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ABSTRACT

USING EYE GAZE TO AUTOMATICALLY IDENTIFY FAMILIARITY

Understanding internal cognitive states, such as the sensation of familiarity, is crucial not only

in the realm of human perception but also in enhancing interactions with artificial intelligence.

One such state is the experience of familiarity, a fundamental aspect of human perception that

often manifests as an intuitive recognition of faces or places. Automatically identifying cognitive

experiences could pave the way for more nuance in human-AI interaction. While other works have

shown the feasibility of automatically identifying other internal cognitive states like mind wander-

ing using eye gaze features, the automatic detection of familiarity remains largely unexplored. In

this work, we employed a paradigm from cognitive psychology to induce feelings of familiarity.

Then, we trained machine learning models to automatically detect familiarity using eye gaze mea-

surements, both in experiments with traditional computer use (e.g., eye tracker attached to monitor)

and in virtual reality settings, in a participant independent manner. Familiarity was detected with

a Cohen’s kappa value, a measurement of accuracy corrected for random guessing, of 0.22 and

0.21, respectively. This work showcases the feasibility of automatically identifying feelings of

familiarity and opens the door to exploring automated familiarity detection in other contexts, such

as students engaged with a learning task while interacting with an intelligent tutoring system.
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Chapter 1

Introduction

Familiarity, a sense characterized by a subtle yet compelling feeling of recognition, plays a

crucial role in the intricate processes of human memory and information retrieval. Familiarity

occurs when individuals encounter situations, events, places, or people and experience a sense of

recognition [3]. Anyone who has done a crossword has likely experienced the sense that they know

the answer that corresponds with the clue but cannot retrieve it — this is an example of familiarity,

and the inability to remember the clue is a recollection failure.

Extensive research in cognitive psychology has focused on the internal state of familiarity,

frequently linked with recognition memory. Dual process theories of recognition propose that fa-

miliarity is one of two processes involved in recognizing prior experience. The other process,

recollection, involves recalling a specific prior instance in which the present stimulus was en-

countered [4, 5]. While various theories propose different relationships between familiarity and

recollection, recently its been proposed that the initial sense of familiarity might prompt the search

of memory, eventually leading to recollection [6–8]. Based on this overarching theoretical frame-

work, our current study aimed to capture instances of familiarity as soon as participants sensed it,

irrespective of whether this initial familiarity led to successful recall or not.

Previous studies have shown that machine learning algorithms can distinguish between seen

and unseen stimuli based on eye movement patterns associated with the onset of recognition mem-

ory tests [9]. These memory-related eye movement patterns often occur without participants being

consciously aware of them [10]. However, at this time no works have investigated if machine learn-

ing models can use eye gaze patterns to automatically identify someone experiencing familiarity.

In this thesis, I explore exactly this — are eye gaze patterns linked to familiarity detection? What

gaze features as associated with familiarity identification? Are these features consistent across

contexts, i.e., desktop computer use and VR?

1



The ability to detect the subjective sense of familiarity could have practical applications, such

as the development of intelligent virtual tutoring systems. Recent studies suggest that experiencing

familiarity during recall failure is linked to heightened curiosity and a desire for information-

seeking [7]. Therefore, detecting moments of familiarity could assist in creating tutoring systems

that respond to students’ varying levels of curiosity and inclination to seek information, thereby

enhancing their learning experience. For instance, research in the testing effect literature indicates

that students learn more effectively when they are required to generate information independently

rather than passively receiving it [11].

Furthermore, studies have demonstrated that individuals experiencing heightened curiosity are

more motivated to discover answers on their own, rather than being provided with them outright

[12]. An intelligent tutoring system could capitalize on this by adaptively encouraging self-directed

information-seeking when the learner appears ready and motivated based on detected subjective

familiarity. For example, when subjective familiarity suggests that the learner is close to generating

an answer independently, the system could offer hints or cues instead of providing the full answer.

This approach optimizes the balance between presenting new information and fostering long-term

learning through information retrieval, rather than passive reception.

Training models to automatically detect familiarity necessitates a substantial dataset. There-

fore, a critical aspect of our study relied on an experimental paradigm from cognitive psychology

known for inducing feelings of familiarity. Previous research has demonstrated that exposure to

highly similar scenes can evoke a sense of familiarity with new scenes [1, 13, 14]. Our procedure

for eliciting familiarity follows that outlined by Cleary et al. (2012) and Okada et al. (2023), induc-

ing familiarity from 3D scenes in Virtual Reality (VR) that share the same spatial configuration as

previously viewed scenes [1, 8]. We adopted the same VR procedure and Unity stimuli as Okada

et al. (2023), with minor modifications to the Unity program to incorporate eye tracking. This

study marks the first attempt to establish an association between specific eye movement patterns

and moments of subjectively sensing familiarity.
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Chapter 2

Prior Works

While this research introduces a fresh approach by aiming to automatically identify instances

of subjective familiarity during scenes reminiscent of past experiences, the concept of automat-

ically detecting subjective recognition and other cognitive states is not unprecedented. Previous

studies have demonstrated its potential. For instance, in one study, a model utilizing eye gaze

successfully classified whether participants had encountered an image previously, achieving an

average accuracy of 68.7% [15]. In Nishimura et al. (2012), models utilized gaze data collected

during participants’ exposure to an image to determine if they had seen the same image earlier

in the experiment, irrespective of whether participants explicitly acknowledged recognition. In

contrast, the objective of the present study is to exclusively classify instances where participants

are encountering feelings of familiarity. Placing greater emphasis on detecting the internal state

of participants. Additionally, the familiarity in this work is evoked from configurally similar, but

non-identical scenes.

A significant portion of research on internal state detection has focused on mind wandering,

which involves diverting attention away from a specific task. Investigating models that incorporate

or depend on features other than gaze has been a key aspect of this research [16–18], although

ultimately models built using gaze-based features have been the most effective at detecting mind-

wandering [19,20]. Similarly to this, the features we used in this work are all gaze-based. Previous

research has attempted to detect mind wandering either during reading [17,21,22], or while watch-

ing videos [23, 24]. In addition to global gaze features, certain studies integrated local features

derived from the gaze direction concerning the text being read [22] or specific points of interest

in the film being watched [23]. The features in our model resemble the global features in these

studies, which were context-independent. Moreover, most of these studies employed probe-based

detection of mind wandering [17,22,24], given that mind wandering often happens without imme-

diate individual awareness. Nevertheless, self-caught reports of mind wandering have also been
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integrated [21], and we predominantly utilized this method in our study to precisely identify the

moment when participants experienced familiarity.

This work extends the existing body of knowledge by leveraging previous findings and method-

ologies used in detecting mind wandering to now identify another cognitive state: the sensation of

familiarity.
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Chapter 3

Two-Dimensional Familiarity Dataset

3.1 Materials and Procedure

3.1.1 Familiarity Task

Expanding upon prior research that utilized a virtual tour paradigm to elicit sensations of fa-

miliarity in controlled environments [8, 25], subjects in this study participated in virtual tours of

various settings via video presentations displayed on a computer monitor. These presentations

featured walkthroughs of virtual landscapes.

In previous work employing the virtual tour task [25], participants encountered unfamiliar

settings during the study phase. As they navigated through these study phase scenes via virtual

tours, the name of each scene was audibly announced through speakers. For example, if they were

viewing an aquarium, a voice would identify it, e.g. "This is a aquarium." Participants were then

required to recall each study phase scene along with its corresponding name.

During the test phase, participants were presented with entirely new settings, some of which

shared the same spatial layout as scenes previously toured during the study phase. For instance, a

museum scene might mirror the spatial arrangement of elements seen in an earlier toured courtyard

scene. An example of this is illustrated in Figure 3.3. It’s important to note that while scenes in

the test phase were otherwise new, they could share a similar spatial configuration with scenes

from the study phase. Unlike the study phase, no audio accompanied the viewing of the test phase

videos.

To ensure consistent spatial configurations from the study phase to the test phase without

directly replicating objects, a grid layout was implemented to create scenes that were spatially

mapped but visually distinct, as depicted in Figure 3.1.

In this paradigm, participants underwent two study-test blocks. Each study phase comprised 16

study scenes, while each test phase consisted of 32 test scenes. Among these test scenes, 16 scenes

5



GRID AQUARIUM RECEPTION AREA

Figure 3.1: (A) Grid used to create same spatial configuration; (B) Sample "Aquarium" study scene; (C)

Sample "Reception Area" test scene corresponding to "Aquarium" study scene [1].

ALLEY HALLWAY
Figure 3.2: Sample "Alley" study Scene and configurally similar "Hallway" test scene [1].

COURTYARD MUSEUM
Figure 3.3: Sample "Courtyard" study scene and configurally similar "Museum" test scene [1].
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corresponded to studied scenes, and the remaining 16 corresponded to unstudied scenes in terms

of their spatial layout. To ensure counterbalancing across participants, four experiment versions

were utilized to distribute stimuli evenly across different conditions.

Previous research utilizing this paradigm has demonstrated that participants are more likely to

experience a sense of familiarity with a novel test scene that shares a spatial layout with a study

scene, even when they are unable to identify the source of that familiarity [1, 7, 8, 25].

The present study aimed to employ the same paradigm, while also measuring eye gaze features

as participants completed the virtual tour task. The specific tours utilized in this study were those

employed by Okada et al. (2023) in their Experiments 2a and 2b [8].

3.1.2 Participants

The participants in this study comprised 61 undergraduate students enrolled in a psychology

class at Colorado State University. They volunteered to take part in the study in exchange for

course credit. Sample-size was based on Experiments 2a and 2b of [8].

3.1.3 Procedure

Participants were brought into a test room where they sat at a desk with a computer connected

to an eye tracker and webcam. A photo of experiment hardware can be found in Figure 3.4. At the

beginning of the experiment, the eye tracker was calibrated for each participant.

Once the task commenced, participants were directed to watch a series of study videos, during

which they were pulled on rails through various scenes as previously discussed in the familiarity

task. When the test phase commenced, participants were instructed to press the ’up arrow key’ on

the keyboard whenever they experienced a sense of familiarity. This key was labeled with a bright

yellow sticker to facilitate easy identification. Participants were instructed to keep their finger on

the key, ready to press it, to avoid the need to look down at the keyboard.

The task duration for participants was approximately an hour. Each participant completed two

study-test blocks, involving the viewing of a total of 96 videos.
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Figure 3.4: Experiment hardware including webcam and eyetracker [2].

3.1.4 Eye Tracking and Feature Generation

In this study, we employed the Tobii Pro Fusion eye tracker in conjunction with PyTrack,

which is an end-to-end open-source solution designed for the analysis and visualization of eye

tracking data [26]. The Tobii Pro Fusion eye tracker captures 250 images per second (250 Hz)

and is equipped with two built-in pupil tracking modules. PyTrack facilitated the extraction of

parameters of interest, including blinks, saccade count, average pupil size, etc. A list of all the

extracted features can be found in Figure 3.5.
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Saccade count
Average Saccade
Duration
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Velocity
Average Saccade
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Fixation
Microsaccade

Saccade

Sacca
de

Figure 3.5: Eye gaze features.

3.2 Data Preprocessing

Participants reported a total of 698 instances of familiarity via self-report. However, we rec-

ognized the potential for bias introduced by the act of self-reporting, as participants may exhibit

patterns such as looking down to identify the up key, which could influence our findings. To mit-

igate this possibility, we implemented a 2-second buffer of data removal from the time before the

button was pressed. This buffer was determined by analyzing the videos for any indication of par-

ticipants looking down to self-report. Our analysis indicated that a minimum buffer of 1.5 seconds

was necessary, but we extended it to 2 seconds as a precautionary measure. Subsequently, we ex-

amined the 1-second window of time preceding the two-second buffer and utilized this window to

extract eye gaze features, as depicted in Figure 3.6.

Unfortunately, in order to extract features, we required at least three seconds of data prior to

the key press (comprising the two-second buffer and the one-second window). Among the 698

instances of self-reported familiarity, only 263 instances had the requisite three seconds of data
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Table 3.1: Descriptive statistics of eye gaze features (2 second buffer and 1 second window).

Familiarity Non-Familiarity

Feature Mean SD Min Max Mean SD Min Max

Fixation Count 3.34 2.53 0.00 5.00 2.77 2.31 0.00 4.00

Fixation Duration (ms) 42.70 47.04 0.00 244.00 46.49 50.78 0.00 245.00

Saccade Count 2.27 1.65 0.00 3.00 1.94 1.45 0.00 3.00

Saccade Duration (ms) 68.85 78.01 0.00 246.00 77.28 86.40 0.00 246.00

Microsaccade Count 0.35 0.64 0.00 1.00 0.42 0.72 0.00 1.00

Microsaccade Duration (ms) 2.54 4.23 0.00 14.00 2.76 4.15 0.00 12.50

Blink Count 0.85 0.46 0.00 2.00 0.74 0.52 0.00 2.00

Blink Duration (ms) 129.57 98.35 0.00 246.00 104.38 97.92 0.00 246.00

before the button press. This discrepancy likely occurred because the onset of familiarity occurred

more rapidly than initially anticipated.

VIDEO BEGINS KEY PRESS VIDEO ENDS

FAMILIARITY BUFFER

1 S 2 S

Figure 3.6: Familiarity instances timeline for 2D condition.

To generate negative instances, we randomly selected test scenes where participants did not

report experiencing familiarity. To ensure a balanced dataset, we sampled an equal number of

negative instances per participant as we had valid positive instances. This process yielded a dataset

consisting of 263 valid instances of familiarity and 263 negative instances. The duration of each

of these instances was one second.
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Table 3.2: SVC Model Results

Model Buffer Window Cohen’s Kappa F1 Score Accuracy

SVC 2 s 1 s 0.22 (0.42) 0.56 (0.20) 0.61 (0.21)

3.3 Training and Evaluation

Hyperopt [27] was used for distributed hyperparameter optimization in our model search.

Among the classification algorithms we evaluated were AdaBoost (AB), Naive Bayes (NB), Lo-

gistic Regression (LR), Support Vector Classifier (SVC), Random Forrest (RF), and K-Nearest

Neighbors (KNN).

To train and test each machine learning model, we employed Leave-One-Participant-Out Cross-

Validation. For this evaluation protocol, n is equal to the number of participants in the dataset. We

train each model on n-1 participants and test on the participant that was left out of training. This

process is repeated until every participant’s samples have been used as the test set. Evaluation

metrics are averaged across all n folds.

Our final model selection was based on identifying the model with the highest average Cohen’s

Kappa across all n folds [28]. Cohen’s Kappa ranges between –1 and 1, with 0 representing

chance performance (equivalent to random guessing), 1 indicating perfect performance, and –1

corresponding to perfectly imperfect performance (where the classifier always predicts the opposite

label).

3.4 Results

Using the Support Vector Classifier (C = 95, gamma = 0.001, kernel = rbf) algorithm, we

trained a machine learning model that identified familiarity with a Cohen’s Kappa of 0.22 (SD =

0.42) and an F1 score of 0.56 (SD = 0.23). This performance is in line with other predictors of

internal cognitive states, such as mind wandering [22].

The substantial standard deviation values observed among metrics, as illustrated in Table 3.2,

indicates significant variation in detection performance among participants. This varied perfor-

11



mance indicates individual differences in eye gaze patterns that emerge during the experience of

familiarity. Additionally, the number of instances reported by participants appears to impact the

model’s performance. Participants who reported only one or two instances of familiarity exhibited

extreme ends of the Cohen’s Kappa distribution. However, the majority of participants’ kappa

scores ranged from 0 to 0.65, as depicted in Figure 3.7.

Figure 3.7: Distribution of Cohen’s Kappa scores for 2D condition.

Additionally we experimented with training the same SVC model using only one feature at

a time. The 3 best performing features were average blink duration, blink count, and fixation

count. These model results can be seen in Table 3.3. Along with this, we investigated which

features demonstrated statistically significant variances between instances of positive and negative

familiarity. To accomplish this, we performed hypothesis tests and pinpointed found that there

was a significant difference between fixation count, blink count, average blink duration, saccade

count, and microsaccade velocity between positive and negative familiarity instances. Additional

descriptive statistics for features can be found in Table 3.1. All of the features that had the best

12



Table 3.3: Best Performing Features for 2D Condition

Feature Kappa F1

avg_blink_duration 0.17 (0.26) 0.55 (0.26)

blink_cnt 0.16 (0.39) 0.52 (0.29)

fix_cnt 0.12 (0.34) 0.52 (0.26)

performance when trained on individually, were also the ones with a difference that was statistically

significant.
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Chapter 4

Virtual Reality Familiarity Dataset

4.1 Materials and Procedure

4.1.1 Familiarity Task

The structure of the VR experiment closely resembled the two-dimensional study described in

section 3.1.1, encompassing both "study" and "test" phases. However, in this version of the task,

static versions of the scenes used in Okada et al.’s (2023) Experiment 3 were created to facilitate

the measurement of eye movement patterns [8]. Participants were not guided through the scenes

but were instead positioned in the center of a scene and given the ability to turn their heads to

explore from that position. Additionally, participants were not probed after every scene ended.

Instead, they were instructed to press a button on the handheld VR remote controller to indicate

they were experiencing a sense of familiarity. On average, each scene lasted 46 seconds.

4.1.2 Participants

The participants in this study consisted of 26 undergraduate students enrolled in a psychology

class at Colorado State University. They volunteered to participate in the study in exchange for

course credit. Sample size was based on Experiment 3 of [8].

4.1.3 Procedure

Participants were escorted into a designated test room where they were directed to sit in a

chair positioned at the center of the room. They were instructed to remain seated throughout the

duration of the experiment to prevent motion sickness. Once seated, each participant was fitted

with the HTC Vive Pro Eye headset and provided guidance on adjusting the earphones to achieve

a comfortable sound level. Once fitted and wearing the VR headset, participants were given VR

hand controllers and briefed on their general usage.

14



Subsequently, participants underwent a calibration procedure for the eye tracking component

of the study. This calibration process involved adjusting the interpupillary distance for each partici-

pant, followed by a series of directed eye movements while the eye tracker tracked their gaze. This

procedure allowed for automatic calibration of the eye tracking to the participants’ movements.

Participants held the VR hand controllers in their dominate hand with their thumb over the button

throughout the duration of the experiment.

Once the experimental procedure commenced, participants were sequentially immersed in each

scene for a fixed duration. Within each scene, participants had the freedom to explore their sur-

roundings by turning their head to look around. For the study portion of the experiment, partici-

pants were instructed to: Do your best to try to remember that scene along with what its name is.

While viewing each of these scenes, a voice will play through the VR headphones telling the name

of the scene. For example, while viewing a golf course, the voice would say “This is a golf course.

Golf course." Try to also remember the name so that you can convey this later on if asked about

earlier-viewed scenes. After the study phase ended, participants were asked if they needed a break

from the VR immersion.

For the test portion, before the scenes began to play, participants saw the instruction: "If the

scene starts to feel familiar to you, push the button under your THUMB to indicate that it feels

familiar. Try to do this AS SOON as you start to feel a sense of familiarity with the scene. Specif-

ically, if the scene reminds you of a specific scene that you viewed earlier. Let the experimenter

know what that scene is that this scene is reminding you of. Sometimes, a scene may remind you of

a similar-looking scene from earlier. Whenever this happens (even if you did not push the button)

please tell the experimenter the name of the earlier-viewed scene. Even if the test scene did not

remind you of a specific earlier-viewed scene." When participants pressed the button to indicate

familiarity, the experimenter was made aware through a message logged to the Unity terminal.

Participants were then asked if they could identify possible reasons for the familiarity, and were

continuously reminded that sometimes they may be able to identify a reason for any perceived

familiarity with a scene and other times they may not. Most of the answers that participants gave
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regarding the source of their familiarity corresponded to earlier viewed scenes. However, some

participants indicated some scenes reminded them of other locations, such as "a friend’s base-

ment." These answers were logged on paper by the experimenters and recorded on a microphone.

Similarly to the two-dimensional familiarity task, participants completed two blocks of the study

and test phases.

4.1.4 Eye Tracking and Feature Generation

The HTC Vive Pro Eye is a virtual reality headset with built-in infrared-based eye tracking

technology developed by HTC Corporation. Prior research suggests that the HTC Vive Pro Eye

validly measures eye movement metrics of interest to researchers [29]. The headset was used to

collect eye tracking data within the Unity game engine from participants while they were immersed

in the familiarity task environments. Eye tracking data was collected using the SRanipal software

development kit (SDK) version 1.3.6.8 for Unity provided by the HTC Corporation [30]. Prior

studies have demonstrated that timestamped eye tracking data from this device, collected with

Unity and the SRanipal SDK, can accurately assess saccadic eye movements [31].

The SRanipal SDK facilitated the recording of the following eye measurements: pupil position,

pupil diameter, eye openness, gaze origin, and gaze direction. Data was collected into a buffer at

approximately 120 Hz in a dedicated thread using the SRanipal callback registration function, and

this buffer was subsequently written to a file in the form of comma-separated values (CSVs) at the

conclusion of each scene.

In addition to eye tracking data points, we recorded the current Unix timestamp from the com-

puter running the program using the DateTime struct. While the SRanipal SDK does offer a times-

tamp data point, previous research has highlighted inaccuracies and errors in previous versions of

the SDK [31]. Although potential bugs related to the timestamp may have been addressed in the

latest version of the SRanipal SDK, we chose to utilize system time rather than of confirming the

resolution of these issues. Furthermore, using the Unity ActionBasedController class, we moni-
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Table 4.1: Descriptive statistics of eye gaze features (100 millisecond buffer and 3 second window.)

Familiarity Non-Familiarity

Feature Mean SD Min Max Mean SD Min Max

Fixation Count 8.53 3.96 1.00 11.00 8.78 4.33 0.00 12.00

Fixation Duration (ms) 32.90 15.60 14.00 276.00 34.73 20.73 0.00 344.00

Saccade Count 4.39 2.10 0.00 5.00 4.50 2.29 0.00 6.00

Saccade Duration (ms) 47.60 30.87 0.00 227.00 42.09 33.11 0.00 356.00

Microsaccade Count 0.31 0.60 0.00 3.00 0.33 0.62 0.00 3.00

Microsaccade Duration (ms) 2.34 4.27 0.00 21.00 2.59 4.39 0.00 15.83

Blink Count 01.02 0.90 0.00 4.00 1.09 0.86 0.00 4.00

Blink Duration (ms) 38.35 56.85 0.00 355.00 48.99 73.02 0.00 592.00

tored whether participants were pressing the button on the HTC Vive Controller as instructed to

indicate a sense of familiarity.

This data collection approach resulted in the generation of two CSV files per participant, one

for each block. Each file contained nearly one hundred thousand timestamped rows of data. Each

row contained the eye measurements described above, the status of the familiarity indication button

(pressed or unpressed), and the current VR scene the participant was in at that point in time. We

acquired a row of data every 8.33 milliseconds on average throughout the experiment.

Similarly to the methods described in section 3.1.4, PyTrack was used to extract parameters

of interest [26]. Table 4.1 shows descriptive statistics for a portion of eye gaze features discussed

in Section 4.4.1. All of eye gaze features generated from this experiment can be found listed in

Figure 3.5.

4.2 Data Preprocessing

Participants reported 538 instances of familiarity. On average, the button indicating familiarity

was pressed approximately 15.29 seconds into a scene (SD = 9.11). To extract features based on

reported familiarity, we retrieved data from the moments preceding participants’ button presses.

We discarded a short buffer prior to the button press as has been commonly used in other model
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detection attempts [16, 21, 32, 33]. This approach ensures that the model prediction is based on

the eye data patterns leading up to the report rather than physiological patterns from the act of

reporting. However, the discarded buffer was shorter than in previous experiments, as participants

were immersed in the VR environment while wearing the headset, reducing the need for actions

such as looking away from the screen to confirm button presses. Further discussion regarding the

buffer windows can be found in section 4.4.1.

To generate negative training instances, we randomly sampled test videos where participants

did not report familiarity. To ensure a balanced dataset, we generated an equal number of negative

instances per participant as we had reported positive familiarity instances. This approach resulted

in a dataset containing 1,076 entries, with 538 positive familiarity instances and 538 negative

familiarity instances. All of these instances ranged from 1 to 3 seconds in duration, depending on

the window size being experimented with, as further discussed in section 4.4.1.

4.3 Training and Evaluation

Similarly to the two-dimensional study, we used Hyperopt for distributed hyperparameter op-

timization in our model search [27]. Among the classification algorithms we evaluated were

AdaBoost (AB), Naive Bayes (NB), Logistic Regression (LR), Support Vector Classifier (SVC),

Random Forrest (RF), and K-Nearest Neighbors (KNN). All of these models were trained using

Leave-One-Participant-Out Cross-Validation. We guided our model search using the highest av-

erage Cohen’s Kappa across all folds. More details on this validation protocol and the evaluation

metric can be found in section 3.3.

4.4 Results

4.4.1 Buffer and Window Size Experiments

No Buffer

To encompass all potential instances of familiarity and to ascertain the extent to which eye-

pattern indicators of subjective familiarity extend before the button-press, we conducted experi-
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ments sampling various window sizes. These windows range from 1 to 3 seconds pre-button-press.

Additionally, to address concerns about the model potentially learning eye movement patterns as-

sociated with the VR hand-controller button-press itself, we conducted model searches both with

and without using a buffer.

When we sampled 1 second of data immediately before the button press without using a buffer,

the Random Forest models yielded an unexpectedly high Cohen’s Kappa score of 0.73, as shown

in Table 4.2. However, this result deviates significantly from prior research attempting to identify

internal cognitive states using eye tracking [16, 19, 22–24, 34].

We hypothesised the observed high performance may be attributed to physiological patterns

exhibited by participants in the moments immediately before the button press, stemming from the

action of physically pressing the button. This could potentially confound the interpretation of the

eye tracking data and lead to inflated model performance. Consequently, we concluded that a

buffer period was necessary between the familiarity window and the button press to mitigate this

confounding effect.

However, determining the exact duration of this buffer period poses a challenge. While cog-

nitive processes are known to occur in fractions of a second [35], and the button-press itself is

estimated to occur within 100 ms [36], the precise millisecond-level timing between experiencing

subjective familiarity and pressing a handheld VR controller button remains uncertain. In order to

err on the side of caution, a buffer period was integrated. This approach aimed at ensuring that any

potential physiological patterns associated with the button-press were adequately separated from

the eye movement data indicative of subjective familiarity, thus reducing the risk of confounding

effects and ensuring the reliability of the analysis.

Buffer

Experimentation with various buffer and window sizes was carried out. It was observed that

upon implementing a 100 millisecond buffer, model performance dropped significantly. Prior stud-

ies have established that the act of pressing a button occurs in only 100 ms [36,37], thus providing

a basis for this window size encapsulating the physiological patterns that may have emerged due
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Table 4.2: No Buffer Model Search Results. Metrics were evaluated in a leave-one-participant-out paradigm

(Standard Deviation in parenthesis)

Window Model Cohen’s Kappa F1 Score

1 sec RF 0.73 (0.15) 0.85 (0.07)

2 sec RF 0.18 (0.18) 0.58 (0.09)

3 sec KNN 0.19 (0.18) 0.59 (0.09)

to the physical button press. Additionally, model performance with this buffer size aligned the

most with prior work investigating the relationship between internal cognitive states and eye gaze

patterns [19, 22–24, 34], in addition to the previous two-dimensional experiment.

Upon establishing the use of a buffer, experimentation with various window sizes was con-

ducted. As other safeguard to exclude physiological patterns that may have emerged from the act

of pressing the button, we proceeded to use a 3 second window along with the 100 millisecond

buffer. This way, in-case we did happen to catch some of these patterns, they would only be a

small portion of the positive instances. Additionally, the 3 second window most closely matched

the window size in related work investigating the eye patterns exhibited in relation to mind wan-

dering, another cognitive states [22].

As we increased the window size from 1 second to 3 seconds, we found that our best model

results were usually in in the one 1 second window, regardless of the buffer size. There are a

number of possible reasons for this finding, including: 1) eye gaze patterns related to the onset

of familiarity may occur rapidly with respect to the subjective sensation, allowing participants to

quickly push the button the moment they sense familiarity (within a tight time-window). 2) As

we expanded the familiarity window, we may have begun sampling moments of eye gaze patterns

where participants were not experiencing familiarity. 3) The closer the window is to the button-

press, the more likely it is that eye gaze patterns reflect the participant’s engagement in pressing

the VR hand-controller button. The exact model evaluation metrics can be seen in Table 4.3.

Although cognitive processes tend to occur in fractions of a second [35] and research suggests

that a button-press occurs within 100 ms [36,37], we cannot be certain at what point in the temporal
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Table 4.3: Buffer-Window Model Search Results. Participants are evaluated in a leave-one-participant-out

paradigm and the average (Standard Deviation in parenthesis)

Buffer Window Model Cohen’s Kappa F1 Score

100 ms

1 sec KNN 0.23 (0.15) 0.61 (0.07)

2 sec AB 0.19 (0.17) 0.59 (0.09)

3 sec RF 0.21 (0.16) 0.60 (0.08)

250 ms

1 sec AB 0.17 (0.13) 0.59 (0.07)

2 sec LR 0.17 (0.22) 0.59 (0.11)

3 sec LR 0.14 (0.20) 0.57 (0.10)

500 ms

1 sec KNN 0.14 (0.17) 0.57 (0.09)

2 sec KNN 0.18 (0.14) 0.59 (0.09)

3 sec AB 0.13 (0.15) 0.55 (0.08)

1000 ms

1 sec RF 0.16 (0.15) 0.58 (0.08)

2 sec RF 0.17 (0.20) 0.59 (0.10)

3 sec LR 0.17 (0.22) 0.17 (0.11)

stream the eye gaze patterns reflect the sensation of familiarity versus the act of pushing the VR

hand-controller button. Therefore, we continued our analysis using the 100 millisecond buffer

along with 3 seconds of eye gaze data as a conservative approach, an illustration of this buffer-

window size can be seen in Figure 4.1.

BUTTON
PRESS

VR SCENE BEGINS VR SCENE ENDS

FAMILIARITY WINDOW BUFFER

3 S 100
MS

Figure 4.1: Familiarity instances timeline for VR condition.
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Table 4.4: RF Model Results

Model Buffer Window Cohen’s Kappa F1 Score Accuracy

RF 100 ms 3 s 0.21 (0.16) 0.60 (0.08) 0.60 (0.07)

Table 4.5: VR Best Performing Features

Feature Kappa F1

pupil_AUC 0.13 (0.14) 0.56 (0.10)

avg_saccade_amplitude 0.09 (0.13) 0.53 (0.13)

avg_fix_cnt 0.08 (0.18) 0.52 (0.13)

Using the KNN (n-neighbors = 95) classification algorithm, our best model resulted in a kappa

value of 0.21 (SD = 0.16). Additional evaluation metrics can be seen in Table 4.4. While this

Cohen’s Kappa value is slightly lower than the best model’s value for the two-dimensional experi-

ment, the standard deviation value is significantly lower. This indicates that overall, the model was

not predicting with high confidence for certain participants and with extremely low confidence for

others. Figure 4.2 shows the distribution of kappa values, which appears relatively normal.

Additionally, we were interested in exploring which features exhibited statistically significant

differences between positive and negative familiarity instances. To achieve this, we conducted

hypothesis tests and identified several features that showed statistically significant differences be-

tween positive and negative familiarity instances. These significantly different features included

average blink duration, average saccade duration, and average pupil size. Figure 4.3 illustrates the

differences in pupil size for positive and negative instances.

When training the KNN model using each feature individually, the features with the best perfor-

mance were pupil area under the curve, average saccade amplitude, and average fixation duration.

Unlike the two-dimensional experiment, all of the best performing features did not demonstrate a

difference that was statistically significant.
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Figure 4.2: Distribution of Cohen’s Kappa scores for VR condition.

Figure 4.3: Significantly different pupil size for VR condition.
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Chapter 5

Discussion

This work explores the feasibility of automatically identifying when a person is experienc-

ing a sense of familiarity, an internal cognitive state associated with feelings of curiosity and

information-seeking behaviors [7], using physiological eye gaze features. The findings from both

our two-dimensional and more immersive three-dimensional virtual reality (VR) experiments sug-

gest that the internal subjective state of familiarity does indeed manifest through eye movements.

The capability to detect the sensation of familiarity through eye gaze patterns is analogous to iden-

tifying other internal cognitive states, such as mind wandering [16, 17, 23, 38].

5.1 Key Findings and Implications

The successful identification of familiarity using eye gaze patterns, as evidenced by the Cohen’s

Kappa values obtained in our models, suggests a tangible link between physiological responses and

subjective cognitive states. This finding underscores the potential of utilizing eye tracking technol-

ogy across varied environments, ranging from traditional 2D setups to more immersive 3D virtual

reality (VR) scenarios. Of particular significance is the implication for developing intelligent sys-

tems, particularly in educational technology. The ability to detect when a person is experiencing

familiarity opens avenues for designing adaptive learning environments. For example, intelligent

tutoring systems could tailor content delivery based on learners’ sense of familiarity-driven curios-

ity, potentially leading to more engaging and effective learning experiences [7].

One particularly interesting finding is the increased pupil size for familiarity instances in both

the two-dimensional and VR experiment. While only the VR experiment showed a statistically

significant difference, prior research has examined changes in pupil size shortly after the presen-

tation of a stimulus, exploring its connection to later experiences of tip-of-the-tongue states. They

observed significant differences in pupil size, with larger pupil diameter after stimulus presentation

correlated with the sensation of almost recalling a word [39].
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These findings not only contribute to the field of Human-Computer Interaction and Cognitive

Science but also raise various opportunities for future work, including the extension of this research

to real-world contexts.

5.2 Comparative Analysis of 2D and VR Environments

The differences in standard deviations for evaluation metrics between the 2D and more immer-

sive 3D VR setups could be attributed to the distinct nature of interactions in these environments.

The immersive nature of VR might lead to better eye tracking performance since users’ eyes are

always within tracking range, regardless of their orientation or head movements. This continuous

tracking capability inherent to VR setups could contribute to reduced variability in eye gaze data

compared to traditional 2D setups, where users’ eye movements may be constrained by the screen

boundaries.

However, when considering the application of this work to intelligent tutoring systems, the

reliance on VR environments may pose challenges. Traditional online classroom settings typically

do not involve immersive VR experiences. Therefore, implementing eye tracking technology in

such settings may require alternative approaches to ensure accurate and reliable data collection.

This highlights the need to tailor eye tracking methodologies and algorithms to suit the specific

context of use.

5.3 Limitations and Future Work

Despite the promising findings, this study has several limitations, many of which underscore

the need for further research to deepen understanding of the subjective sense of familiarity in re-

lation to eye gaze. One notable limitation is the absence of an examination of pupil diameter at

stimulus onset as it pertains to eventual downstream reporting of subjective familiarity. It is plau-

sible that pupil size may precede the subjective sense of familiarity. For instance, Ryals et al.

(2021) investigated pupil size within a short time window extending forward from stimulus onset

in relation to eventual reporting of a tip-of-the-tongue state. They found significant differences in
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pupil size, with larger pupil diameter following stimulus onset being associated with the sensation

of a word being on the tip of the tongue [39]. While our findings also matched these results with

a significantly larger pupil size for positive familiarity instances, we cannot make a direct com-

parison since this work assessed pupil size within a short time window extending backward from

the response button press. Thus, this is another avenue to be explored regarding the physiological

responses linked to the subjective sense of familiarity.

Also, while consistent with other works automatically identifying internal states [16, 17], the

high standard deviation in the 2D experiment model performance suggests significant variabil-

ity in individual eye gaze patterns — this variability complicates efforts to integrate automated

detection into AI [40]. Moreover, the constraint of data collection, where only instances with a

three-second window prior to reporting familiarity were utilized, might have restricted the breadth

of our analysis. Future research should endeavor to standardize the button press procedure across

familiar and unfamiliar response options. For instance, researchers could require participants to

press a designated button (e.g., right hand controller button for familiar scenes, left hand controller

button for unfamiliar scenes) immediately upon identifying the familiarity or unfamiliarity of a

scene. Alternatively, future studies could explore the possibility of eliminating the button press

altogether, opting for a probe-based methodology instead. While this approach would preclude the

assessment of familiarity experience in real-time, it would enable researchers to evaluate whether

machine learning algorithms can discern differences between scenes that elicit a sense of famil-

iarity and those that do not. By adopting such approaches, the scope of investigation could be

broadened and potentially uncover new insights into the relationship between eye gaze patterns

and subjective cognitive states.

Although the sample sizes in this study were determined based on prior behavioral research

utilizing both 2D and more immersive 3D VR methodologies [8], there was no established prece-

dent for computing the necessary sample size specifically for eye gaze data in these paradigms. As

a result, the sample size for eye gaze data, particularly in the more immersive 3D VR experiment,

may have been relatively small, potentially impacting the generalizability of the findings. To ad-
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dress this limitation, future research could explore methods for determining adequate sample sizes

specifically for eye gaze data collection within virtual reality environments. Additionally, further

investigation could involve the integration of other physiological measures, such as heart rate or

skin conductance [16], to enhance the detection and understanding of cognitive states.

Finally, the largest question that looms from this work is the feasibility of discerning distinct

types of internal states. While our study demonstrates the potential for identifying general internal

states such as familiarity using eye gaze patterns, a more ambitious goal is to accurately classify

specific internal states, such as curiosity, tip-of-the-tongue states, or mind wandering, in real-

time. Ideally, an intelligent tutoring system would not only detect that a user is experiencing an

internal state but also accurately identify the specific state occurring at any given moment. Future

research should therefore aim to investigate whether machine learning algorithms can be trained

to differentiate between various types of internal subjective states based on eye gaze patterns and

other physiological signals. This endeavor would require robust experimental designs along with

large and diverse datasets encompassing a wide range of internal states.
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Chapter 6

Conclusion

In conclusion, this study underscores the promise of employing eye tracking technology to

discern an individual’s subjective sense of familiarity, a significant cognitive state. Despite the

challenges highlighted, the results provide a solid foundation for advancing research and practical

applications in the fields of affective computing and cognitive science.

By showcasing the feasibility of detecting familiarity through eye gaze patterns, this work

opens up new avenues for exploring the relationship between physiological responses and subjec-

tive cognitive states. Moreover, it highlights the potential of integrating eye tracking technology

into various domains, including education, virtual reality experiences.

Moving forward, addressing the limitations identified and further refining methodologies will

be crucial for maximizing the utility and reliability of eye tracking technology in detecting cogni-

tive states. Additionally, future research endeavors should aim to expand the scope of investigation

to encompass a broader range of cognitive states and explore approaches for enhancing detection

accuracy and applicability.

Ultimately, the insights gained from this study contribute to the ongoing dialogue surrounding

affective computing and cognitive science, providing a basis for the development of more adaptive

technologies.
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