (2019)
calculated blink synchronization using a 30 seconds window,
extending the window to 60 seconds ensures a more stable
calculation by incorporating a larger number of blinks.

To wvalidate the reliability of blink synchronization
detection and account for individual differences, surrogate
data were generated using the entire 3-minute dataset. This
approach addresses the potential limitations of the 60 seconds
window, which may not capture sufficient data to reliably
measure individual characteristics, thereby ensuring robust
synchronization calculations. In online settings, a calibration
period is used and surrogate data are generated based on past
data to avoid the use of future information.

Logistic regression probability was used as a continuous
indicator of the level of comprehension, because it provides
a continuous measure of the likelihood of comprehension.
The probability is defined as:

1

def

p(x) = 1 + e~ Bo+B1x1+P2x2)’ ®)
where f, is the intercept, while §; and f, are the
coefficients; x; is the blink synchronization score at 0.6
seconds (0.3-0.9 seconds), and x, is the sum of band-
integrated probability mass over —0.3-0.3 seconds, 0.3-0.9
seconds, and 0.9-1.5 seconds. Probabilities were calculated
using the same LOOCYV scheme as the classification model.
To provide real-time feedback for real-time estimation in the
future, it is deemed appropriate to represent the information
as numerical data that change dynamically over time. If the
probability is above 0.5, the participant is defined as
“Comprehend.”

To test the stability and consistency of the real-time
estimates, a one-tailed t-test, consistency rate (defined as the
proportion of windows whose predicted label matches the
participant’s overall label), and a dip test (Hartigan &
Hartigan, 1985) were conducted. One-tailed t-tests were used
to test the differences between the probabilities of the two
groups. The consistency rate was used to analyze the
consistency over time. The dip test (Hartigan & Hartigan,
1985) was used to determine whether the probability
distribution over time was unimodal. Statistical analyses
were performed using Python version 3.12.5. Inferential tests
were conducted on participant-level summaries (e.g., per-
participant means, proportions, and counts) rather than on
window-level data to avoid pseudo-replication owing to
overlapping windows and within-participant autocorrelation.

Results

The classifier performance for overall comprehension (H1)
was first reported, followed by participant-level stability and
consistency analyses for real-time probabilities (H2).

Estimation Model of Listener Comprehension
Figure 4 presents the confusion matrix of the logistic

regression classifier, and Table 1 summarizes its performance.

Precision (0.818) was the highest among the four primary

metrics, indicating relatively few false positives and reliable
identification of the “Comprehend” group. Accuracy (0.727)
exceeded the majority-class baseline (0.591, calculated as
13/22), demonstrating that the model successfully
distinguished between the “Comprehend” and “Not
comprehend” groups. Recall (0.692), however, was lower
than precision, indicating that some “Comprehend” cases
were missed. Despite this asymmetry, the F1 score (0.750),
which balances precision and recall, and the balanced
accuracy (0.735) indicate that the model achieved relatively
well-balanced overall performance. The ROC-AUC (0.726)
further indicated above-chance discrimination with a
moderate effect size, albeit with some uncertainty, likely
because of the small sample size. Collectively, these metrics
suggest relatively robust and balanced classification
performance, even though some true “Comprehend” cases
were missed.

The LOVO evaluation yielded a slightly lower ROC-AUC
(0.692) than the participant-level LOOCV (ROC-AUC =
0.726), suggesting that stimulus-related differences among
the three videos had only a limited impact on performance.

Consistent with H1, the model exceeded the majority-class
baseline and achieved balanced classification performance.
These findings suggest that blink synchronization may
provide a sufficient and informative signal for distinguishing
between the two comprehension groups within this dataset.

Table 1: Performance of the estimation model
(“Comprehend” as the positive class).

. 95% CI p_perm
Metric Value (BCa) (AUC > 0.5)
Accuracy 0.727 [0.46-0.86] -
Precision 0.818  [0.56-1.00] -
Recall 0.692  [0.31-0.85] -
Fl-score 0.750  [0.50-0.89] -
Balanced ACC 0.735  [0.51-0.89] -
ROC-AUC 0.726  [0.43-0.92] 0.026
ROC-AUC
(LOVO) 0.692  [0.39-0.88] 0.049

Not comprehend

Actual

Comprehend

Not comprehend

Predicted

Comprehend

Figure 4: Confusion matrix.



Real-Time Estimation of Listener Comprehension

Figure 5 exhibits the time series of mean estimated
comprehension probabilities for two groups (“Comprehend”
and “Not comprehend”). In the “Comprehend” group,
probabilities generally remained at or above 0.5, although a
temporary decrease was observed between approximately 90
and 120 seconds. There was no significant difference
between the mean probability (0.552) in the “Comprehend”
group and that in the “Not comprehend” group (0.439)
(Figure 6:t,, = 1.05,p = 0.153). The mean consistency rate
in the “Comprehend” group was 0.583 and exceeded the
chance level of 0.5 (Figure 7).

In the “Not comprehend” group, the probability tended to
remain below 0.5 until approximately 130 seconds, after
which it shifted to values relatively at 0.5 or above. This shift
suggests that some participants who rated lower levels of
comprehension likely synchronized their blinks with the
speaker, because the probability was calculated based on the
blink synchronization score (Equation (5)). The mean
consistency rate in the “Not comprehend” group was 0.609
and exceeded the chance level of 0.5 (Figure 7). These
findings suggest that the model exhibited relative stability
and consistency, although there were deviations from the
overall comprehension labels in both groups.

Figure 8 exhibits a violin plot of the estimated probability
divided into two time ranges: 60-130 seconds and 130-180
seconds. The comprehension group’s probabilities tended to
remain at 0.5 or higher in both ranges. However, the “Not
comprehend” group had bimodal distribution in the time 130-
180 seconds range (D = 0.167,p < 0.01), indicating the
presence of the two subgroups. The mean consistency rate in
the “Not comprehend” group was 0.726 within 60-130
seconds and 0.444 within 130-180 seconds. These findings
imply that some participants in the "Not comprehend" group
synchronized their blinks with the speaker during the latter
part of the video, despite rating their overall comprehension
as low. Consequently, the probabilities in the "Not
comprehend" group tended to exceed 0.5 in the latter part of
the time series. Some participants’ estimated comprehension
states may have changed over time rather than remaining
constant throughout the 3-minute video. Therefore, stability
and consistency were confirmed within 60—130 seconds but
not within 130-180 seconds.

These findings partially support H2 and suggest the
existence of time-varying comprehension. The real-time
comprehension probability exhibited relative stability and
consistency in both groups, except for some deviations:
“Comprehend” within 90-120 seconds and “Not comprehend”
within 130-180 seconds.
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Figure 5: Time series of the mean estimated probability as a
function of comprehension. Error bars represent standard
errors, and the red horizontal line indicates the decision
threshold (0.5).
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Figure 8: Violin plot of mean estimated probability by time
range (60-130 seconds vs 130-180 seconds) as a function of
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Discussion

This study adopted a stepwise validation approach. First,
consistent with H1, we developed an estimation model of
listener comprehension based on blink synchronization,
building on prior work (K. Saito et al., 2025). The model
achieved balanced classification performance, supporting the
feasibility of using blink synchronization as an index of
comprehension. Second, H2 was partially supported. We
implemented a real-time estimation framework using a 60-
second sliding window. The resulting time series
probabilities were generally aligned with overall
comprehension labels and showed relative temporal stability.
However, dynamic changes were observed among some
participants in the Not Comprehend group, preventing full
support for stability across both groups. Importantly, the real-
time model was able to capture these temporal variations,
highlighting its potential feasibility for real-world
communication. Given the limited prior research on real-time
comprehension estimation, this approach represents a
meaningful step toward adaptive communication systems.
Our findings suggest that estimated comprehension may
change dynamically even during short (3-minute) video
viewing, influencing both blink synchronization and model
predictions. The bimodal distribution observed in the Not
Comprehend group (Figure 8) suggests that some participants
who reported low overall comprehension nevertheless
exhibited high estimated probabilities in the latter part of the
video. This may reflect delayed or partial understanding,
particularly during the summary phase (approximately 130—
140 seconds), when information load decreases. Narrative
comprehension involves integrative processing and frequent
engagement of the default mode network (DMN; Song et al.,
2021). Because the DMN is also activated by blinking
(Nakano et al., 2013), this integrative process may have
increased blink synchronization toward the end of the videos.
However, such late-stage understanding may not have been
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sufficient to influence participants’ overall self-ratings, likely
contributing to reduced recall in the classification model
(Table 1).

Temporal variability may also explain misclassifications in
the Comprehend group. Some participants with high self-
reported comprehension did not synchronize their blinks
consistently throughout the full video (Figure 4). Because the
questionnaire captured only overall comprehension, it failed
to reflect temporal fluctuations. Overall comprehension does
not necessarily depend on the duration of perceived
understanding, as insight can occur abruptly (e.g., through an
“aha” experience). In contrast, blink synchronization reflects
sustained engagement. Consequently, models based on
aggregated data may fail to capture brief but meaningful
cognitive events.

Blink synchronization likely reflects internal cognitive
processing, as blinking activates the DMN (Nakano et al.,
2013), which supports self-referential thought, memory, and
language (Menon, 2023; Raichle, 2015). Thus, blink
synchronization may index listeners’ cognitive effort during
comprehension. However, its functional meaning is context
dependent. In explanatory contexts, it appears to reflect
understanding, whereas in low-demand contexts it may
reflect interest or engagement (Nakano & Miyazaki, 2019).
Although blink synchronization can reflect multiple
processes, these processes are generally positive and essential
for smooth communication.

The proposed real-time model offers practical advantages
because it captures dynamic changes in comprehension rather
than relying on static, post hoc assessments. In real-world
interactions, comprehension fluctuates, and feedback based
solely on overall comprehension may be insufficient. Real-
time feedback could enable speakers—such as educators,
salespeople, and healthcare professionals—to adapt their
communication strategies dynamically. Because blink
synchronization can be measured using a standard webcam,
the model is technically feasible for everyday use.

Several limitations should be noted. The sample size was
small (N 22) and culturally homogeneous, limiting
generalizability. Comprehension was assessed only via self-
report, which does not capture objective or time-resolved
changes in understanding. Additionally, viewing conditions
were uncontrolled, introducing potential noise. However,
these unconstrained conditions may enhance ecological
validity, and the present results should be interpreted as a
proof-of-concept given the small sample size and reliance on
a single self-report measure of comprehension.

Future research will evaluate the real-world utility of this
model, including whether real-time comprehension feedback
improves communication outcomes. We plan to test the
system in dyadic and collaborative tasks, which will provide
insight into its potential applications in education, teamwork,
and interpersonal communication.
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