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Figure 1: An overview and future outlook for implicit disagreement detection in human–AI interaction. The system records 
facial data using a webcam and gaze data using an eye tracker while a user views an AI prediction. The (dis)agreement detector 
fuses the two streams to infer whether the user agrees with the output: in Scenario 1 (banana captioned "ORANGE"), it predicts 
"DISAGREE"; in Scenario 2 (orange captioned "ORANGE"), it predicts "AGREE". When DISAGREE is detected, the system can 
trigger interventions by (A) suggesting alternative outputs, (B) requesting lightweight feedback, and (C) queuing the example 
for retraining. 
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Abstract 
The widespread use of generative AI has led to increased focus 
on human–AI interaction. However, AI systems can generate un-
expected outputs, leading to disagreement or human–AI conflict. 
This paper focuses on modelling user disagreement using machine 
learning (ML) by observing users’ implicit viewing behaviour. We 
conducted a controlled study with 30 participants evaluating cap-
tions from a simulated ML image-captioning system. Participants 
indicated agreement or disagreement with each caption while we 
recorded their gaze and facial-expression data, which we used to 
predict (dis)agreement. We show that unimodal gaze-based person-
alised modelling (0.684 average balanced accuracy) outperforms 
generalised modelling (0.570), whereas multimodal approaches did 
not improve performance. Our exploratory post hoc gaze-based 
analysis highlights the importance of feature selection and tem-
poral dynamics, which help guide system design and future work. 
We release the dataset to support reproducibility and further work. 
Due to the nature of this research, we also discuss the potential 
ethical and privacy implications of continuous passive gaze and 
facial monitoring. 

CCS Concepts 
• Human-centered computing → User models; User studies; • 
Computing methodologies → Supervised learning. 

Keywords 
Dataset, Disagreement Detection, Eye Tracking, Human–AI Con-
flict, Interactive Machine Learning, User Modelling 
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1 Introduction 
The rapid adoption of Artificial Intelligence (AI) in everyday life has 
increased attention to Human–AI interaction, encompassing end-
user collaboration, as well as research approaches such as human-
in-the-loop methods and Interactive Machine Learning (IML) [64]. 
Human–AI collaboration represents a joint activity in which hu-
mans offer intuition, domain expertise and creative direction, and 
AI provides computational support and data-driven suggestions 
[18]; this partnership allows users to steer the process and achieve 
outcomes that exceed what either partner could accomplish alone 
[65, 78, 96]. IML refers to methods that integrate user feedback 
into the Machine Learning (ML) training loop to adapt the system, 
enabling non-technical users to guide model behaviour through 
direct labelling or corrections and supporting rapid, incremental 
model updates [4, 35, 97, 104]. 

It is important to keep in mind that AI-powered systems can 
behave unpredictably and may produce outputs that are disruptive, 
confusing, or offensive [5]. Such failures can lead to user disagree-
ment with system outputs, i.e., human–AI conflict, which is a state 
of mismatch between user expectations and system behaviour [36]. 

To mitigate this, systems should enable mechanisms for corrective 
feedback and behaviour redirection [5]. At the same time, frequent 
explicit requests for feedback can frustrate users and reduce their 
trust in the system [15, 39]; these interruptions can also disrupt 
the natural flow of interaction and induce increased cognitive load 
[69, 102]. This raises an important question: How can systems 
sense user disagreement without requiring explicit input? A 
potential solution is to use passive, i.e., implicit, feedback channels 
that sense user disagreement without requiring conscious user ac-
tion. Passive interaction is a system-initiated monitoring of a user’s 
state that does not require explicit input from the user and can 
capture subtle cues of their reaction [63]. Nonetheless, detecting 
disagreement from passive cues is challenging because affective and 
cognitive responses do not always manifest as visible signals, and 
expressions of agreement or disagreement are typically multimodal, 
requiring the combination of multiple signal sources [13, 85, 86]. 

In this study, we investigate how to implicitly detect user dis-
agreement with AI-generated outputs. We conducted a controlled 
user study in which 30 participants evaluated the perceived correct-
ness of captions within a simulated ML image-captioning task. The 
captions contained deliberate errors sourced from the FOIL-COCO 
dataset [88]. As passive input modalities, we collected: (1) facial 
video recordings as facial expressions can provide cues for pre-
dicting disagreement [85, 86]; and (2) eye-tracking and pupil data, 
which have been shown to reflect underlying cognitive processes 
[62, 77, 80], such as confusion [90]. We designed our initial set of 
experiments to address the following research questions: 

• RQ1: Can perceived disagreement with image–caption out-
puts be reliably detected from passive gaze and facial signals 
collected during a simulated human–AI interaction task? 
• RQ2: How do personalised and generalised disagreement-
detection models compare in terms of accuracy, reliability, 
and robustness to inter-participant variability? 

Our initial results showed that multimodal approaches incorpo-
rating facial data did not outperform gaze-only models. To better 
understand the predictive signals within the gaze data, we con-
ducted more exploratory post-hoc analyses using two approaches: 
feature selection and time-window selection. Feature selection, a 
critical step in machine learning experiments [100], enabled us 
to identify the gaze behaviours most predictive of disagreement. 
Time-window selection was motivated by the temporal nature 
of cognitive-affective processes. When inspecting a stimulus, gaze 
behaviour has been shown to unfold in stages; for example, in 
visual search tasks, gaze progresses from an initial orientation 
phase to deeper analysis [98]. More broadly, gaze patterns evolve 
as users process information and anticipate task-relevant details 
[109], highlighting the dynamic role of gaze in decision-making 
[75]. This temporal progression mirrors neurobiological models of 
decision-making, such as preference assessment and action selec-
tion [26], each with its own characteristic temporal signature [50]. 
Accordingly, we hypothesised that the predictive power of gaze 
patterns would vary across the viewing window. Therefore, we 
investigated which temporal periods most strongly predict users’ fi-
nal judgments of caption correctness. We formulated the following 
additional research questions to guide our post-hoc analysis: 

https://doi.org/10.1145/3772318.3790594
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• RQ3-A: Which gaze-based features are most predictive of 
perceived disagreement, and how consistent are these pre-
dictive features across participants? 
• RQ3-B: Which time window prior to a participant’s deci-
sion best discriminates perceived disagreement using passive 
gaze signals, and how does the duration of this window im-
pact classification performance? 

In this paper, we present our methods and results, followed by a 
discussion of limitations and implications for designing adaptive hu-
man–AI systems. This work takes an initial step towards modelling 
implicit disagreement, with the aim to enhance the responsiveness 
and trustworthiness of interactive AI systems. To this end, our pri-
mary contributions are: (1) a publicly available dataset of processed 
eye-tracking and facial-tracking data from 30 participants with 
binary annotations of agreement or disagreement; (2) exploratory 
findings into how gaze-based feature selection and time-window 
selection influence disagreement detection; and (3) an evaluation 
of personalised and generalised machine learning models for dis-
agreement detection. It is important to note that our findings are 
exploratory. Although personalised gaze-only analyses improved 
performance, overall accuracy remained modest, reflecting the dif-
ficulty of detecting subtle (dis)agreement signals from passive cues. 
Therefore, we do not present an interactive system; instead, we 
provide our dataset and modelling approach as a baseline, together 
with insights and lessons learned to inform future research and 
system design. The full dataset is publicly available on GitHub to 
support reproducibility and further work. 

2 Related Work 
As AI systems become more widely adopted, situations in which 
their outputs conflict with human expectations or preferences have 
become increasingly apparent, a phenomenon termed human–AI 
conflict. Flemisch et al. [36] defined human–AI conflict as a state 
of misalignment, opposition, or incompatibility between humans 
and AI systems. Jiang et al. [41] further explains that such conflicts 
may arise in both collaborative and competitive contexts; this leads 
to two main forms of human–AI conflict: task conflict, which re-
lates to concrete issues such as different goals or decision-making 
strategies, and relationship conflict, which occurs due to factors 
such as differences in values or interaction styles. 

To model these conflicts effectively in human–AI interaction, it is 
important to understand disagreement from human behaviour. Our 
assumption is that behavioural patterns observed in human–human 
disagreement can inform the design of systems for detecting similar 
signals in human–AI scenarios; this view is based on research in 
human–robot and virtual-agent interaction showing that principles 
of human–human interaction can be transferred to agent design 
[2, 31]. This section begins by examining disagreement from psy-
chological and user perspectives, then briefly shows how gaze has 
been used as a passive interaction modality through various ap-
plications, and finally provides examples of how implicit feedback 
signals have been used in ML applications. 

2.1 Understanding Disagreement 
Disagreement is a complex phenomenon to model, partly because 
we could not find a universally accepted definition. For computa-
tional purposes, disagreement is often defined as the belief that 
one holds an opinion contrary to that of an interlocutor [13, 72]. 
Fundamentally, disagreement represents an oppositional stance 
to a preceding action or proposition, involving differing opinions 
[7, 16, 70]. Within our study, we can view disagreement as reflecting 
a perceived semantic mismatch between visual information and its 
accompanying textual description. 

2.1.1 Disagreement as a Cognitive Appraisal. Another approach to 
defining disagreement is to understand how disagreement mani-
fests. We draw on Scherer’s appraisal theory [85, 86], which char-
acterises disagreement as a cognitive process that can trigger af-
fective responses under certain conditions. In our context, we can 
understand that disagreement emerges when participants assess the 
alignment between an image and its caption, forming a judgement 
of agreement or disagreement. These assessments or appraisals can 
generate actions that show up as behavioural expressions. While dis-
agreement typically involves low-intensity appraisals rather than 
full-blown emotions, a noticeable mismatch may trigger subtle af-
fective states such as confusion or frustration, potentially leading to 
micro-expressions, e.g., furrowed brows [86]. However, such facial 
signals vary considerably across individuals and cultures, making 
detection based solely on facial expressions a challenging task. 

2.1.2 Disagreement as a Communicative Act. Although appraisal 
theory clarifies the internal evaluation process, it does not fully ex-
plain how disagreement is expressed and communicated. To address 
this gap, we need to consider disagreement as a communicative act 
as well, which signals a misalignment in understanding. Based on 
Clark’s concept of common ground [25], we recognise that shared 
understanding between conversational partners is built through 
interaction. In our human–AI interaction, we assume that common 
ground is established as the user interprets both the visual stimulus 
and the AI-generated text. Disagreement, therefore, signals a break-
down in this shared understanding, i.e., a perceived gap between 
the user’s mental model and the system’s output [24, 25]. When 
explicit feedback channels are absent, users may communicate this 
misalignment implicitly through their behaviour. 

This perspective of disagreement as a communicative function is 
further supported by research in conversation analysis, which iden-
tifies disagreement as a dispreferred response [46, 94], i.e., an action 
that deviates from the expected flow of an interaction. Dispreferred 
responses are characterised by distinctive patterns in timing and 
multimodal behaviour, such as delays or gaze aversion [71]. These 
patterns serve a practical purpose by implicitly communicating 
resistance to the established common ground. Building on findings 
from human–human interaction [93], we expect that when users 
encounter a mismatch with AI output, their implicit behaviours 
will signal their assessment, and resist the system’s interpretation. 

2.1.3 Multimodal Nature of Disagreement. Given that disagree-
ment is both an internal evaluation and a communicative act, it is 
inherently a multimodal phenomenon [13]. Ekman’s framework 
on basic emotions [32] emphasises that while disagreement does 
not qualify as a basic emotion, it may co-occur with emotions such 
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as anger or disgust when the perceived mismatch is personally rel-
evant. These emotions have distinct physiological and expressive 
signatures, often decoded through the activation of facial Action 
Units (AU), which are the basic components of facial expressions 
and provide a reliable framework for interpreting emotional states 
[23]. Bousmalis et al. [13] concluded in their survey that no single 
cue, such as a head nod or shake [44], can be reliably matched to 
disagreement. Instead, disagreement emerges from the interplay 
and combination of multiple signals over time, including vocal cues, 
gestures, and facial expressions [13, 46]. 

To detect such multimodal disagreement signals, we need to 
consider how human–human social interaction relies on multiple 
channels of communication, such as speech and body language; par-
ticipants combine multiple cues to coordinate actions and establish 
alignment, which is a fundamental requirement for successful com-
munication [46, 71, 92]. Interactional misalignment occurs when an 
action is inappropriate for the current context, which could disrupt 
the interaction’s progress [52, 71]. Within this multimodal system, 
gaze is often regarded as an important signal for conveying disen-
gagement and other complex social attitudes [46, 79, 94]. People 
monitor the gaze of their partners to infer their state of engage-
ment, and recent work has consistently shown that disagreeing 
responses correlate strongly with gaze aversion [45, 52, 71]. Build-
ing on this evidence that misalignment is systematically expressed 
through gaze patterns, we hypothesise that gaze-based markers 
will characterise disagreement in human–AI interaction [52]. 

2.1.4 Our Understanding of Disagreement. Building on all these 
perspectives, we conceptualise disagreement as an internal cogni-
tive appraisal of a semantic mismatch when viewing image–caption 
pairs, which manifests externally as a multimodal communicative 
act. Therefore, our study employs both gaze and facial analysis to 
detect these implicit signals, building on the established roles of 
gaze in signalling communicative misalignment and facial expres-
sions in conveying cognitive-affective states. 

2.2 Gaze-based Implicit User Feedback 
Building on its established role in social communication [45, 52, 71], 
this section reviews the literature on using eye-tracking technology 
to infer user states. Eye tracking is a technology that records eye 
movements and gaze locations over time [17]. It has long been 
used as a passive input modality to infer user states across vari-
ous use cases [67]. Gaze indicates where attention is directed and 
how information is processed. Researchers have applied gaze to 
predict perceived relevance estimation [8, 10, 11, 68], predict confu-
sion [54, 82, 83, 90], and model signals and states such as measuring 
confidence [91], stress [48], cognitive workload [53], and need for 
assistance [3]. These studies show that gaze can serve as a reliable 
passive signal for monitoring cognitive and behavioural states. 

Gaze is also used in affective computing, both in unimodal and 
multimodal setups. Several studies report that gaze patterns relate 
to emotions such as anger or happiness [19, 43, 55, 89]. Combining 
gaze with physiological and behavioural measures, for example, 
electroencephalography (EEG), electrocardiography (ECG), electro-
dermal activity, and facial AUs, proved successful for tasks such 
as emotion recognition [1, 22, 42, 106], mind-wandering detection 
[14], and user modelling [34]. These findings further show that 

complex cognitive-affective states are best captured through multi-
modal interaction, and gaze can be successfully utilised for such 
applications. As described in Section 2.1, disagreement often co-
occurs with states such as uncertainty and confusion, and it can 
elicit subtle affective responses; therefore, gaze-based features for 
monitoring different cognitive and emotional states can be reason-
able proxies for detecting a perceived disagreement, which is the 
focus of this work. 

2.3 Implicit User Feedback in Machine Learning 
Using human feedback to improve ML systems is an established 
paradigm, especially in reinforcement learning and human–robot 
interaction [21, 49, 60, 101]. However, these approaches tradition-
ally require explicit user input to guide a model’s behaviour. As 
previously noted, frequent requests for such explicit feedback can 
frustrate users, disrupt the natural flow of interaction, and increase 
cognitive load [15, 39, 69, 102]. To mitigate these issues, a growing 
body of work has focused on leveraging implicit user feedback 
as a more natural signal for creating adaptive and interactive ML 
systems. 

Pollak et al. [73] investigated emotional feedback as a reinforce-
ment signal for training an agent, using facial emotion recognition 
to infer user satisfaction and adapt a virtual drone’s behaviour; 
although their findings suggest that emotional cues can be inte-
grated into reinforcement learning, they also highlight challenges 
related to variability in emotional intensity across individuals. Sim-
ilarly, Krause and Vossen [51] proposed leveraging signs of user 
confusion or uncertainty as triggers for providing explanations in 
human–AI interaction, arguing that systems should proactively re-
spond to implicit indicators rather than waiting for explicit queries. 
Additionally, Xu et al. [107] and Kim et al. [47] used EEG-detected 
error potentials (i.e., brief EEG signals that appear when the brain 
notices a mistake or error events) as a direct feedback source to 
accelerate reinforcement learning tasks. Beyond these examples, 
other studies have examined how naturally occurring reactions, 
including gestures and facial expressions, can serve as rich feed-
back channels for improving agent performance without imposing 
additional cognitive load on users [27]. 

Building on the concept of implicit feedback from a different 
perspective, Sumers et al. [95] treated natural language instruc-
tions as a source for implicit feedback, using sentiment analysis to 
understand instructions and infer the underlying reward function. 
Broadening the definition of feedback further, Dennler et al. [29] 
demonstrated that monitoring users’ exploration of a system can 
serve as a source of feedback; they employed contrastive learning 
to infer user interests from which robot behaviours users chose 
to investigate, thereby creating a model of preferences without 
requiring any direct input. 

Although this review is not exhaustive, it highlights a clear trend 
toward improving human–AI interaction by leveraging implicit 
signals, such as gaze and facial cues, to interpret affective states. 
This presents a promising direction for building adaptive systems 
capable of responding to disagreements in real-time. The main 
challenge of our task lies in the complex nature of disagreement, 
as established in our theoretical grounding in Section 2.1. 
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3 Data Collection Study 
We conducted a within-subjects user study to investigate how to im-
plicitly detect user disagreement with AI-generated outputs using 
gaze and facial data. To elicit disagreement, we used an image cap-
tioning task in which participants were told that the captions were 
generated using an ML model. This design prompted disagreement 
when captions contained errors or were otherwise inappropriate. 

We obtained ethics approval from the ethical review board of 
the Faculty of Mathematics and Computer Science at Saarland Uni-
versity prior to data collection. Our dataset contains data from 30 
participants (21 male, 9 female; mean age 26.4 years). Participants 
were recruited via email and university campus postings, and the 
resulting skewed gender distribution reflects the composition of 
the respondent pool from this convenience sample. All participants 
were fluent in English, had normal or corrected-to-normal vision, 
and 19 participants reported prior eye-tracking experience. The 
study lasted around 60 minutes, and the participants were com-
pensated at a rate of 15 Euros per hour. As previously mentioned, 
the processed dataset is publicly available on GitHub to support 
reproducibility and further work. 

3.1 Apparatus 
We recorded the eye-tracking data using a Tobii Pro Fusion1 oper-
ating at 250 Hz, which follows prior recommendations for reliable 
saccade detection (≥ 120 Hz) [56] and for computing saccade-based 
features (≥ 200 Hz) [6]. Additionally, we captured the facial video 
recordings using a Luxonis OAK-D camera2 operating at 30 Hz. 
Both devices were connected to the same laptop, and their times-
tamps were synchronised to the laptop’s clock. 

We maintained consistent lighting throughout the sessions to 
reduce effects on pupil size. We used a height-adjustable table to 
optimise eye-tracker accuracy for different participant heights. The 
eye tracker and camera were mounted on the screen to record each 
participant, and the participant-screen distance was fixed at 60 cm. 

3.2 Stimuli 
We used 154 image–caption pairs from the FOIL-COCO dataset 
[88]; it pairs each MS-COCO dataset image [58] with a correct 
caption and a foil caption, i.e., a caption that has exactly one incor-
rect (foil) word. We assigned participants to two groups, Group A 
and Group B; both groups viewed the same images, but caption 
assignment was counterbalanced so that when Group A saw the 
correct caption for an image, Group B saw the corresponding foil, 
and vice versa. Figure 2 shows an example of the stimuli we used, 
where if Figure 2a was used for Group A, then Figure 2b was used 
for Group B. We included deliberate single-word errors in half of 
the captions (i.e., 77 out of 154) to reduce class imbalance. We ran-
domised the image sequence for each participant to reduce order 
effects. We included at least two images from each of the dataset’s 
73 categories, to ensure coverage across different types of images 
and foil words. In addition, we selected captions of approximately 
ten words and standardised image resolution across stimuli. 

1https://www.tobii.com/products/eye-trackers/screen-based/tobii-pro-fusion (Ac-
cessed August 18, 2025)
2https://shop.luxonis.com/products/oak-d (Accessed August 18, 2025) 

We decided to use FOIL-COCO because it contains real pho-
tographs, and its single-word foils had been validated by human 
annotators. Therefore, it allowed us to measure how small changes 
to a single word can make participants disagree with a caption. FOIL-
COCO, therefore, provides naturalistic, tightly controlled stimuli 
that isolate semantic mismatch while preserving grammatical form 
and sentence context. Our counterbalancing preserves identical vi-
sual input across conditions, so differences in behavioural responses 
can be attributed to caption content rather than image properties. 

3.3 Procedure & Task 
Upon arrival, we explained the study to the participants and then 
presented them with a consent form, which they signed to con-
firm voluntary participation and understanding of the study. They 
then completed a demographic questionnaire to provide relevant 
background information. Next, participants were introduced to the 
study system, and we calibrated the eye tracker using the Tobii Pro 
Eye Tracker Manager with a 9-point calibration procedure. Calibra-
tion accuracy was verified manually using the gaze visualisation 
tool, and recalibration was performed when necessary. 

Participants were informed that "The captions were generated 
using an ML model" and for each image–caption pair, they had 
to provide a binary judgement of agree or disagree based on their 
perception of the caption’s correctness before proceeding to the 
next trial. The task was self-paced to avoid inducing stress from time 
constraints. Participants could proceed to the next image–caption 
pair immediately after providing their rating, spending on average 
4.75 ± 2.18 seconds (mean ± SD) per trial. Before starting the main 
task, participants completed a short training phase to familiarise 
themselves with the interface and procedure, ensuring they fully 
understood the task and its objectives before proceeding. Once 
participants confirmed their understanding of these instructions, 
they advanced to the main task. Each trial began with a countdown 
displayed at the centre of the screen to ensure their initial gaze 
fixation was on the centre. Following this, an image–caption pair 
appeared, and participants made a binary judgement of agree or 
disagree regarding the perceived caption’s correctness. After com-
pleting the main task, participants took part in a debriefing session 
and were compensated for their time. 

4 Methods 
In this study, we modelled participants’ perceived disagreement 
with the output of an ML model within an image captioning task, as 
described in Section 3.3. As established in Section 2.1, disagreement 
is commonly treated as a multimodal phenomenon, which moti-
vated us to collect our dataset in a multimodal fashion. However, 
the collected facial data did not lead to any meaningful improve-
ments; instead, it resulted in a drop in performance when combined 
with the gaze data. To keep the manuscript focused on our research 
questions, this section concentrates on the gaze modality. However, 
for completeness and to support reuse of the dataset, we provide 
additional details in the appendix for the facial data processing in 
Appendix B and for our initial multimodal setup in Appendix C. 
Below, we describe the data pre-processing, feature extraction, and 
the ML methods used for analysis. 

https://github.com/DFKI-Interactive-Machine-Learning/Disagreement-Detection-Dataset-CHI-26
https://www.tobii.com/products/eye-trackers/screen-based/tobii-pro-fusion
https://shop.luxonis.com/products/oak-d
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(a) Stimulus with correct caption (b) Stimulus with foil caption 

Figure 2: An example from the FOIL-COCO dataset [88], showing the correct and foiled captions for the same stimulus. 

4.1 Gaze Data Pre-Processing & Event Detection 
For the collected eye-tracking data, we resampled timestamps to a 
fixed 4 ms interval to ensure temporal consistency (original range: 
3.99-4.01 ms). Gaze coordinates were computed as the mean of both 
eyes’ gaze data streams; when one eye’s data stream was missing, 
we used the other eye’s stream alone to preserve continuity. 

Gaze points are usually categorised into different event types. 
Fixations describe the state when the eyes remain relatively still for 
a time period lasting somewhere between a few tens of milliseconds 
up to a few seconds, while saccades are the rapid eye movements 
from one fixation to another [38]. The combination of alternating 
fixation and saccadic events produces a scanpath [12], which refers 
to the trace of a person’s eye movements across space over time [38]. 

We identified fixation and saccadic events using the Dispersion-
Threshold Identification (I-DT) algorithm [84]. In this method, gaze 
points are grouped into a fixation if their spatial dispersion (i.e., 
the maximum spread between points within a time window) re-
mains below a predefined threshold for at least a minimum du-
ration; otherwise, the points are classified as part of a saccade. 
We set the minimum fixation duration to 50 ms. To determine the 
dispersion threshold for each participant, we implemented an adap-
tive procedure based on the Median Absolute Deviation (MAD) 
of gaze velocities. In short, we computed the MAD of each par-
ticipant’s velocity distribution to quantify noise: a larger MAD 
indicated greater velocity variability, leading to a higher dispersion 
threshold, whereas a smaller MAD indicated more stable velocities, 
allowing a lower threshold. We manually selected user-specific 
thresholds by maximising the proportion of samples labelled as 
fixations while balancing over- and under-segmentation. The full 
adaptation procedure is described in Algorithm 1. Additionally, we 
merged consecutive fixations separated by fewer than 20 pixels to 
reduce fragmentation. As a verification step, we cross-validated 
event labels against Area of Interest (AOI) mappings, for example, 
to distinguish text from image fixations. 

The final gaze output consists of event timelines with labelled 
fixations and saccades, event durations, and AOI associations. We 
validated these outputs using visual overlays on the stimuli and 
quantitative metrics such as cluster scores. Additionally, two eye-
tracking experts performed manual checks on a number of trials to 
ensure quality. 

4.1.1 Dataset Summary & User-Generated Ground Truth. After pre-
processing, we obtained 4,092 valid samples from 30 participants 
across both modalities. Although the stimuli were evenly split be-
tween correct and foil captions, participants did not achieve perfect 
identification. On average, they correctly distinguished between 
correct and foil captions with an accuracy of 0.886 ± 0.092, ranging 
from a maximum of 0.974 to a minimum of 0.455 when comparing 
their agree/disagree labels with the ground truth. Since our focus 
is on participants’ perceived agreement or disagreement, we used 
their self-generated labels as user-generated ground truth data, 
regardless of correctness, as these reflect their actual judgments. 

4.2 Gaze-based Feature Extraction 
We extracted gaze-based features informed by prior research on 
cognitive state monitoring. Following a review publication [67], we 
included features (n=17) that appeared in two or more relevant stud-
ies, as these represent widely adopted indicators of visual attention 
and cognitive processing. These features capture fixation behaviour, 
saccadic dynamics, and pupil responses, which together provide a 
comprehensive view of how users allocate attention and process 
visual information. Fixation-based features, such as fixation count 
and duration, reflect the depth of processing and attentional focus; 
saccade-based features, including amplitude and velocity, indicate 
search strategies and information scanning; and pupil-based fea-
tures are often linked to cognitive load and emotional arousal. To 
complement these, we incorporated additional features (n=22) from 
related work [8, 54, 76]. These include transition metrics between 
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Algorithm 1: Adaptive dispersion threshold optimisation using MAD 

Input: Gaze samples {(𝑥𝑡 , 𝑦𝑡 , 𝜏𝑡 )}𝑇 
𝑡 =1; base threshold 𝐷base; tuning parameter 𝛼 (default 0.1); small constant 𝜀

1 Function ComputeVelocity({(𝑥𝑡 , 𝑦𝑡 , 𝜏𝑡 )}𝑇 
𝑡 =1, 𝜀)

2 Remove samples with NaN in 𝑥 , 𝑦, or 𝜏 ; // Clean input data 
3 Δ𝑥 ← diff(𝑥 ); // Δ𝑥𝑡 = 𝑥𝑡 − 𝑥𝑡 −1 

4 Δ𝑦 ← diff(𝑦); // Δ𝑦𝑡 = 𝑦𝑡 − 𝑦𝑡 −1 

5 Δ𝜏 ← diff(𝜏 ); // Δ𝜏𝑡 = 𝜏𝑡 − 𝜏𝑡 −1 

6 Set Δ𝜏𝑖 = 𝜀 where Δ𝜏𝑖 = 0; // Avoid division by zero 

7 𝑉 ← 

√︃ 
Δ𝑥 2 

𝑖 + Δ𝑦 2 
𝑖 
 
Δ𝜏𝑖 

 𝑇 −1 

𝑖=1 
; // Instantaneous speed 

8 return 𝑉 ; 

9 Function MAD(𝑉 ) 
10 Remove samples with NaN in 𝑉 ; // Clean input data 
11 if 𝑉 is empty then 
12 return 0; // No valid velocity intervals 

13 𝑚 ← median(𝑉 ); // Robust central tendency 
14 𝐷 ← [ |𝑣 −𝑚 | ∀𝑣 ∈ 𝑉 ]; // Absolute deviations 
15 return median(𝐷 ); // Median absolute deviation (MAD) 

16 Function Main() 
17 Input: observed gaze sequence S = {(𝑥𝑡 , 𝑦𝑡 , 𝜏𝑡 )}𝑇 

𝑡=1, base threshold 𝐷base, tuning 𝛼 , constant 𝜀 ;
18 Goal: compute an adapted dispersion threshold 𝐷adapt that scales with observed velocity dispersion; 

19 Step 1 (velocity computation): 𝑉 ← ComputeVelocity(S, 𝜀); 
// Produces a vector of speeds between consecutive valid samples 

20 Step 2 (dispersion estimation): 𝑚𝑎𝑑 ← MAD(𝑉 ); 
// Computes the median absolute deviation of 𝑉 

21 Step 3 (threshold adaptation inline): 𝐷adapt ← 𝐷base; // Start from base threshold 
22 if 𝑚𝑎𝑑 > 0 then 
23 𝐷adapt ← 𝐷base × (1 + 𝛼 ×𝑚𝑎𝑑 ); 

// Increase proportionally to velocity dispersion 

// If 𝑚𝑎𝑑 = 0, leave 𝐷adapt at 𝐷base (no adaptation) 

24 return 𝐷adapt; // For downstream fixation detection 

AOIs to capture how users navigate between the image and caption, 
and detailed pupil statistics that may reveal subtle variations in en-
gagement. This combination ensures both coverage of established 
indicators and inclusion of measures relevant to our experimental 
setting. Table 1 summarises the full feature set. 

4.3 Machine Learning Processing 
Our initial investigation explored the use of multimodal gaze and 
facial data across different ML algorithms (see Appendix C). We 
found that several deep and transfer-learning architectures failed to 
generalise reliably, a common challenge with small datasets such as 
ours. Therefore, we focused on using statistical features from gaze 
(see Section 4.2) and facial (see Appendix B) data with classical ML 
algorithms (e.g., Support Vector Machine (SVM), Extreme Gradient 
Boosting (XGBoost), Linear Discriminant Analysis (LDA), and Ran-
dom Forest (RF)). However, this multimodal approach revealed that 
adding facial features offered no performance gain over gaze-only 

baselines and introduced instability across fusion strategies. Based 
on these findings, we refined our methodology to focus on classi-
cal supervised learning algorithms using only gaze-based features. 
This focused approach provides a more thorough investigation of 
the feature and time-window effects central to this work. 

To systematically evaluate a wide range of ML algorithms and 
accelerate our workflow, we used an Automated Machine Learn-
ing library, called PyCaret3 . It is an open-source ML library that 
automates model training and evaluation. It is built on established 
frameworks, such as scikit-learn4 , and supports model selection, 
hyperparameter tuning, and performance comparison. We used 
PyCaret to evaluate 18 different classification algorithms under 
identical conditions and to rank them based on performance. We 

3https://pycaret.gitbook.io/docs (Accessed August 18, 2025)
4https://scikit-learn.org/stable/ (Accessed 18 Feb 2025) 

https://pycaret.gitbook.io/docs
https://scikit-learn.org/stable/
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Table 1: Gaze-based features extracted per trial. The Source column cites the literature where each feature was reported. The 
[+ per AOI] indicates that the features were computed both globally across the entire stimulus and on a per AOI basis. For 
features with statistics in parentheses (e.g., “Mean, Std, Total”), all listed summary statistics are computed for that feature. 

Feature Type Feature Units Source 

Fixation-based 
Fixation Count (Total) [+ per AOI] Count (unitless) [8, 54, 67] 
Fixation Duration (Mean, Std, Total) [+ per AOI] Time (ms) [8, 54, 67] 
Fixation Rate per Second Count/s [54] 

Saccade-based 

Absolute Saccade Angles (Mean, Std) Visual angle (deg) [54] 
Relative Saccade Angles (Mean, Std) Visual angle (deg) [54] 
Saccade Count (Total) Count (unitless) [67] 
Saccade Duration (Mean, Std, Total) Time (ms) [67] 
Saccade Length (Mean, Std) Visual angle (deg) [8, 54, 67] 
Saccade Velocity (Max) Deg/s [67] 

Scanpath-based 
Scanpath Length (Total) Visual angle (deg) [67] 
Scanpath Duration (Total) Time (ms) [67] 

AOI Transition-based 
Dwell Time Before First Transition Time (ms) [76] 
Transitions Count Between AOIs Count (unitless) [54] 
Transitions Ratio Between AOIs Ratio (unitless) [54] 

Pupil-based 
Pupil Diameter (Mean, Std) mm [67] 
Right and Left Pupil Diameter (Min, Max, Mean, Std) mm [54] 
Right and Left Pupil Diameter During First and Last Fixation mm [54] 

applied a Robust Scaler5 to rescale the features. The scaler subtracts 
the median and scales the data according to the Interquartile Range 
(IQR), which is the range between the 1st quartile (25th percentile) 
and the 3rd quartile (75th percentile). 

We used balanced accuracy as our primary evaluation metric be-
cause our aim was to detect perceived agreement and disagreement 
with a model’s output. The F1-score is unsuitable in this context, as 
it does not account for true negatives and therefore assesses only 
the model’s performance on the positive class. Although overall 
accuracy considers both classes, it can be misleading when class 
distributions are imbalanced; therefore, we used balanced accuracy 
(Equation 1), which assigns equal weight to the positive and neg-
ative classes. In addition to the balanced accuracy, we computed 
recall, precision, and the area under the ROC curve (AUC). For our 
use case, we assigned disagreement as the positive class (i.e., 1) and 
agreement as the negative class (i.e., 0). 

Balanced Accuracy = 
1 
2 

 
TP 

TP + FN  
Sensitivity 

+ TN 
TN + FP  
Specificity 

 
(1) 

5 Experimental Design & Evaluation 
To investigate the detection of implicit user disagreement in our sim-
ulated human–AI interaction image-captioning task, we designed 
two sets of experiments. In our initial experiments, we explored 
the multimodal nature of disagreement by analysing both gaze and 
facial signals, as motivated by the literature (Section 2.1). Second, 
we compared the performance of personalised (within-participant) 
versus generalised (between-participant) models for disagreement 

5https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing. 
RobustScaler.html (Accessed August 18, 2025) 

detection. These experiments were designed to answer the follow-
ing research questions: 

• RQ1: Can perceived disagreement with image–caption out-
puts be reliably detected from passive gaze and facial signals 
collected during a simulated human–AI interaction task? 
• RQ2: How do personalised and generalised disagreement-
detection models compare in terms of accuracy, reliability, 
and robustness to inter-participant variability? 

The findings from this initial phase motivated a deeper investi-
gation into gaze-based modelling. Our second set of experiments 
focused solely on gaze data, examining the effects of feature and 
time-window selection on model performance. These additional 
experiments address the following research questions: 

• RQ3-A: Which gaze-based features are most predictive of 
perceived disagreement, and how consistent are these pre-
dictive features across participants? 
• RQ3-B: Which time window prior to a participant’s deci-
sion best discriminates perceived disagreement using passive 
gaze signals, and how does the duration of this window im-
pact classification performance? 

5.1 Initial Experiments 
We began with a leave-users-out 5-fold cross-validation, i.e., we 
trained and fine-tuned a model on data from a subset of partici-
pants and tested it on data from a separate set of participants. In this 
procedure, each participant’s data were used exclusively for either 
training, validation, or testing. By using 5-fold cross-validation, we 
ensured that each participant’s data appeared in the test set at least 
once. These experiments assess generalisability among participants 
by testing models on participants who were not present in the train-
ing subset. Afterwards, to investigate a personalised approach, we 

https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.RobustScaler.html
https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.RobustScaler.html
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Table 2: The best generalised results from the initial gaze-based experiments using group-based 5-fold cross-validation. 

BA (%) F1 (%) Recall (%) Precision (%) AUC (%) 

54.42 59.77 62.92 56.91 56.08 
53.75 52.83 61.09 46.53 54.57 
53.16 58.38 61.87 55.25 53.81 
59.52 69.16 90.52 55.95 62.64 
54.56 60.78 63.27 58.49 57.02 

55.08 ± 2.54 60.18 ± 5.88 67.93 ± 12.66 54.63 ± 4.69 56.82 ± 3.49 

performed a user-based 5-fold cross-validation, i.e., we trained and 
tested models on each participant’s data separately. This evaluates 
personalisation, i.e., whether we can model an individual and cor-
rectly classify their future, unseen samples. In all experiments, we 
used stratified folds to maintain balanced label distributions across 
training and test sets. We also applied a feature-selection strategy 
using both SequentialFeatureSelector and SelectKBest6 . 

5.1.1 Results. Our initial experiments produced three sets of re-
sults: (1) multimodal results from models that combined statistical 
features from both gaze and facial data; (2) unimodal facial results 
from models using only facial features (see Appendix B); and (3) 
unimodal gaze results from models using only gaze-based features. 

Multimodal Results. For the multimodal approach, we combined 
gaze and facial data using an early fusion strategy, i.e., concatenat-
ing the features from both modalities before passing them to the ML 
model (see Appendix C for more details). However, the generalised 
models remained close to chance level, with an average balanced 
accuracy of 51.75% ± 0.86% (chance ≈ 50.00%). The personalised 
models performed slightly better, reaching an average balanced 
accuracy of 54.00% ± 6.93%. However, only 7 out of 30 participants 
achieved a balanced accuracy above 60.00% across the evaluated 
ML algorithms. The detailed results are shown in Table D.1 and 
Table D.3 in Appendix D. 

Facial Data Results. For the unimodal processing of the facial 
data, the generalised models produced chance-level performance, 
with an average balanced accuracy across the five folds of 49.94% ± 
1.13%. The personalised models were only slightly better, with an 
average balanced accuracy of 51.76%±6.37%. Only three participants 
achieved balanced accuracies above 60.00%. The detailed results are 
shown in Table D.2 and Table D.4 in Appendix D. 

Gaze Data Results. For the unimodal processing of the gaze data, 
the generalised models performed slightly above chance, with an 
average balanced accuracy of 55.08% ± 2.54%, as shown in Table 2. 
The personalised models showed a modest improvement, with an 
average balanced accuracy of 57.29% ± 6.67%. Across the different 
ML algorithms, ten participants achieved balanced accuracies above 
60.00%. 

From these results, we can see that personalisation led to con-
sistent but limited performance gains. The unimodal gaze-based 
models achieved the highest balanced accuracies, although most 

6https://scikit-learn.org/stable/api/sklearn.feature_selection.html (Accessed August 
18, 2025) 

remained below 60.00%. In contrast, facial data alone yielded chance-
level performance, and when combined with gaze, it reduced per-
formance compared to gaze-only models. Therefore, we conducted 
further experiments on personalised, gaze-based models to better 
understand why a bigger subset of participants achieved balanced 
accuracies above 60.00% and whether their performance can be 
modelled more effectively using gaze features. 

5.2 User Modelling Experiments & Post-hoc 
Analysis 

Building on our initial results (Section 5.1), we explored, in these 
additional experiments, how feature and time-window selection 
affect user modelling to better understand the variability in gaze-
based disagreement signals. To test whether these factors improved 
performance, we repeated the same setups: generalised models 
evaluated across participants on the whole dataset and separately 
for Group A and Group B, and personalised models trained and 
tested on each participant’s data. 

Table 3: Statistically significant features with a checkmark 
indicating membership in F𝐴, F𝐵 , and F𝑃𝑜𝑜𝑙 . Note that the 
bilateral pupil features are listed once but counted as two 
separate features (Right, Left) in the subset sizes. 

Feature F𝐴 F𝐵 F𝑃𝑜𝑜𝑙 
Fixation Count ✓ ✓

Fixation Count per Image ✓ ✓

Fixation Count per Word ✓ ✓

Fixation Duration ✓ ✓

Fixation Duration per Image ✓ ✓ ✓

Fixation Duration per Word ✓

Relative Saccade Angles (Std) ✓

Saccade Count ✓

Saccade Duration ✓

Saccade Length (Mean) ✓

Scanpath Length ✓ ✓ ✓

Scanpath Duration ✓ ✓ ✓

Transitions Count Between AOIs ✓ ✓

Pupil Diameter (Std) ✓ ✓

Right and Left Pupil Diameter (Max) ✓

Right and Left Pupil Diameter (Std) ✓ ✓

Right and Left Pupil Diameter During First Fixation ✓

https://scikit-learn.org/stable/api/sklearn.feature_selection.html
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Figure 3: Violin plot for the total gaze duration of all samples across participants in milliseconds. Total gaze duration refers to 
the time spent on an image–caption pair from its onset until the participant’s agree/disagree response. 

5.2.1 Feature Selection. The automatic feature selection using 
SequentialFeatureSelector and SelectKBest, which we em-
ployed in the initial experiments (Section 5.1), did not lead to above-
chance-level performance. Therefore, we decided to manually assess 
the features for statistical significance. We examined the distribu-
tion of each feature for the agree and disagree labels across the 
entire dataset and for each participant individually. To check for 
normality, we applied the Shapiro–Wilk test [87], and based on the 
outcome, we used either a paired 𝑡-test for normally distributed 
data or the Wilcoxon signed-rank test [103] for non-parametric 
cases (Algorithm A.1 in the Appendix outlines the logic behind this 
analysis.). Because we conducted multiple tests for each condition, 
we applied the Benjamini–Hochberg correction [9] to control the 
false discovery rate at 𝛼 = 0.05 and adjust the p-values. 

When analysing participants individually, only seven partici-
pants had statistically significant features: three from Group A with 
10 features in total, and four from Group B with 20 features in total. 
However, when analysing the dataset as a whole, we identified four 
statistically significant features. Based on these results, we defined 
three feature subsets: F𝐴 contains features that were significant 
for at least one participant in Group A; F𝐵 contains features that 
were significant for at least one participant in Group B; and F𝑃𝑜𝑜𝑙 
contains features that were significant across the dataset as a whole. 
Let 𝐹 be the set of all the extracted gaze features, and let P𝐴 and 
P𝐵 be the participants within Group A and Group B, respectively. 
For each participant 𝑝 , let 𝑆𝑝 ⊆ 𝐹 be the set of features that are 
statistically significant for the agree–disagree contrast when testing 
𝑝’s data individually. Let 𝑆pool ⊆ 𝐹 be the set of features that are 
statistically significant when the entire dataset is analysed jointly 
(all participants together). We define 

F𝐴 = 
 

𝑝 ∈P𝐴 

𝑆𝑝 , F𝐵 = 
 

𝑝 ∈P𝐵 

𝑆𝑝 , F𝑃𝑜𝑜𝑙 = 𝑆pool . 

In our data, the subset sizes are |F𝐴 | = 10, |F𝐵 | = 20, and |F𝑃𝑜𝑜𝑙 | = 4 
as shown in Table 3. 

5.2.2 Time-window Selection. We began by examining gaze dura-
tions across participants. The distribution showed a 25th percentile 

(Q1) of approximately 3 seconds, a 75th percentile (Q3) of approxi-
mately 6 seconds, and a small number of long-duration trials ex-
tending up to approximately 18 seconds (as shown in Figure 3). To 
address this variability, we applied a time-window selection strat-
egy, resulting in three conditions: (1) using the full recording, (2) 
truncating to the last 3 seconds, and (3) truncating to the last 
11 seconds. If a recording exceeded 3 or 11 seconds, we retained 
only the final segment of that length, while recordings shorter than 
these thresholds were kept intact. The choice of 3 seconds was 
guided by the first quartile (Q1), representing shorter but typical 
viewing times, while 11 seconds was derived from Tukey’s upper 
fence (Q3 + 1.5 × IQR) [99], which captures the upper bound before 
extreme outliers. This approach enabled us to minimise the impact 
of unusually long recordings without discarding valid data. 

5.2.3 Results. In this section, we first present the ML classification 
performance for both personalised (within-participant) and gen-
eralised (between-participant) models. We then report a post-hoc 
evaluation conducted to better understand the effects of personali-
sation, feature selection, and time-window selection. 

Machine Learning Experiments. The generalised models achieved 
an average balanced accuracy of ≈ 57.00%, as shown in Table 4. 
This represents a small improvement over our initial generalised 
experiments (shown in Table 2), but performance still remained 
below 60.00%. 

In contrast, the personalised models reached an average balanced 
accuracy of 68.40%, outperforming both the generalised models 
and the personalised models from our initial experiments. As sum-
marised in Table 5, these personalised results aggregate outcomes 
across feature subsets and time windows. The best performance 
was obtained with a fully personalised setup, where, for each par-
ticipant, both the feature subset and time window were selected 
individually. Under this setup, one participant achieved an average 
balanced accuracy of 59.30%, while the remaining 29 participants 
all exceeded 60.00%, with one reaching 90.00%, resulting in the 
overall average balanced accuracy of 68.40%. The detailed results 
for each participant are shown in Table A.1 in the Appendix. The 
personalised models also demonstrated a stronger ability to identify 
disagreement than the generalised model, achieving high F1-scores 
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Table 4: The best generalised results using the group-based 5-fold cross-validation for the dataset as a whole, Group A separately, 
and Group B separately. The method column contains the time window and the feature subset, where F𝐴 contains features that 
were significant for at least one participant in Group A; F𝐵 contains features that were significant for at least one participant in 
Group B; and F𝑃𝑜𝑜𝑙 contains features that were significant across the dataset as a whole. 

Data Method BA (%) F1 (%) Recall (%) Precision (%) AUC (%) 

Whole Dataset 11 Seconds & F𝐴 57.00 60.40 64.73 57.00 57.70 
Group A 11 Seconds & F𝐵 57.30 56.80 59.30 57.70 58.30 
Group B Full Recording & F𝐵 57.40 47.90 42.30 59.80 60.60 

Table 5: Personalised results averaged across participants for each feature subset and temporal condition combination. The 
personalised combinations consist of the unique feature subset and temporal information for each participant that produced 
their best performance. The method column contains the time window and the feature subset, where F𝐴 contains features that 
were significant for at least one participant in Group A; F𝐵 contains features that were significant for at least one participant in 
Group B; and F𝑃𝑜𝑜𝑙 contains features that were significant across the dataset as a whole. 

Method BA (%) F1 (%) Recall (%) Precision (%) AUC (%) 

Personalised Combinations 68.40 ± 5.70 68.80 ± 8.30 70.10 ± 10.80 70.50 ± 7.70 69.10 ± 6.10 
11 Seconds & F𝐴 62.10 ± 5.30 63.50 ± 8.20 65.20 ± 11.80 64.70 ± 6.70 61.80 ± 7.80 
11 Seconds & F𝐵 62.00 ± 6.20 62.80 ± 10.80 64.90 ± 12.90 63.50 ± 9.80 63.60 ± 8.60 
11 Seconds & F𝑃𝑜𝑜𝑙 62.00 ± 6.50 62.80 ± 9.30 64.50 ± 12.60 63.60 ± 7.30 62.30 ± 8.60 
3 Seconds & F𝐴 61.60 ± 6.00 63.00 ± 11.90 66.90 ± 16.50 62.30 ± 10.90 60.40 ± 8.70 
3 Seconds & F𝐵 63.10 ± 5.70 64.70 ± 9.70 68.10 ± 14.20 64.80 ± 8.70 62.90 ± 7.90 
3 Seconds & F𝑃𝑜𝑜𝑙 61.80 ± 5.10 65.50 ± 8.00 72.40 ± 13.10 62.80 ± 6.30 63.20 ± 7.20 
Full Recording & F𝐴 61.60 ± 6.30 63.80 ± 8.90 67.70 ± 13.00 63.10 ± 9.80 62.50 ± 7.20 
Full Recording & F𝐵 62.50 ± 7.20 63.80 ± 8.10 65.90 ± 10.50 65.00 ± 8.50 62.50 ± 8.00 
Full Recording & F𝑃𝑜𝑜𝑙 61.60 ± 6.10 63.00 ± 8.80 66.40 ± 11.80 63.10 ± 7.30 62.90 ± 9.10 

(68.80%) and Recall (70.10%). Their high Precision (70.50%) indicates 
that most predicted disagreement labels were correct, with few false 
positives. In contrast, the generalised model, despite using the en-
tire dataset and achieving an F1-score of 60.40%, had a Precision 
of only 57.00%, suggesting it struggled to identify disagreement 
accurately and produced many false positives. 

Post-hoc Statistical Analysis. To determine whether the observed 
improvement in model performance was statistically significant 
and whether it was influenced by specific conditions (feature subset 
or time-window selection), we conducted several post-hoc tests. We 
applied a Bonferroni correction7 at 𝛼 = 0.05 to adjust p-values for 
multiple comparisons, using the conservative approach to control 
the risk of false positives. 

To assess the effects of feature subsets and temporal information, 
we performed a two-way repeated-measures Analysis of Variance 
(ANOVA)8 . This analysis examined the impact of time-window 
selection (i.e., full recording, last 11 seconds, last 3 seconds) and fea-
ture subset (F𝐴 , F𝐵 , F𝑃𝑜𝑜𝑙 ), as well as their interaction, on balanced 
accuracy. Each participant contributed data to all factor combina-
tions, allowing us to account for within-subject variability. The 
results showed no significant main effects of gaze duration (F(2,58) 
= 0.0602, p = 0.9416) or feature subset (F(2,58) = 0.6636, p = 0.5189). 

7https://www.statsmodels.org/dev/generated/statsmodels.stats.multitest. 
multipletests.html (Accessed August 18, 2025)
8https://www.statsmodels.org/dev/generated/statsmodels.stats.anova.AnovaRM. 
html (Accessed August 18, 2025) 

The interaction between gaze duration and feature subset was also 
not significant (F(4,116) = 0.2977, p = 0.8790). These findings indi-
cate that neither factor, alone or combined, explained a meaningful 
proportion of the variance in balanced accuracy. In other words, 
there was no single condition that consistently outperformed oth-
ers; individual differences in the best-performing condition for each 
participant masked any overall effect. 

In order to evaluate whether each participant’s identified best-
performing condition (feature subset and time window combina-
tion) represented a genuine and consistent advantage rather than 
random chance, we compared it with the participant-wise average 
across the remaining conditions and with the participant’s second-
best condition. The Shapiro–Wilk test [87] indicated that the distri-
bution of paired differences deviated significantly from normality 
(W = 0.7937, p = 0.0001). Therefore, we used a Wilcoxon signed-
rank test [103], which showed that the best condition produced 
significantly higher accuracies (mean increase ≈ 7.183%, median 
increase ≈ 6.953%) across all participants (W = 465.0, p< 0.0001). 
The effect size was maximal, reflecting a consistent directional dif-
ference. A second Wilcoxon test comparing the best condition with 
the second-best condition also revealed a significant advantage 
for the best condition (mean increase ≈ 2.425%, median increase 
≈ 1.735%; W = 465.0, p < 0.0001), again with a maximal effect size. 

https://www.statsmodels.org/dev/generated/statsmodels.stats.multitest.multipletests.html
https://www.statsmodels.org/dev/generated/statsmodels.stats.multitest.multipletests.html
https://www.statsmodels.org/dev/generated/statsmodels.stats.anova.AnovaRM.html
https://www.statsmodels.org/dev/generated/statsmodels.stats.anova.AnovaRM.html
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Figure 4: The feature correlation matrix for F𝐵 , with values above 0.5 being shown. 

Finally, we conducted permutation-based paired comparisons9 

to confirm these findings without relying on distributional assump-
tions. For the comparison between the best condition and the av-
erage of the remaining conditions, the observed mean difference 
was ≈ 7.18%, with a permutation test indicating a highly significant 
effect (p < 0.0001, r = 1.486). Similarly, comparing the best condi-
tion with the second-best condition yielded a mean difference of 
≈ 2.43%, with a similar permutation result (p < 0.0001, r = 1.754). 
These results showcase that the best-performing condition for each 
participant was significantly better than both the average and the 
second-best condition, confirming the reliability and consistency 
of these maximum accuracies. 

Post-hoc Feature Analysis. To understand why manual feature 
selection based on statistical analysis outperformed the automatic 
feature selection used in our initial experiments, we examined the 
resulting feature subsets in more detail. We had three different 
feature subsets, i.e., F𝐴 , F𝐵 , and F𝑃𝑜𝑜𝑙 , as explained in Section 5.2.1. 
Figure 4 shows the correlation matrix for F𝐵 (F𝐴 and F𝑃𝑜𝑜𝑙 are 
shown in Figure A.1 in the Appendix). 

Across the different feature types (i.e., fixation-based, saccade-
based, scanpath-based, AOI transition-based, and pupil-based), we 
observe strong internal correlations. For example, in F𝐵 , fixation 
counts and durations correlate highly with each other (𝑟 ranging 

9https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.permutation_test. 
html (Accessed August 18, 2025) 

from 0.580 to 0.920), and scanpath duration is strongly linked to fix-
ation metrics (𝑟 ranging from 0.650 to 0.830). Similarly, pupil-based 
features form a tightly correlated group, with left and right pupil 
diameter measures reaching 𝑟 ≈ 0.960. In contrast, saccade-based 
features, such as relative saccade angles and transitions between 
AOIs, show weaker correlations, suggesting they may provide com-
plementary information. Importantly, correlations between pupil 
and oculomotor features (i.e., fixation, saccade, and scanpath) re-
main low, indicating that pupil-based features contribute distinct 
information. F𝐴 further reinforces these observations. Fixation 
counts and durations correlate strongly, while scanpath duration 
aligns closely with fixation counts (𝑟 ≈ 0.930). Pupil features again 
cluster tightly (𝑟 ranging from 0.920 to 0.950), but show little cor-
relation with fixation-based and saccade-based features. F𝑃𝑜𝑜𝑙 , a 
compact set of four duration and scanpath-based features, also ex-
hibits high internal correlation (fixation duration total and scanpath 
duration total, 𝑟 = 0.860), confirming that even minimal subsets 
capture overlapping dynamics. 

Post-hoc Time-window Analysis. We examined three time-window 
selection strategies: the full recording, the last 11 seconds, and the 
last 3 seconds of each trial, as explained in Section 5.2.2. Among the 
best-performing personalised models, 13 participants achieved their 
highest balanced accuracy with the full recording, 6 participants 
with the 11-second window, and 11 participants with the 3-second 
window, as shown in Table A.1 in the Appendix. 

https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.permutation_test.html
https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.permutation_test.html


Do You (Dis)agree With Me? Modelling Implicit User Disagreement in Human–AI Interaction Using Gaze Data CHI ’26, April 13–17, 2026, Barcelona, Spain 

0 2500 5000 7500 10000 12500 15000 17500 20000 

Total Duration (ms) 

(a) Total stimuli durations 

−2000 0 2000 4000 6000 8000 10000 12000 

Average Duration Per User (ms) 

gaze_data_type 
3 

11 

All 

(b) Mean stimuli duration per participant 

Figure 5: Density plots for the total durations across users, and mean duration per user, coloured based on the temporal 
condition of their best performing combination. Participants within the 3-second window group tend to have longer total 
durations, suggesting discriminative cues occur near the end; those best within the 11-second window group show tighter 
average durations, indicating that trimming the initial seconds within longer trials improves the signal quality; those within 
the full recording had the widest duration range, implying a heterogeneous or cumulative decision process. 

The density plots shown in Figure 5 indicate that participants 
who performed best with 3-second windows tended to have longer 
overall stimulus durations. In contrast, those with 11-second win-
dows exhibited more consistent durations with an average of five 
seconds and a narrower total duration range. Participants who 
performed best with full recordings displayed the widest range of 
durations. 

6 Discussion 
In this study, we explored implicit disagreement detection using a 
multimodal gaze and facial dataset from 30 participants, with a more 
in-depth analysis of the gaze modality. We conducted two main 
experiments: the first involved using the full stimulus recording 
with automatic feature selection (Section 5.1) in order to understand 
the multimodal nature of disagreement, and evaluate personalised 
(within-participant) versus generalised (between-participant) mod-
els; the second focused more on the gaze data, exploring the effects 
of personalising the time-window selection (i.e., either the full 
recording, the last 11 seconds, or the last 3 seconds) and selecting 
feature subsets based on statistical analysis (Section 5.2). All exper-
iments were carried out using both generalised processing with 
group-based 5-fold cross-validation, and personalised processing 
using stratified 5-fold cross-validation on each participant’s data 
separately. In this section, we interpret our findings with respect to 
each research question. In the next section (i.e., Section 7), we criti-
cally reflect on the study’s limitations and discuss their implications 
for future work in detail. 

RQ1: Can perceived disagreement with 
image–caption outputs be reliably detected from 
passive gaze and facial signals collected during a 
simulated human–AI interaction task? 
As established in Section 2.1, disagreement is a complex phenome-
non to model. It can be seen as a cognitive-affective state [85, 86] 
that typically manifests as a communicative act [24, 25, 46, 94] and 
is inherently multimodal [13, 46]. Facial expressions [13, 23, 32, 46] 
and gaze behaviour [45, 52, 79, 94] are both thought to play an 
important role in implicitly conveying or expressing disagreement. 
However, our results did not fully align with this multimodal ex-
pectation, suggesting that our current computational approach did 
not effectively capture multimodal disagreement signals. 

In the initial experiments (Section 5.1), gaze-only models achieved 
slightly higher balanced accuracies (personalised ≈ 57.00%, gener-
alised ≈ 55.00%) than the multimodal models that combined gaze 
and facial features (personalised ≈ 54.00%, generalised ≈ 51.00%). 
Facial data on its own led to chance-level performance in both per-
sonalised and generalised settings (≈ 50.00%). This pattern suggests 
that, in our setup, including facial features did not provide useful 
information and resulted in deteriorated performance relative to 
gaze-only models. Building on these observations, the additional 
experiments focusing on gaze-based models (Section 5.2) showed 
that using a fully personalised pipeline, i.e., optimising both fea-
ture subsets and time windows per participant, achieved improved 
performance (≈ 68%) than any of our initial configurations. 

To better understand our results, we manually inspected various 
facial video samples for each participant. For most participants, 
facial expressions remained neutral throughout the experiment, 
and no clear differences were visible between disagreement and 
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agreement trials. For two of the three participants with person-
alised facial models achieving above 60% balanced accuracy (A08 
and A16), we observed subtle cues such as eyebrow movements, 
frowning, or lip movements during some disagreement trials, with 
one participant (A08) occasionally showing smirks. However, the 
third participant, with above 60% accuracy (B10), did not exhibit 
similar patterns. These observations suggest that the captions did 
not consistently elicit distinctive facial expressions, which likely 
limited the predictive power of facial features in our task. When 
these facial features were concatenated with the more informative 
gaze features in our multimodal setup, they may have introduced 
additional variance and diluted the useful gaze signal, which may 
help explain why the approach underperformed compared to gaze-
only models. Therefore, we view the limited contribution of the 
facial data as a limitation of our experimental setup, likely due 
to our processing choices or the subtle nature of our stimuli with 
single-word caption errors, rather than evidence against the mul-
timodal nature of disagreement, which is conceptually grounded 
and supported in the literature. 

Overall, our fully personalised, gaze-only pipeline achieved a 
mean balanced accuracy of approximately 68.00%, which remains 
a modest improvement and does not yet support fully automated 
disagreement detection in real-world interactive systems. More 
generally, what constitutes sufficient performance is application-
dependent, as it depends on both the downstream action triggered 
by the detector and the relative costs of false positives (unnecessary 
interventions) versus false negatives (missed disagreements). If dis-
agreement predictions trigger disruptive system behaviour (e.g., 
interruptive alerts or frequent feedback requests), false positives 
become particularly costly. Prior work on workplace notifications 
shows that users acknowledge alerts as disruptive, yet still tolerate 
them when the perceived value is high, implying that any practi-
cal deployment must carefully control when and how the system 
interrupts the user [40]. In contrast, if the detector is used more 
conservatively as a human-in-the-loop signal that enables light-
weight, user-controllable interventions (e.g., offering an alternative 
output or requesting feedback only under high confidence), then 
moderate reliability may still provide practical value as a feasibility 
component rather than a decisive automation module. In Section 7, 
we discuss more concrete future directions to help transition from 
our lab-based experiments towards fully deployed, interactive hu-
man–AI systems. We conclude that while implicit disagreement can 
be detected above chance level using passive gaze signals, reliable 
detection suitable for real-world applications remains an open chal-
lenge. It is also important to note that any practical deployment 
of continuous gaze and facial monitoring raises significant ethical 
concerns about privacy and user comfort and would require careful 
data minimisation, transparency, and user control. 

RQ2: How do personalised and generalised 
disagreement-detection models compare in terms 
of accuracy, reliability, and robustness to 
inter-participant variability? 
Our findings reveal a clear distinction between personalised and 
generalised modelling approaches. When focusing on the results 
of our additional experiments, the generalised models achieved 

only modest performance (BA ≈ 57.00%, F1 ≈ 60.00%, as shown 
in Table 4), and produced many false positives and near-chance 
behaviour; the personalised models, on the other hand, achieved 
substantially improved performance (mean BA = 68.40% ± 5.70%, 
F1 = 68.80% ±8.30%, Recall = 70.10% ± 10.80%, Precision = 70.50% ± 
7.70%). This improvement was statistically significant when using 
Wilcoxon signed-rank and permutation tests, which confirmed that 
each participant’s best-performing condition was reliably superior 
to both the average and the second-best condition (mean increase 
≈ 7.18%, median ≈ 6.95%; p < 0.0001). 

The two-way repeated-measures ANOVA found no significant 
main effects of feature subset or time window, nor any interaction, 
indicating that no single combination consistently outperformed 
others across participants. Instead, the optimal configuration was 
highly personalised: some participants benefited from short tem-
poral windows, others from full recordings, and the most effective 
feature subset also varied between participants. This heterogeneity 
explains why generalised comparisons among participants across 
fixed conditions yielded non-significant results, whereas person-
alised comparisons showed strong effects. This pattern aligns with 
eye-tracking research showing that individuals differ systemati-
cally in how they distribute their gaze [57, 66, 74, 108], and with 
different studies emphasising that emotions and cognitive states 
are inherently subjective [23, 86, 98]. Together, these perspectives 
help explain why gaze-based disagreement detection was more 
successful with personalised models. 

These findings highlight the importance of personalisation for 
robust disagreement detection. The variability among participants 
means that fixed, one-size-fits-all models are unlikely to generalise 
well. At the same time, a personalised approach introduces addi-
tional computational and design considerations such as per-user 
calibration. From a practical perspective, the per-user calibration, 
such as selecting the best feature–temporal configuration from 
a small validation set, still offers the best compromise between 
accuracy and system complexity. 

RQ3-A: Which gaze-based features are most 
predictive of perceived disagreement, and how 
consistent are these predictive features across 
participants? 
Our additional experiments produced three feature subsets, F𝐴 , F𝐵 , 
and F𝑃𝑜𝑜𝑙 , as described in Section 5.2.1. To identify which gaze-
based features are most predictive of disagreement, we combined 
participant-wise significance testing with an analysis of the internal 
correlations within these subsets (see Section 5.2.3). Across subsets, 
our findings suggest that fixation and saccade features, along with 
pupil-diameter variability, are the primary gaze-based signals for 
detecting perceived disagreement. In particular, fixation counts and 
durations, saccade and scanpath characteristics (e.g., saccade length, 
saccade count/duration, total scanpath duration), and the standard 
deviations of pupil diameter appear in at least two of the three 
subsets, indicating that they are recurrently selected as informative 
features. 

However, the contribution of individual features is not consis-
tent across participants. Fully personalised models achieve higher 
performance (average balanced accuracy = 68.40%) compared to 
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the best generalised models (balanced accuracy ≈ 57.00%), yet the 
two-way repeated-measures ANOVA found no significant main 
effects between the feature subsets. At the same time, optimising 
the feature subset and time window on a per-participant basis sig-
nificantly improved performance (Wilcoxon and permutation tests, 
p < 0.0001). Together, these results suggest that there is no sin-
gle, universally optimal feature set; instead, systems should favour 
participant-specific feature selection or dimensionality reduction 
strategies rather than relying on a fixed, global feature subset. 

The high correlations among many gaze features likely explain 
why the automated feature selection methods used in our initial 
experiments underperformed relative to the manually derived sub-
sets. Standard automated procedures tend to remove highly corre-
lated features, whereas our results show that, despite redundancy, 
combining them remains informative. Moreover, the absence of 
pupil-based features in F𝑃𝑜𝑜𝑙 suggests that for some participants, 
oculomotor features alone are sufficient to capture disagreement-
related behaviour, while for others, pupil-based measures provide 
additional discriminative value. This further reinforces the need 
for adaptive, participant-specific modelling rather than enforcing a 
single feature configuration across all users. 

RQ3-B: Which time window prior to a 
participant’s decision best discriminates 
perceived disagreement using passive gaze 
signals, and how does the duration of this 
window impact classification performance? 
We examined three time-window selection strategies as described 
in Section 5.2.2: the full recording, the last 11 seconds, and the 
last 3 seconds of each trial. As reported in Section 5.2.3, the opti-
mal window length varied across individuals, indicating that the 
most informative temporal segment for disagreement detection is 
participant-dependent rather than globally fixed. Our motivation 
for varying the time window was grounded in the temporal na-
ture of cognitive–affective processes. Gaze behaviour unfolds in 
stages, with early fixations reflecting an orienting phase and later 
fixations associated with deeper analysis and evaluation [98, 109]. 
Neurocognitive models similarly propose distinct temporal stages 
of decision-making, from preference assessment to action selection 
and outcome evaluation, each with characteristic neural dynamics 
[26, 50, 75]. Our results align with this view: different users con-
centrate discriminative information in distinct temporal segments, 
suggesting that disagreement-related gaze behaviour can either 
accumulate over the entire trial or appear in brief, late-stage bursts. 

When aggregating performance by each participant’s selected 
window, models trained on full recordings provided the most 
robust overall performance (balanced accuracy = 70.20%, AUC = 
70.30%). This suggests that, at the group level, including the entire 
trial tends to capture a broad mixture of orienting, exploratory, 
and evaluative gaze behaviour, providing a stable and reliable ba-
sis for distinguishing agreement from disagreement. However, for 
some participants, truncated windows improved performance rel-
ative to full recordings, suggesting that earlier parts of the trial 
may be dominated by broader orienting or exploratory viewing, 
whereas gaze in later segments more directly reflects the evaluative 
and decision-related processes [26, 75, 98, 109]. The 11-second 

window generally produced intermediate performance (balanced 
accuracy = 67.50%, AUC = 70.10%), but with lower recall (64.80%). 
Its relatively high AUC indicates that this window preserves useful 
ranking information, even as sensitivity decreases, implying that it 
retains much of the discriminative structure of the full recording 
while filtering out some early, potentially less informative gaze 
behaviour. However, the modest improvement suggests that the 
signal still includes some noise that affects performance, especially 
for detecting the positive class (i.e., disagreement). In contrast, the 
3-second window slightly reduced overall discrimination (bal-
anced accuracy = 66.90%, AUC = 67.20%), but delivered the highest 
recall (72.50%) and F1-score (70.10%), particularly enhancing sen-
sitivity to disagreement trials. This pattern is consistent with the 
idea that, for many participants, decisive disagreement-related gaze 
patterns occur in brief, concentrated episodes close to the moment 
of response, mirroring late-stage decision dynamics reported in 
both eye-tracking and neurocognitive studies [26, 75]. 

Statistically, the two-way repeated-measures ANOVA did not 
reveal a significant main effect of window length on balanced ac-
curacy. At the same time, per-participant optimisation of the time 
window (in combination with a feature subset) yielded significant 
gains in accuracy (Wilcoxon and permutation tests, 𝑝 < 0.0001). 
These results indicate that performance improvements stem from 
the interaction between time windows and feature subsets, rather 
than from window length alone. This is in line with work showing 
that individual eye-movement profiles evolve idiosyncratically over 
the course of a trial [66, 74], and with evidence that emotional and 
cognitive states have distinct temporal trajectories [50]. 

From a modelling perspective, these results have two key implica-
tions. First, if a single fixed policy is required, using full recordings 
is the safest choice, as it offers the most balanced and reliable perfor-
mance. Second, when lightweight per-user adaptation is possible, 
selecting the time window (and feature subset) based on a small 
validation set can substantially improve performance with limited 
additional complexity. For example, a short calibration step can 
be added for new users, similar to eye-tracking calibration, where 
we collect a small number of labelled trials, evaluate candidate 
time windows and feature subsets on a held-out split, and use a 
lightweight classifier (e.g., LDA) to select the configuration that 
maximises balanced accuracy. This provides a per-user default with 
minimal overhead and can be retrained periodically. 

7 Limitations & Future Work 
Detecting implicit disagreement from gaze data is inherently chal-
lenging due to its subtle and individualised nature. Our findings con-
firm that personalisation is essential, as no single feature–temporal 
configuration generalised well across participants. Given the rela-
tively small size of our dataset, these results should be interpreted 
as exploratory and require validation on additional datasets be-
fore stronger conclusions can be drawn. Importantly, we did not 
implement or evaluate a full interactive human–AI system that 
responds to detected disagreement in real time. Our contribution 
is best viewed as an empirical feasibility study that motivates and 
informs future end-to-end interactive prototypes. Below, we outline 
several limitations we identified and propose directions for future 
research. 
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7.1 Stimuli 
Our findings suggest that a key limitation of this study was our 
choice to use the FOIL-COCO dataset. The foil captions differed by 
a single word, typically drawn from the same semantic category, 
as the correct counterpart [88]. While this design ensures tightly 
controlled, grammatically plausible errors, it likely made the agree-
ment and disagreement signals in our data overly homogeneous, 
reducing the variability needed for robust modelling. Moreover, 
the dataset does not systematically vary foil difficulty or semantic 
plausibility; most substitutions are subtle (e.g., "dog" → "cow" or 
"banana" → "orange") without being highly atypical, which lim-
its their potential to induce strong surprise or disagreement. As 
a result, the perceived difference between correct and foiled cap-
tions was likely too small to consistently elicit full disagreement. 
This subtlety contributes to the near-chance performance observed 
in generalised models and explains why improvements in person-
alised models remained limited. This interpretation aligns with 
our observations in Section 6 (RQ1), where facial reactions were 
largely neutral, and differences between agree and disagree trials 
were often subtle; this suggests that the stimuli primarily induced 
low-intensity appraisal (e.g., mild uncertainty or confusion) rather 
than reliably evoking strong, overt disagreement. 

More broadly, this reflects a mismatch between how we measured 
disagreement and how it is experienced. A binary agree/disagree 
response can hide differences in disagreement intensity, ranging 
from a barely noticeable mismatch to a clear error. Because many 
foils change only one semantically similar word, they might have 
produced weaker disagreement signals, which are harder to distin-
guish using passive measures. Despite these challenges, we release 
our full dataset to enable future work to re-examine these signals. 
Researchers can leverage this data to explore alternative feature ex-
traction methods or relaxed processing choices that might uncover 
patterns our current pipeline missed. 

Future work should incorporate datasets with controlled vari-
ation in foil similarity and contextual plausibility, enabling more 
detailed analysis of disagreement strength. Additionally, integrating 
computational measures such as semantic distance between correct 
and foil words and image–caption alignment could help predict and 
calibrate disagreement difficulty, thereby improving both experi-
mental design and model generalisability. To better align the labels 
with participants’ subjective experience, future studies could collect 
graded responses (e.g., Likert-scale disagreement intensity and/or 
confidence) rather than relying solely on a binary judgement, to 
explore meaningful variation. Finally, disagreement manipulations 
could be broadened beyond single-word substitutions to include 
qualitatively different error types (e.g., object, attribute, relation, or 
context violations), allowing a more systematic test of when passive 
signals shift from subtle mismatch detection to clearer, stronger 
disagreement. 

7.2 Modalities 
As highlighted in Section 2.1, disagreement is often regarded as an 
inherently multimodal signal, involving a coordinated combination 
of facial, gaze, gestures, and other behavioural cues [13, 46]. In our 
study, the facial stream contributed little predictive signal after pro-
cessing. We attribute this primarily to the interaction between our 

experimental design, which elicited subtle reactions, and our com-
putational pipeline, which may not have been sensitive enough to 
capture these faint cues. In particular, facial expressions associated 
with low-intensity appraisals can be subtle, highly individual, and 
sensitive to recording conditions and feature-extraction choices 
[23, 86]. Under our task conditions, many participants remained 
facially neutral, suggesting that the AU-based summaries we ex-
tracted were too coarse to capture the relevant temporal dynamics 
and cross-signal dependencies emphasised in multimodal accounts 
of dispreferred response [46, 71]. Therefore, these results likely 
reflect the methodological challenge of computationally capturing 
implicit disagreement signals, rather than a conceptual challenge 
to the multimodal nature of disagreement. 

Future work should continue to explore the multimodal nature 
of disagreement, potentially by incorporating richer facial, vocal, 
and other behavioural signals to capture complementary cues more 
effectively. Overall, multimodal modelling of disagreement remains 
a promising direction for future research in computational hu-
man–computer interaction. 

7.3 Methods & Generalisability 
Our results indicate that no fixed feature set generalises across 
participants, and high feature correlations likely limited the effec-
tiveness of traditional feature-selection methods. Future research 
should investigate automatic feature extraction and representation 
learning using state-of-the-art deep neural networks, which may 
capture more discriminative patterns. However, this requires larger, 
more diverse datasets to avoid overfitting and support the develop-
ment of generalisable models, which reflects a recurring challenge 
in learning-based gaze research [108]. 

In preliminary experiments, we evaluated deep learning archi-
tectures and transfer learning with pre-trained models, but given 
the current dataset constraints, these approaches tended to overfit 
and failed to generalise reliably, reinforcing the need for greater 
data scale and diversity. We also explored simple multimodal fusion 
strategies, including early and late fusion of gaze and facial features, 
but observed only limited benefits. Future work should therefore 
examine more recent intermediate or hybrid fusion techniques that 
can model cross-modal interactions more effectively. 

We did not compare against prior baseline disagreement-detection 
models because, to the best of our knowledge, there is no estab-
lished, directly comparable benchmark for implicit (dis)agreement 
detection from gaze and facial signals in a similar setup. Related 
studies using gaze/facial cues typically target different constructs 
(e.g., confusion, workload, affect) or different interaction contexts. 
Therefore, our work serves as a first attempt to establish such a 
benchmark for implicit disagreement detection, providing a base-
line against which future models and feature-extraction techniques 
can be compared. 

Beyond data scale and model choice, our study was conducted 
under controlled laboratory conditions with a relatively small sam-
ple, which is a known limitation in the eye-tracking community. 
This may limit generalisability to more diverse users and real-world 
interaction settings. Future work should expand on this by examin-
ing disagreement detection in more naturalistic contexts and across 
broader populations to assess robustness under realistic variability. 
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Incorporating adaptive or online personalisation strategies could 
further help bridge the gap between lab-based performance and 
practical deployment, especially when user-specific patterns are 
expected to evolve over time. 

7.4 Feature Subset Differences 
In our post-hoc feature analysis, we observed a difference in the 
number of statistically significant gaze features between the two 
counterbalanced groups, with |F𝐴 | = 10 and |F𝐵 | = 20. Although 
age and gender were balanced and stimuli were counterbalanced, 
this difference likely came from how these subsets were constructed: 
F𝐴 and F𝐵 represent the union of significant features for any sin-
gle participant in that group, and since only three participants in 
Group A and four in Group B yielded significant features, small sam-
pling variations and strong inter-feature correlations could easily 
amplify subset differences even under counterbalancing. In addi-
tion, upon further examination, Group A had a higher proportion of 
participants with prior eye-tracking experience (𝑛 = 12) compared 
to Group B (𝑛 = 7); this familiarity may have led to more stable, 
task-oriented viewing strategies in Group A, thereby reducing the 
variance required for certain features to reach significance com-
pared to Group B. Finally, although the base images were the same, 
the specific image–caption pairs and foil words differed between 
groups, and subtle variations in foil difficulty or semantic distance 
may have interacted with disagreement responses. Therefore, future 
work should use larger, more balanced samples to further assess 
the robustness of these feature-level patterns. 

7.5 Ethical & Privacy Concerns 
Passive monitoring raises important ethical considerations, includ-
ing informed consent, data privacy, and transparency regarding 
the signals collected and their use. The collection of continuous 
behavioural or physiological data (e.g., gaze and facial video) can 
elicit discomfort due to feelings of constant monitoring and im-
pose a burden on participants who must carry and safeguard sens-
ing devices, particularly in medical or high-stakes contexts [61]. 
These concerns have also been highlighted specifically for passive 
gaze-based interaction, where gaze traces can support inferences 
beyond the immediate interaction context; the increasing feasi-
bility of webcam-based gaze sensing further raises the stakes by 
lowering the barrier to large-scale deployment outside controlled 
research settings [67]. In this context, our results suggest that, at 
least with our current stimuli and pipeline, the practical benefits of 
continuous gaze/facial monitoring are limited and are unlikely to 
justify deployment in real-world systems where the cost to privacy 
and user comfort is high. Rather than treating these concerns and 
negative results as a reason to abandon this research direction alto-
gether, we interpret them as strengthening the case for responsible 
constraints. Future work should adopt a proportionality principle in 
which data collection is minimised, and the expected benefit clearly 
outweighs the privacy burden. Concretely, this implies privacy-
preserving designs (e.g., opt-in consent, purpose limitation, and 
local/on-device processing of derived features instead of storing 
raw video), transparency about what is sensed and why, and user 
control mechanisms such as easy opt-out and episodic, rather than 
continuous, sensing. 

8 Conclusion 
In this study, we investigated the feasibility of detecting perceived 
disagreement from passive gaze signals during a simulated AI inter-
action task. We conducted a 30-participant user study in which eye-
tracking and facial data were collected while participants judged 
whether image–caption pairs were correct. Our initial experiments 
using both modalities with automatic feature selection and gener-
alised processing achieved near-chance-level performance, with 
models that combined gaze and facial features performing worse 
than gaze-only models. This prompted us to conduct further experi-
ments on the unimodal gaze data using three time windows (i.e., full 
recording, last 11 seconds, last 3 seconds), and three different feature 
subsets based on statistically significant differences between agree 
and disagree trials. Our results show that disagreement is highly 
personalised; personalised models achieved an average balanced 
accuracy of 68.40%, compared to 57.00% for generalised models. Fur-
ther post-hoc statistical analysis revealed no single feature subset 
or time window consistently outperformed others, underscoring 
the need for adaptive strategies. While gaze-based signals encode 
useful information, their variability suggests that multimodal fusion 
and advanced feature learning are essential for robust performance. 
Additionally, we presented directions for future work, such as using 
richer stimuli with graded disagreement difficulty to improve our 
performance, and highlighted ethical and privacy considerations 
that should guide any future development and evaluation of pas-
sive disagreement detection. Overall, this work represents an initial 
step towards understanding and modelling implicit disagreement 
to enhance adaptive human–AI systems. 
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A Supplementary Material 

Algorithm A.1: Paired feature significance test logic. 
Input: Agree and Disagree Data frames; feature set F ; boolean same participant; significance level 𝛼 

1 foreach feature 𝑓 ∈ F do 
2 Build paired observations; 
3 if same participant = True then 
4 𝑥 ← values of feature 𝑓 in 𝐴𝑔𝑟 𝑒𝑒; 𝑦 ← values of feature 𝑓 in 𝐷𝑖𝑠𝑎𝑔𝑟 𝑒𝑒 ; // aligned by participant id 

5 else 
6 Aggregate within participant (e.g., participant mean across trials) in 𝐴𝑔𝑟 𝑒𝑒 and in 𝐷𝑖𝑠𝑎𝑔𝑟 𝑒𝑒 to produce one value per 

participant: 𝑥, 𝑦; 
7 Remove pairs with missing values so 𝑥 and 𝑦 remain matched; 
8 𝑛 𝑓 ← number of remaining pairs for feature 𝑓 ; 
9 𝛿 𝑓 ← 𝑥 − 𝑦; // within-pair differences 

10 𝛿 𝑓 ← mean(𝛿 𝑓 ); 𝑠𝛿 𝑓 ← sd(𝛿 𝑓 ); 

11 Select test (Shapiro–Wilk decision); 
12 Perform Shapiro–Wilk on 𝛿 𝑓 ; obtain 𝑝SW,𝑓 ; 
13 if 𝑝SW, 𝑓 ≥ 0.05 then 
14 Perform two-sided paired 𝑡 -test on (𝑥 , 𝑦); store raw 𝑝 as 𝑝 𝑓 ; 
15 test𝑓 ← "Paired t-test"; 

16 else 
17 Perform two-sided Wilcoxon signed-rank test on 𝛿 𝑓 ; store raw 𝑝 as 𝑝 𝑓 ; 
18 test𝑓 ← "Wilcoxon signed-rank"; 

19 Effect size (paired Cohen’s 𝑑 ); 
20 𝑑 𝑓 ← ¯ 𝛿 𝑓 /𝑠𝛿 𝑓 ; // paired Cohen’s 𝑑 , using sample sd 

21 Store record for feature 𝑓 : (𝑛 𝑓 , test𝑓 , 𝑝 𝑓 , 𝑑 𝑓 , ¯ 𝛿 𝑓 , 𝑠𝛿 𝑓 ); 

22 Benjamini-Hochberg adjustment (fixed method); 
23 Let 𝑚 ← |F | and collect raw 𝑝 -values {𝑝 𝑓 }𝑓 ∈F ; 
24 Order 𝑝 -values: 𝑝 (1) ≤ · · · ≤ 𝑝 (𝑚 ) with corresponding features (𝑓 (1) , . . . , 𝑓(𝑚 ) ); 
25 Initialize 𝑝 (𝑚+1) := 1; 
26 for 𝑖 ← 𝑚 down to 1 do 
27 𝑝 (𝑖 ) ← min 

 
1, 𝑚 

𝑖 𝑝 (𝑖 ) , 𝑝 (𝑖 +1) 
 
; 

28 Map each 𝑝 (𝑖 ) back to its feature 𝑓(𝑖 ) and set adj_p𝑓 ← ˜ 𝑝 𝑓 ; 
29 Set significant𝑓 ← [ adj_p𝑓 < 𝛼 ]; 

30 return Table over 𝑓 ∈ F with columns: test, raw_p, adj_p, 𝑑 𝑓 , significant, 𝑛 𝑓 , ¯ 𝛿 𝑓 , 𝑠𝛿 𝑓 ; 
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Table A.1: Per-user results, duration (Dur.) insights in seconds, and percentage of ground truth agreement (GTA). 
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(b) Feature correlation for F𝑃𝑜𝑜𝑙 

Figure A.1: The feature correlation matrices for F𝐴 and F𝑃𝑜𝑜𝑙 . 
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B Facial Data Processing 
In a survey paper by Bousmalis et al. [13], they defined disagreement as the belief that one holds an opinion opposite to that of an interlocutor, 
which they modified based on Poggi et al. [72] definition of agreement. This definition then led them to identify certain facial action units 
(AUs) that may be informative for detecting disagreement and agreement, as shown in Table B.1. They implied that these AUs are candidates 
rather than definitive markers, and robust modelling should emphasise their temporal dynamics and correlations. The descriptions of the 
AUs are guided by the work of Ekman [32, 33]. 

We re-encoded the facial data video recordings10 to a uniform format and resampled them to 30 Hz to ensure temporal consistency. 
We ran basic quality checks, for example, to detect file corruption and to enforce a minimum frame length. We applied an automatic face 
detector to each frame and linked detections over time with a tracker to form continuous face tracks for each participant. From these tracks, 
we extracted facial action units frame by frame, producing a time series of facial features. For AU extraction, we used the functions in 
Exordium11 . We initially tested Py-Feat12 [20] but switched to Exordium because it uses OpenGraphAU13 [59], which extracts a larger set of 
AUs and proved more suitable for our data, as shown in Table B.1. For the features, we computed common statistics (i.e., min, max, mean, 
median, std, skewness, and kurtosis) from the AUs as commonly found in the literature, e.g., [14]. 

Table B.1: Facial AUs potentially relevant to (dis)agreement, with brief descriptions and availability in Py-Feat [20] and 
OpenGraph [59]. All the AUs (except AU13) are used for disagreement, while agreement only uses AU1, AU2, AU12, and AU13. 

AU Associated States Py-Feat OpenGraph 

AU01: Raising the inner eyebrows Surprise, concern, and attentiveness. ✓ ✓

AU02: Raising the outer eyebrows Alertness and mild surprise. ✓ ✓

AU04: Drawing the brows together Frowning, effort, and anger. ✓ ✓

AU05: Raising the upper eyelids Alertness and surprise. ✓ ✓

AU07: Tightening the eyelids Concentration and determination. ✓ ✓

AU09: Wrinkling the nose Disgust and scepticism. ✓ ✓

AU10: Raising the upper lip Contempt and disgust. ✓ ✓

AU11: Deepening the nasolabial folds Tension and disapproval. ✓ ✓

AU12: Smiling Positive engagement and agreement. ✓ ✓

AU13: Retracting the lips laterally Nuanced agreement or mild amusement. ✗ ✓

AU14: Dimpling near the mouth Playful or nuanced smiling. ✓ ✓

AU15: Depressing the lip corners Sadness and displeasure. ✓ ✓

AU17: Raising the chin Determination and incredulity. ✓ ✓

AU18: Puckering the lips Disapproval and pre-speech preparation. ✗ ✓

AU19: Subtle lower-lip or chin movement Uncertainty or slight incredulity. ✗ ✓

AU23: Tightening the lips Restraint and disapproval. ✓ ✓

AU24: Pressing the lips together Suppression and disapproval. ✓ ✓

AU25: Parting the lips Neutral or transitional states. ✓ ✓

AU26: Dropping the jaw Shock and strong surprise. ✓ ✓

AU32: Biting the lower lip Tension and uncertainty. ✗ ✓

AU38: Dilating the nostrils Effort and heightened arousal. ✗ ✓

AU43: Closing the eyes Strong affect or relaxation. ✓ ✗

AU44: Narrowing the eyes (squint) Focused evaluation and scepticism. ✗ ✗

C Multimodal Setup 
We initially conducted a multimodal analysis combining gaze and facial data; however, preliminary results showed that including facial data 
did not improve performance. Consequently, we focus on gaze data in the main manuscript. This appendix outlines the original multimodal 
setup for completeness and to inform future work. The setup was designed to systematically evaluate how different data representations and 
fusion strategies could leverage the information from both modalities. We represented each modality using two data formats: engineered 
features and image-based visualisations. For gaze, the engineered features are detailed in subsection 4.2; visual representations included 
scanpaths and heatmaps (Figure C.1). For facial data, engineered features consisted of statistical summaries of AU activations, as described in 
Appendix B; the visual representation was aggregated AU heatmaps (Figure C.2), which show changes in facial expression over time14 . 
10Our dataset is available online: https://github.com/DFKI-Interactive-Machine-Learning/Disagreement-Detection-Dataset-CHI-26
11https://github.com/fodorad/exordium (Accessed August 18, 2025)
12https://py-feat.org (Accessed August 18, 2025)
13https://github.com/CVI-SZU/ME-GraphAU (Accessed August 18, 2025)
14https://py-feat.org/basic_tutorials/03_plotting.html (Accessed August 18, 2025) 

https://github.com/DFKI-Interactive-Machine-Learning/Disagreement-Detection-Dataset-CHI-26
https://github.com/fodorad/exordium
https://py-feat.org
https://github.com/CVI-SZU/ME-GraphAU
https://py-feat.org/basic_tutorials/03_plotting.html
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(a) Gaze Scanpath Image Visualisation (b) Gaze Heatmap Image Visualisation 

Figure C.1: Examples showing the gaze data visual representations. 

Figure C.2: An example of the facial AU-aggregated heatmap. 
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To establish performance baselines for each modality and data representation, we conducted an ablation study in addition to the fusion 
comparisons. For feature-based inputs, we evaluated XGBoost, Multilayer Perceptron (MLP), Support Vector Machines (SVM), and Random 
Forest (RF) from scikit-learn15 , as well as the Tabular Prior-data Fitted Network (TabPFN)16 transformer-based model [37]. For image-based 
inputs, we used pre-trained deep learning architectures: VGG19, a 19-layer convolutional neural network pre-trained on ImageNet-1K 
[28, 81] via PyTorch17 , and the Vision Transformer (ViT) model (google/vit-base-patch16-224) [30, 105] from Hugging Face18 . 

We compared two multimodal fusion approaches: early fusion (feature-level) and late fusion (decision-level). Early Fusion (Feature-
Level): Data were combined at the input level before model training. For feature-based representations, we concatenated the feature vectors 
from both modalities into a single unified vector. For image-based representations, we combined the two images side-by-side after resizing 
and rescaling, then fed the result into a single network. Late Fusion (Decision-Level): Models were trained independently on each modality, 
and their outputs were combined. For feature-based data, we trained separate classifiers for each modality and derived the final prediction by 
averaging their prediction probabilities. For image-based data, we trained separate deep learning backbones for each modality, extracted 
feature vectors from each, concatenated them, and passed the combined vector through a dedicated classification layer. 

D Initial Experiments Additional Results 
This Appendix section contains detailed results for classical machine learning experiments reported in subsection 5.1 and Appendix C using 
statistical features and an RF classifier, which produced the best overall results across the three experimental setups. The multimodal results 
using both facial and gaze data are shown in Table D.1 and Table D.3; while the unimodal facial data results are shown in Table D.2 and 
Table D.4. 

Table D.1: The best generalised multimodal results using the group-based 5-fold cross-validation. These results were from the 
early fusion feature concatenation strategy for gaze and facial statistical features. 

BA (%) F1 (%) Recall (%) Precision (%) AUC (%) 

51.32 51.35 49.00 53.94 53.85 
51.01 37.50 28.07 56.45 52.01 
53.18 56.73 73.93 46.02 52.58 
51.85 57.97 66.30 51.50 52.58 
51.38 57.53 59.27 55.89 50.86 

51.75 ± 0.86 52.22 ± 8.65 55.31 ± 17.78 52.76 ± 4.24 52.38 ± 1.08 

Table D.2: The best generalised facial data results using the group-based 5-fold cross-validation. 

BA (%) F1 (%) Recall (%) Precision (%) AUC (%) 

49.66 48.24 44.40 52.82 50.04 
51.17 57.55 62.67 53.21 50.23 
48.68 50.45 54.25 47.14 49.11 
51.08 41.75 33.58 55.20 52.91 
49.13 49.69 53.28 46.56 49.24 

49.94 ± 1.13 49.54 ± 5.64 49.64 ± 11.06 50.99 ± 3.89 50.31 ± 1.53 

15https://scikit-learn.org/stable/ (Accessed August 18, 2025)
16https://github.com/PriorLabs/tabpfn-client (Accessed August 18, 2025)
17https://pytorch.org/ (Accessed August 18, 2025)
18https://huggingface.co/google/vit-base-patch16-224 (Accessed August 18, 2025) 

https://scikit-learn.org/stable/
https://github.com/PriorLabs/tabpfn-client
https://pytorch.org/
https://huggingface.co/google/vit-base-patch16-224
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Table D.3: The best personalised results using multimodal data averaged across participants. These results were from the early 
fusion feature concatenation strategy for gaze and facial statistical features. 

User ID BA (%) F1 (%) Recall (%) Precision (%) AUC (%) 

A01 45.59 54.59 58.25 52.08 50.11 
A02 49.89 52.68 54.28 51.61 50.42 
A03 55.30 57.50 57.83 61.54 58.04 
A04 56.14 35.54 30.39 46.77 62.99 
A05 55.93 60.37 63.58 58.73 61.28 
A06 49.45 49.48 55.00 45.87 47.01 
A07 57.49 67.52 73.25 63.87 53.55 
A08 71.92 69.95 65.51 75.41 77.15 
A09 60.49 58.30 61.32 57.23 60.80 
A10 44.89 46.94 48.09 46.38 40.07 
A11 53.10 59.13 64.87 54.51 57.19 
A12 62.20 70.65 73.22 68.69 68.59 
A13 46.35 53.68 59.44 49.08 46.56 
A14 61.71 57.65 57.43 59.35 59.75 
A15 60.32 60.21 65.51 56.25 58.76 
A16 37.15 46.38 49.02 44.91 42.11 
B01 50.50 01.60 01.00 04.00 50.53 
B03 52.94 36.70 29.72 48.48 63.69 
B04 51.28 66.09 72.87 60.93 52.66 
B05 53.81 64.84 71.43 59.40 53.72 
B06 56.49 51.89 50.49 56.18 58.65 
B07 48.73 60.13 64.66 56.34 51.28 
B08 42.02 34.54 32.76 37.07 43.88 
B09 61.82 65.47 76.64 58.81 66.07 
B10 55.75 76.01 84.17 71.44 63.18 
B11 55.31 55.61 53.69 58.79 55.63 
B12 55.62 70.45 79.81 63.29 60.64 
B13 60.20 58.38 54.64 64.38 59.32 
B14 52.91 70.27 79.30 63.65 51.75 
B15 54.80 66.09 74.13 59.91 53.07 

Mean ± SD 54.00 ± 6.93 55.95 ± 14.70 58.74 ± 17.67 55.16 ± 12.76 55.95 ± 8.13 
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Table D.4: The best personalised results using facial data averaged across participants. 

User ID BA (%) F1 (%) Recall (%) Precision (%) AUC (%) 

A01 52.57 59.37 61.57 57.57 53.81 
A02 52.56 57.79 64.11 53.54 48.66 
A03 54.04 58.05 59.79 58.74 53.29 
A04 43.60 10.69 08.57 15.42 41.27 
A05 51.29 55.86 57.74 54.27 60.45 
A06 50.85 50.01 48.76 51.88 50.96 
A07 56.05 68.02 75.66 62.63 55.00 
A08 67.32 65.91 63.38 68.66 68.89 
A09 53.77 52.96 54.59 51.59 52.76 
A10 41.99 41.66 40.45 43.67 37.72 
A11 46.64 51.89 57.00 48.77 45.33 
A12 55.02 65.42 67.73 63.35 57.48 
A13 45.12 48.74 50.06 47.51 49.10 
A14 50.31 37.82 33.67 45.06 56.96 
A15 50.95 49.68 52.04 49.62 51.83 
A16 66.38 71.70 73.85 70.61 73.29 
B01 49.97 01.60 01.00 04.00 43.17 
B03 52.19 45.10 46.47 45.38 53.99 
B04 49.53 63.47 67.89 59.94 45.06 
B05 52.87 66.54 75.67 59.67 55.89 
B06 46.46 44.04 43.15 46.37 46.29 
B07 49.09 59.55 64.10 55.81 50.03 
B08 46.71 39.63 37.05 42.87 42.92 
B09 47.60 47.29 47.87 47.24 43.72 
B10 65.98 64.22 62.72 66.13 62.57 
B11 54.31 56.18 55.68 57.12 52.75 
B12 42.39 60.05 69.69 52.83 37.52 
B13 55.77 53.31 50.88 57.51 54.92 
B14 46.16 67.40 79.02 58.82 51.49 
B15 55.31 59.70 61.31 58.88 54.18 

Mean ± SD 51.76 ± 6.37 52.46 ± 15.47 54.38 ± 17.76 51.85 ± 13.66 51.71 ± 8.16 
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