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Abstract
We conduct a lab eye-tracking study to examine how users in-
teract with search engines that place Generative Artificial Intel-
ligence (GenAI) results above traditionally ranked search results,
also known as “ten blue links”, and we use an engagement scale
to evaluate their experience. Our aim is to study how users inter-
act with search engine interfaces that incorporate GenAI content,
assess users’ willingness to scroll past GenAI content to view the
traditional search results, and explore how these interactions differ
from existing literature on scanning search engine result pages. We
show that GenAI content is changing how people search, but the
“golden triangle” remains valid, where the top-left section of the
search page attracts the most attention. Searchers are still engaging
with the blue links in patterns consistent with the literature; how-
ever, they engage significantly more with GenAI content. Finally,
we outline future directions to deepen our understanding of search
behavior in the era of GenAI.
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1 Introduction
The intersection of Generative Artificial Intelligence (GenAI) and
information access has been defined as Generative Information
Retrieval (GenIR) [7, 29, 39]. We still lack a clear understanding of
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how users interact with GenIR systems. Building clear, evidence-
based models of user behaviors can improve how we evaluate these
systems and their usability. This is why a number of eye-tracking
and cognitive user studies were conducted on traditional search
engines with the Traditionally Ranked Results also known as “ten
blue links” [2, 3, 12, 17, 42].

However, previous findings do not directly apply to modern
search engines that incorporate GenIR systems, which often sum-
marize multiple results in the text they generate. Interactive Infor-
mation Retrieval (IIR) researchers have therefore asked whether
GenAI’s diverse interaction possibilities will see widespread adop-
tion or stay a research interest [7]. If so, these new developments
in search engine functionality may signal a generational shift in
how people search for information. We could then ask, is relying
on the traditional “ten blue links” becoming less common, or does
it depend on the nature of the tasks at hand?

While some studies have explored user interactions with GenIR
tools [29, 37, 44], we did not find any lab studies focused on eye-
tracking or any other physiological devices in this context. By
researching human interactions with GenIR systems, we can con-
tribute to developing these systems into true assistants [38, 39].
Search interfaces are constantly evolving, with the design space for
search engine interfaces being vast, but interaction techniques and
user interfaces with GenIR remain under-researched and poorly
understood. Between 2020 and 2024, 750 preprints related to Large
Language Models (LLMs) were published on arXiv in the field of
Information Retrieval (IR), with only 22 mentioning “user interface”
in their abstracts [7].

Information-seeking behavior has changed as search engines
have introducedAI-generated summaries and conversational search
features in place of simple keywordmatching. These features enable
more natural interaction and may attract users by saving time, re-
ducing cognitive effort, and improving search efficiency. This shift
has contributed to the emergence of GenIR as a distinct research
area within IR. Unlike traditional IR systems, which primarily re-
turn ranked lists, GenIR systems generate written answers that
synthesize information from multiple sources. Many papers in top
IR journals and conferences note that user studies in this area re-
main scarce [7, 16]. To our knowledge, no eye-tracking studies
have examined how users interact with these interfaces. This gap
is important because eye-tracking is an established method in IR
and IIR for studying search behavior [17].
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Eye-tracking studies of Search Engine Results Page (SERP) have
provided important insights into how users identify relevant or
irrelevant documents [20], how their search behavior can be mod-
eled [2, 21, 33], and how attention is shaped by contextual fac-
tors [12]. One of the well-known findings in the area is the Golden
Triangle Pattern or F-pattern [31], showing that users tend to focus
their attention on the top-left portion of the results, even if those
results were not relevant. Insights from these user studies informed
the development of algorithms and user models [33].

This study examines how users interact with SERP that integrate
GenAI content, followed by the Traditionally Ranked Results. It ad-
dresses an important gap, as it remains unclear how current search
behavior differs from patterns reported before GenAI was incorpo-
rated into SERPs. To investigate this, we conduct an exploratory
eye-tracking study on SERPs that places GenAI content above the
Traditionally Ranked Results.
RQ1: How do users scan and navigate search engine results pages

that have Generative AI content placed before the Tradition-
ally Ranked Results?

RQ2: Towhat extent do perceived user engagement levels correlate
with users’ gaze behavior on search engine results pages
containing Generative AI content before the Traditionally
Ranked Results?

RQ3: What are the perceived levels of user engagement when inter-
acting with search engine results pages that have Generative
AI content placed before the Traditionally Ranked Results?

By addressing our research questions, we contribute the following:
• Demonstrate that users continue to engage with Tradition-
ally Ranked Results in patterns consistent with the literature,
but show significantly higher engagement with GenAI con-
tent when both appear on the same page.

• We release our experimental setup for SERPs with GenAI
content and Traditionally Ranked Results, to support repro-
ducibility across other user populations.1

2 Related Work
In this section, we discuss research on Human–GenAI interactions,
primarily in IR and non-IR, alongwith previous eye-tracking studies
on how people interact with search engines.

In IR, several studies investigate how users interact with GenIR
systems [29, 37, 40, 44]. A study [37] uses Bard log submissions
from 95 crowd workers, considering factors such as gender, English
skills, education level, search skills, and usage of search engines
and LLMs. Another User Study [40] methodology consists of user
groups from college students and crowd workers from various
backgrounds. The study developed a ChatGPT-like interface with
GPT-3.5 Turbo and integrated questionnaires and supportive func-
tions, such as Perception Articulation, Prompt Suggestions, and
Conversation Explanation, to determine which of those functions
supported different user groups. We are also witnessing the pub-
lication of various resources and tools in IR to facilitate the study
of user behavior in the era of GenAI [28, 46]; however, it’s unclear
whether they are suitable tools when running eye tracking studies.

1https://github.com/Sara-Al-Lawati/Sara-Al-Lawati-SIGIR-26-AI-Overviews-Eye-
Tracking

Work from Yang et al. [44] and Liang et al. [29] looked at how
users interact with the GenIR system in comparison with the tradi-
tional IR system, but the GenAI interaction component was mainly
via a chat-based system. A recent study by Wardle et al. [41] re-
searched how people meet their health-related information needs
via search engines, including Google’s “AI Overviews” (Powered by
Gemini), ChatGPT, and Alexa. The main methodology was struc-
tured observation through the think-aloud protocol. It is important
to note that the study mentioned that the AI Overviews were rolled
back while data were being collected. Xu et al. [43], looked at GenAI
content’s influence on public opinion. None of the studies discussed
above has utilized eye tracking devices to measure cognitive load.

Several eye-tracking studies have extensively analyzed gaze pat-
terns across search engine interfaces [2, 3, 12, 15, 17, 30]. None
of these studies explored user interfaces for information access
with GenAI either; however, their findings can be compared with
ours to examine the generational shift. Abualsaud and Smucker [2]
used eye tracking to analyze user behavior while viewing SERP,
on both desktop and mobile platforms. Their research tracked par-
ticipants from the moment they entered a search query to their
subsequent actions, which typically involved either clicking a re-
sult or refining their query. The study discussed the relationship
between user behavior and queries to understand their impact on
re-query decisions. Liu et al. [30] utilized eye tracking to analyze
fixation patterns and examine user focus on various elements of
search interfaces. They collected comprehensive interaction data,
including mouse clicks, typed queries, eye movements tracked via
eye tracking, and perceived task difficulty via self-report ratings.

3 Methodology
To the best of our knowledge, no eye-tracking studies have explored
how users interact with search engine interfaces that have GenAI
content placed before the Traditionally Ranked Results. In this
section, we present the methodology for the user study setup, which
will help us answer RQ1–RQ3. We conducted an in-lab user study,
collecting gaze data using a Tobii Pro Fusion eye-tracking device
and Tobii Pro Lab software. To ensure the validity of our results,
we follow the instructions and guidelines provided by Tobii2. We
use Qualtrics3 for the surveys, which include the user study tasks 4.

3.1 Study Overview
We used a within-subjects design, in which the same participants
completed all ten tasks. We collected pre-study participant de-
mographics and characteristics, including age, gender, education,
search experience, and prior LLM use. Each task (see below) in-
cluded a pre-task questionnaire and controlled “backstory” as well
as a single central SERP. After each task, participants completed a
post-task questionnaire rating their search experience, including
perceived relevance of the results and perceived results difficulty.
In the exit stage, participants completed the User Engagement Scale
(UES) [35], which measures aesthetic appeal, focused attention, per-
ceived usability, and reward. Finally, they answered open-ended
questions about their impressions of the SERP, trust in AI overviews

2https://www.tobii.com
3https://www.qualtrics.com/
4The setup was reviewed and approved by RMIT University’s ethics board (ID: 28583).

https://www.tobii.com
https://www.qualtrics.com/
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Topic: average charitable donation

You regularly make charitable donations to a range of causes,
including medical research funds, local homeless support agencies,
and international aid funds. But you are a little concerned that
your support is less than others give, and decide to find out
how much the average USA individual gives each year in donations.

Figure 1: Backstory 1 (B1).

versus traditional links, and if the AI overview or traditional links
met their information needs.

Tasks and Searches. Participants completed ten tasks. Each task
consisted of three stages (i) completing the pre-task questionnaire,
(ii) reading a backstory, and (iii) completing the search task by
reviewing a simulated SERP while we logged the interaction behav-
iors. For each task we used a different search task (i.e., backstory)
from the UQV100 test collection5. These backstories (i.e., short sce-
nario descriptions to motivate and contextualize a search task, see
Figure 1) represented real-world scenarios in which participants
would need to search for information [9]. We selected backstories
to provide variety in both topic and word count, and excluded top-
ics related to health, medicine, and politics to minimize potential
discomfort. Backstories were categorized by task complexity (see
below). Participants were assigned 10 tasks, all participants com-
pleted the same set of tasks, and the task order was randomized
per participant. For each task, participants first read the backstory
and then clicked a link that issued a pre-typed query (see Figure 2
for an example SERP). They reviewed the results on a simulated
SERP and could open results pages until they felt their information
need was met. Participants were given unlimited time per task and
could not switch between tasks once started.

The simulated SERP was based on Google’s interface at the
time6 and presented GenAI overview or GenAI content, also called
“AI Overview”, above the Traditionally Ranked Results. The pre-
written queries were selected from an earlier eye-tracking study
conducted in early 2024 with different users, during a period when
GenAI was becoming more widely adopted. In that study, users
wrote queries corresponding to the same set of backstories used in
this eye-tracking study. The selection was based on two criteria:
their NDCG@10 scores as a measure of their effectiveness [45]
and whether they produce AI Overviews from Google. We used
user-written queries from the GenAI era to capture more realistic
user experiences.

The Anserini toolkit was used for retrieval processes7. We used
BM25 on the ClueWeb12-B corpus, with parameters set to 𝑘1 = 0.9
and 𝑏 = 0.4 to retrieve 1,000 documents per query. BM25 matched
the terms between queries and documents to determine relevance.
For this study, we selected NDCG@10 to evaluate participants’
performance and query effectiveness, similarly to [6, 30, 45]. The
NDCG@10 values ranged from 0.1 to 0.6, with a range of 0.5 and a
standard deviation of 0.1.

5Backstories used in this study are denoted as B1 to B10, corresponding to TREC Topic
Numbers as follows: B1: 205, B2: 209, B3: 212, B4: 293, B5: 210, B6: 257, B7: 211, B8:
294, B9: 291, B10: 206 [9]
6https://blog.google/products/search/generative-ai-google-search-may-2024/
7https://github.com/castorini/anserini

Since the UQV100 test collection and its relevance judgments
over the ClueWeb12-B dataset are based on queries collected in
2016, we also ask participants in this user study to self-rate the
relevance of the results on a 5-point scale (1 = low relevance, 5 =
high relevance). Overall, the rating average across all SERPs and
participants is 4.2, standard deviation is 1, with the lowest average
rating a SERP received is 3.4, and the highest is 4.6.

We submitted the queries to Google and saved the resulting
SERPs as PDFs similar to how Wu et al. [42] collected SERPs from
Google. These PDFs, collected in January 2025, were used to develop
custom HTML code that replicated the Google interface at the time,
including AI Overviews and Traditionally Ranked Results. While
the original Google AI Overviews included reference links within
the GenAI text, these were excluded due to additional complexities
that were not compatible with the eye-tracking equipment used.

During each search, we recorded gaze data as participants read
the backstory, interacted with SERPs, and reviewed the pages they
selected. In parallel, we logged interaction behavior, including ses-
sion duration, total mouse clicks, clicks on blue links, the number
of unique websites visited, and the number of follow-on visits after
each blue-link click.

Task Complexity. To control for variation in reading difficulty,
we assessed backstory readability using Flesch-Kincaid scores [26].
We selected backstories spanning approximately 7th-grade to col-
lege level, ensuring the texts were suitable for participants, given
our inclusion and exclusion criteria. We also controlled for cogni-
tive task complexity. Following prior work on UQV100 backstories
and the link between backstories and their associated queries [1],
and consistent with research highlighting the importance of task
complexity in IR and IIR [25, 32], Bloom’s taxonomy was used to
label each backstory [27]. Using the labeling approach as previ-
ous research [1], an independent categorized the backstories used
in our lab study as remember, understand, or analyze. These lev-
els correspond to retrieving relevant knowledge from long-term
memory, constructing meaning by interpreting and summarizing
information, and breaking information into parts to understand
relationships and purpose [25].

SERP Length. The percentage of the page content above the fold
across all 10 SERPs was computed by extracting the viewport di-
rectly from Tobii’s raw data. On average across the 10 SERPs, 44%
was above the fold (s.d. 4%, range 38–49%). The page fold location
on a sample SERP is illustrated in Figure 2.

3.2 User Study
The researcher provided a verbal explanation of the study and
presented written instructions. Participants reviewed the study pro-
tocol and then signed the consent form. To minimize distractions,
the researcher left the lab before participants began the tasks. Par-
ticipants could contact the researcher at any time via a microphone.

Study apparatus. The participants sat 65cm away from a computer
with an on-screen-mounted eye-tracking device to complete the
lab experiment. The eye-tracking device recorded gaze positions at
120Hz.We calibrated the eye tracker for each participant within Eye

https://blog.google/products/search/generative-ai-google-search-may-2024/
https://github.com/castorini/anserini
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Tracking Manager8 and Tobii Pro Lab9. Participants were advised to
minimize movements once calibration was completed to ensure the
collection of high-quality eye-tracking data. Participants needed
calibration values of 0.5 to 0.8 degrees for accuracy and 0.15 to 0.3
degrees for precision, per Tobii’s guidelines.10

Recruitment. We recruited 43 participants via advertisements,
including flyers, online postings, the researcher’s social media, and
word of mouth. Participants completed the study individually in
a usability lab at RMIT University and received an AUD 25 gift
voucher for their participation.

Prospective participants were screened, and only people (i) with
working English proficiency, (ii) aged above 18, (iii) with normal vi-
sion (people wearing glasses are considered to have normal vision),
(iv) with no existing health issues relating to the eye and cognition,
and (v) with no eye surgery history was allowed to participate in
the study. Our criteria ensured that participants had the necessary
cognitive and physical abilities for consistent data collection.

Following the guidelines provided by Tobii, participants were
informed of potential factors that could impact their performance,
such as (i) sleeping less than seven hours, (ii) wearing heavy
makeup or large eyelashes, (iii) taking medications affecting pupil
dilation, or (iv) having certain medical conditions or drug use.
Participants could opt out at any time.

Pilots. We conducted extensive piloting to ensure a robust experi-
mental setup. We iteratively tested individual study components
and then conducted full end-to-end runs of the procedure. For ex-
ample, the pilots indicated that participants took longer to complete
the tasks when the researcher remained in the room, informing
our decision to have the researcher leave the lab during the session.
Seven participants took part in pilots and the analyses in this pa-
per are based on the remaining 36 participants11. Data from all 36
participants were collected between November and December 2025.

3.3 Participants
The sample (N = 36) was primarily young adults. Participants were
aged 18–24 (30%), 25–28 (44%), or 29 and older (25%). Gender was
reported as female (52%), male (41%), or non-binary (5%). Education
level was high overall, with 10 participants holding a bachelor’s
degree (27%), 18 holding a master’s degree (50%), and 8 holding
a doctoral degree (22%). Participants also reported their search
experience and LLM use. Most rated their search skills as moderate
(22, 61%), with smaller proportions reporting low (9, 25%), high
(3, 8%), or neutral (2, 5%) skill. Search frequency was predominantly
high (24, 66%), followed by moderate (10, 28%) and low (2, 5%).
LLM usage frequency was similarly high, with 20 participants (55%)
reporting high use, 12 (33%) moderate use, 2 (5%) low use, and 2
(5%) reporting no prior LLM use.

3.4 Data Collection, Cleaning, and Analysis
We used Tobii Pro Lab for data collection and Python for data
analysis. Since eye-tracking software typically provides x and y co-
ordinates, we developed a Python script based on prior research [3,
8https://developer.tobiipro.com/eyetrackermanager.html
9https://www.tobii.com/products/software/behavior-research-software/tobii-pro-lab
10https://www.tobii.com/resource-center/data-quality#cta-section
11Note, six participants had minor missing data and are included in the analysis.

Figure 2: The SERP for backstory 1, showing AI Overview,
10 of the Traditionally Ranked Results (TRRs), and the page
fold (43.57% of the SERP is visible without scrolling) with
Areas of Interest boundaries.

11, 19, 22–24] to map participants’ fixations, saccades, and pupil
dilation as physiological measures. Physiological measures have
been used in different disciplines, including IR, to model, evaluate,
and predict user behavior, and they can be complementary to user
subjective measures such as those in our questionnaires [18, 34].
We identified and extracted the text, and drew bounding boxes
to define our Areas of Interest, similar to [22]. To map Areas of
Interest on SERPs, we used Selenium12 to extract element positions
directly from the Document Object Model. The Areas of Interest
mapping on a sample SERP can be shown in Figure 2.

We cleaned and processed the pupil data using an established
procedure and report Relative Pupil Dilation, defined as the change
in pupil diameter over time relative to baseline [23]. We also mea-
sured saccade time, the duration of rapid eye movements between
fixations, in milliseconds [20]. Saccade length was calculated in
pixels as the distance between successive fixations [19].

Our code outputs were validated by directly comparing them
with Tobii Lab Pro outputs. The raw gaze dataset for this study
can be provided upon request. The repository includes code for
cleaning raw eye-tracking data and Qualtrics data, synchronizing

12https://www.selenium.dev/

https://www.selenium.dev/
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eye-tracking and Qualtrics timestamps, extracting mouse clicks,
and validating our pipeline.

It is important to note the multiple validation steps used in this
study: (1) participants fixated on a cross displayed between all pages;
this cross appeared on the screen for approximately 4 seconds, and
our data showed that participants fixated on it for around 3 seconds,
similar to earlier work [23]. This fixation period was used to align
Tobii and Qualtrics timestamps with millisecond-level precision.
(2) Heatmaps were generated following Tobii’s documentation;
the code and references are provided in the repository, and the
resulting heatmaps were visually compared with Tobii’s heatmaps.
(3) When the study was run using Tobii Lab Pro, the entire screen
was recorded; this screen recording was used as ground truth for
selected analyses, such as determining how many websites were
opened from the main SERP and how many were nested within
other websites.

Qualitative Data. Open-ended questions were analyzed using the
general inductive method [36], to extract key reasons for believing
that either AI Overviews or Traditionally Ranked Results were
more trustworthy and more useful.

4 Results
First, we explore differences in gaze metrics while browsing the
SERPs.We analyze gazemetrics on the SERP across Areas of Interest.
Second, we investigate gaze patterns and clicks on the SERP. Finally,
we examine subjective self-reported ratings for pre- and post-task
questionnaires, and UES. The Areas of Interest used to produce
the findings of this paper can be visualized in Figure 2. The Areas
of Interest consist of AI Overviews and the Traditionally Ranked
Results, which consist of 10 Ranked Results. Each Ranked Result
consists of a link and a snippet.

4.1 SERP Gaze Metrics
We compute statistics and then compare them by complexity and
different Areas of Interest, including AI Overviews and the first 10
Traditionally Ranked Results.

SERPs Viewing Statistics. We report overall averages, see Table 1.
People spent on average 15 seconds reading the backstories and
about 46 seconds on the SERP. Since the SERPs have two main
components, AI Overviews and Traditionally Ranked Results, we
compare their significance using the Wilcoxon signed-rank test,
given the nonparametric nature of the dataset, which is common in
eye-tracking data. AI Overviews received significantly higher fixa-
tion and saccade times than Traditionally Ranked Results; however,
this was not the case for saccade length. The saccade length being
greater for the Traditionally Ranked Results can be explained by the
area they occupy on the SERP. On average, across the ten SERPs, the
Traditionally Ranked Results region is 2.7 times larger in pixel area
and contains 2.8 times more words than the AI Overview region.

SERPs AI Overviews-Traditionally Ranked Results Compari-
son by Complexity. We compare the differences between gaze
metrics on SERP when backstory tasks are categorized into differ-
ent cognitive complexities (Remember, Understand, and Analyze),
see Table 2. We also compared gaze metrics during reading back-
stories; however, no significant differences were found across the

Table 1: Overall eye tracking statistics for SERP viewing, aver-
aged at participant-level. Values are reported asmean (M) and
standard deviation (SD). Statistically significant differences
between gaze values mapped to AI Overviews and Tradition-
ally Ranked Results (TRR) are shown in bold (p < 0.05). The
Wilcoxon signed-rank test was used.

Fixation Time Relative Pupil Saccade Time Saccade Length
Region (s) Dilation (s) (px)

SERPs 45.73 (21.60) -0.18 (0.07) 5.57 (6.01) 148.96 (19.06)

AI Overviews 27.34 (17.47) -0.18 (0.07) 3.15 (3.63) 143.09 (24.53)
TRR 14.82 (9.68) -0.19 (0.07) 1.85 (1.70) 162.92 (33.84)

Table 2: Pairwise comparisons on SERP by task complex-
ity (Remember, Understand, Analyze) were conducted sepa-
rately for AI Overviews and Traditionally Ranked Results
(TRR). Friedman test with Wilcoxon post-hoc (uncorrected,
exploratory). n.s. = not significant; bold with ↑ = significantly
higher; † = not significant after Bonferroni correction.

Task Complexity

Region Metric R vs U R vs A U vs A

AI Overviews

Fixation Time R↑ R↑ n.s.
Relative Pupil Dilation n.s. n.s. n.s.
Saccade Time R↑ R↑ n.s.
Saccade Length U↑† n.s. U↑

TRR

Fixation Time U↑ n.s. U↑
Relative Pupil Dilation n.s. n.s. n.s.
Saccade Time U↑ n.s. U↑
Saccade Length n.s. n.s. n.s.

three levels of complexity. Since we are comparing three different
groups, we applied a Bonferroni correction to account for multiple
comparisons [14]. However, since this is an exploratory analysis,
we report the results with and without Bonferroni since Bonferroni
reduces false positives but may miss real effects due to increased
false negatives. When the task was classified as Remember, AI
Overviews received higher fixation and saccade times compared
to AI Overviews for tasks classified as Analyze or Understand.
In contrast, for Traditionally Ranked Results, Understand tasks
received higher fixation and saccade times when compared with
Remember and Analyze. Regarding saccade length, AI Overviews
for Understand tasks showed higher values compared to Remember
and Analyze.

Analyze seems to have lower fixation and saccade times when
compared with remember and understand. This contrasts with the
literature [8], which notes that “Remember” is the least cognitively
demanding, followed by “Understand” then “Analyze”, and our
results partially align with this. We considered the question, are
people looking elsewhere to other webpages navigated from the
same SERP? What about the effects of self-reported rating pre-
and post-task? What about the user engagement? Therefore, we
investigate further.

Fixation times were consistently longer for AI Overviews com-
pared to Traditionally Ranked Results across all complexity levels.
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For the Remember level, the mean fixation time was 32.9s for AI
Overviews versus 13.5s for Traditionally Ranked Results (𝑝 < 0.001),
and for Analyze, it was 26.0s versus 14.1s (𝑝 < 0.001), both show-
ing significant differences. For Understand, the mean fixation time
was 25.9s for AI Overviews and 18.5s for Traditionally Ranked
Results, which was not statistically significant (𝑝 = 0.127). These
comparisons were performed using the Wilcoxon signed-rank test,
in which mean fixation times per participant were calculated for AI
Overviews and Traditionally Ranked Results and then compared
to assess whether the differences were significant. This explains
why, when comparing the AI Overviews among three complexity
groups, Remember received higher fixation and saccade times. This
is an initial analysis of the effects of task complexity on SERPs for
AI Overviews and Traditionally Ranked Results; further analysis is
recommended to investigate these findings.

4.2 SERP Golden Triangle and Navigation
We aggregate fixations on heatmaps, take into consideration SERP
word count, and report navigation results, such as clicks and arrival
times to results, at the participant level on SERPs.

Aggregated Heatmaps and Golden Triangle. Figure 3 shows
that the classic “golden triangle” or “F” pattern is found when
aggregating all fixations of all the participant interactions across all
ten SERPs. The pattern is well attested in earlier work [e.g., 3, 12],
and the addition of AI Overviews does not seem to have changed
this overall behavior. When AI Overviews appear in search results,
they receive more visual attention than the 1st Ranked Result. This
suggests that the traditional “golden triangle” or “F-pattern” of
attention shifts upwards on the search results page. We investigate
this attention pattern further in the subsequent analyses.

Fixation Duration Normalized by Word Count Analysis. To
exclude the possibility that word count played a role in higher fixa-
tions, we compute the Fixation Time Normalized by Word Count
(FN) for AI Overviews, Traditionally Ranked Results (TRR), and
each Ranked Result (RR). This metric represents fixation time rela-
tive to each region’s total word count, not fixation time mapped to
individual words. The formula belowwas used to normalize fixation
time by word count in each Area of Interest. First, we computed
(1) Averages at the participant level (across tasks), (2) global aver-
ages across all participants, and finally, (3) computed drop analysis
between AI Overviews, TRR, and between consecutive RR.

𝐹𝑁 =
Fixation Duration (ms)

Word Count

Figure 3: Aggregated heatmap of fixations across all 10 Search
Engine Results Page (SERPs). Aggregated heatmap of fixa-
tions across 34 participants for Backstory 1 (B1) SERP.

Absolute Drop (AI Overview to TRR):
ΔAI Overview→TRR = 𝐹𝑁AI Overview − 𝐹𝑁TRR

Percentage Drop (AI Overview to TRR):

%ΔAI Overview→TRR =
𝐹𝑁AI Overview − 𝐹𝑁TRR

𝐹𝑁AI Overview
× 100

Absolute Drop (RR 𝑖 → 𝑖 + 1):
Δ𝑅𝑅𝑖→𝑅𝑅𝑖+1 = 𝐹𝑁𝑅𝑅𝑖 − 𝐹𝑁𝑅𝑅𝑖+1

Percentage Drop (RR 𝑖 → 𝑖 + 1):

%Δ𝑅𝑅𝑖→𝑅𝑅𝑖+1 =
𝐹𝑁𝑅𝑅𝑖 − 𝐹𝑁𝑅𝑅𝑖+1

𝐹𝑁𝑅𝑅𝑖

× 100

Data are reported in Table 3 and shown visually as a bar plot in
Figure 4. As can be seen, the attention received by the AI Overview
is higher than that for each of the Ranked Results.

Fixation Duration Above and Below the Page Fold. Mean fixa-
tion duration (how long each individual fixation lasts) was similar
on either side of the fold (231.66ms above and 232.25ms below).
However, the mean total fixation time per participant (sum of all
fixation durations) was very different (339.81s above, 82.15s below;
Standard Deviation (SD) 164.47s and 64.53s). Participants fixate
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Figure 4: Visualization of AI Overviews and each Traditionally Ranked Results (TRR) normalized by word count.

4 times longer above the fold. In other words, when participants do
fixate somewhere (above or below the fold), each fixation lasts about
the same duration (232ms). But participants make many more fixa-
tions above the fold, so the total accumulated time is much higher.

Table 3: Fixation Time Normalized by Word Count across
Areas of Interest Regions: AI Overviews and Traditionally
Ranked Results (TRR). The metric represents total fixation
time (ms) divided by the total word count of each region,
enabling fair comparison across regions with different text
lengths. Drop (%) indicates percentage change from the pre-
vious Areas of Interest. N is number of participants.

Areas of Interest Mean SD N Drop (%)

AI Overviews 170.39 107.10 36 —
TRR 33.99 22.27 36 ↓80.1%
Ranked Result 1 99.50 59.95 36 —
Ranked Result 2 70.04 35.72 35 ↓29.6%
Ranked Result 3 55.14 29.22 35 ↓21.3%
Ranked Result 4 47.46 26.86 34 ↓13.9%
Ranked Result 5 48.40 25.99 30 ↑2.0%
Ranked Result 6 42.00 22.55 30 ↓13.2%
Ranked Result 7 35.91 18.54 31 ↓14.5%
Ranked Result 8 46.93 38.49 29 ↑30.7%
Ranked Result 9 54.44 48.75 28 ↑16.0%
Ranked Result 10 45.39 36.08 25 ↓16.6%

Note: Mean and SD are in units of ms per total word count. Drop (%) shows change
from previous row. ↓ indicates a decrease (less fixation time per word count), ↑ indicates
an increase.

Click Rank and Fixation Time. Figure 5 plots, for each rank
in the traditional results, the mean number of clicks; the mean
fixation time; and the mean time when participants first fixated on
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Figure 5: Average fixation times in seconds (s) and click count
per Ranked Results on SERP, includes the arrival time for
the participant’s gaze to arrive at that result rank.

that rank (arrival time). Click rate and rank are strongly correlated
(Spearman’s 𝜌 = 0.94, 𝑝 = 0.0001). Again, however, behaviors past
the AI overview are very similar to behaviors in earlier studies; at
least in aggregate, searchers seem to read traditional links in the
same way.

4.3 Subjective Dimensions and UES Analysis
We report on subjective dimensions, which are the self-reported
pre- and post-task ratings and the UES questionnaires.

Pre-task and Post-task Questionnaire. As part of the study
setup, each participant reported their interest, familiarity, difficulty,
and curiosity regarding the backstory.We classified those self-rating
questions as part of the pre-task questions for each task. Once par-
ticipants finished exploring each SERP and felt their information
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need was met, they were directed to post-task questions, includ-
ing rating the difficulty and relevance of the results on the SERP.
Our findings are summarized in Table 4. A Repeated Measures
Correlation (rmcorr) was used to compare each participant with
themselves [10], as each participant completed the same set of tasks
and answered the same self-reported ratings before and after each
task. For AI Overview gaze data, both Relative Pupil Dilation and
Saccade Length show a weak but significant positive correlation
with interest, familiarity, and curiosity. Fixation time, however, is
negatively correlated with both difficulty and relevance of the AI
Overview results. For Traditionally Ranked Results, fixation and
saccade times show a significant negative correlation with difficulty
and relevance of the results. Saccade length also shows a small but
significant positive correlation with interest and curiosity.

UES Questionnaire. We also used the UES [35] to capture the
dimensions of engagement: aesthetic appeal, focused attention, per-
ceived usability, and reward. UES was collected from participants
after they completed all search tasks. Participants rated each ques-
tion on a scale from Strongly Disagree (1) to Strongly Agree (5).
We report the averages and SDs of each dimension: perceived us-
ability (4.19) and reward (3.90) are higher than aesthetic appeal
(3.13) and focused attention (3.09). All three dimensions, perceived
usability (SD = 0.70), reward (SD = 0.70), and aesthetic appeal (SD =
0.79), exhibited relatively similar variability, while focused attention
demonstrated greater variability (SD = 0.95). Overall, the UES (3.58)
had a SD of 0.54, the minimum score was 2.25, and the highest
was 4.92. Regarding correlations with fixation time, relative pupil
dilatation, and saccades, we did not observe any significant associ-
ation between gaze patterns and UES responses, overall or on any
individual dimension.

4.4 Trustworthiness and Utility
Of our 36 participants, 33 responded in writing to questions about
the trustworthiness and utility of AI Overviews compared with
Traditionally Ranked Results. These responses were analyzed using
the general inductive method [36].

Trustworthiness. Of the 33 participants, 15 found search results
more trustworthy, 12 found AI more trustworthy, and 6 gave mixed
responses or said they felt the two were the same. Participants gave
a range of rationales for finding AI untrustworthy. One common ra-
tionale was that AI is machine-generated: “Less trustworthy, as you
know it’s not written by a person” (P98), “Less trustworthy since it
is a soulless summary that may contain what you are looking for
but can be wrong" (P194). In contrast to this, participant 202 noted
similar levels of trust because the AI summarizes human content
“Similar levels of trust since overview id derived from human-made
results and I am inherently more trusting of something written by
a human”. Another reason participants gave for not trusting AI
summaries was to do with the underlying data, e.g., participant
117, who noted that they did not feel AI covered the same range of
material “I think AI Overview is less trustworthy in this case; tra-
ditional search results usually vary from different years and areas
etc” or P207 who said “what search results it summarizes I don’t
know”. Another variation on this was being concerned that AI “did

not cite its source” (P206), a concern shared by three other partici-
pants. Other participants were concerned about misrepresenting
the underlying data, from the simple comment from P190 “less
because some trends didn’t match” to the more in-depth reflection
from P98, who notes “I do not know where exactly they got their
information from or how it might be biased or if it hallucinated.
If it is a traditional result, at least I know where it is coming from
and identify certain shortcomings or biases”, or P112’s comment
“as it often misrepresents facts and can get data with missing or
incomplete context”.

In contrast with the variety of reasons for not trusting an AI
overview, nearly every response saying AI was trustworthy noted
its convenience “In most scenarios the AI Overview has given a
reliable, easy to understand summarized version of the traditional
results” (P100), “the good thing is that at least I don’t have to click
on the webpage to see what’s further content there, and all in-
formation are listed in points”. The other reason given was that
the summaries are aggregates of underlying search results, e.g.,
“The content provided by the AI is trustworthy because they are
information taken from legit websites and summarized” (P191)

A cross cutting reflection on trustworthiness was the need to
check AIs summaries, mentioned by eight participants, e.g., P184
who was neutral on whether AI was more trustworthy and wrote
“I did feel like I used the information from the traditional search
results to help confirm or cross-check the information I was given
by the AI overview”, or P189 who trusted AI but said “However,
I do double-check with the traditional search results to confirm
the information”. Overall, participants do not yet trust AI sum-
maries completely, but they strongly recognize their convenience
and readability.

Utility. Of our 33 participants, 15 found AI overviews more useful,
12 preferred search results, and 6 were neutral or gave mixed re-
sults. While this looks like a small move from trustworthiness to
usefulness, 10 respondents felt differently about utility than trust-
worthiness. Of those 10, the majority moved from being neutral
to having a preference or vice versa, e.g., P200 who was neutral
on trustworthiness but commented “AI overview is better, as it
gives my a concise and short summary of information I am looking
for. Reading traditional results is time-consuming and may not get
what I want precisely” or P206, who found traditional search more
trustworthy, but said “For a quick search and introduction to the
topic, AI Overview does help”. Only two participants had a strict
dichotomy between utility and trustworthiness. Of these, one pro-
vided no explanation of their utility score, even though they found
summaries more useful and results more trustworthy. The other
participant said they found AI more trustworthy, but “traditional
search results as they are quite detailed with different information
in different sites”.

This analysis presents mixed results, with neither search nor
AI emerging as more useful or more clearly trustworthy than the
other tool.

5 Discussion
We discuss the implications of our findings, and compare them with
previous eye-tracking literature on SERPs.
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Table 4: Summary of Repeated Measures Correlation (rmcorr) results for SERP data (Backstory Level): AI Overview and
Traditionally Ranked Results (TRR). Values are correlations 𝑟rm, bold values are statistically significant (p < 0.05).

Topic Search Results

Region Measure Interest Familiarity Difficulty Curiosity Difficulty Relevance

AI Overviews Fixation Time (ms) 0.02 0.06 0.07 0.07 -0.13 -0.11
Relative Pupil Dilation 0.18 0.17 0.05 0.17 0.03 0.04
Saccade Time (ms) 0.05 0.05 0.08 0.08 -0.10 -0.10
Saccade Length (px) 0.20 0.13 0.02 0.17 0.05 -0.01

TRR Fixation Time (ms) 0.04 -0.01 0.00 0.06 -0.16 -0.33
Relative Pupil Dilation 0.09 0.11 0.08 0.08 0.01 -0.01
Saccade Time (ms) -0.00 -0.03 0.00 -0.02 -0.14 -0.19
Saccade Length (px) 0.13 0.06 -0.06 0.17 -0.02 0.03

We found that AI Overviews received significantly longer eye fix-
ation and saccade times than Traditionally Ranked Results; however,
this was not the case for saccade length. We found that Remember
tasks elicited higher fixation and saccade times in AI Overviews,
while Understand tasks showed the highest fixation and saccade
times in Traditionally Ranked Results and the highest saccade
length in AI Overviews. When this was later investigated, it ap-
pears that some users may have spent a longer time on Traditionally
Ranked Results for Understand tasks in comparison to Remember
and Analyze. This may indicate that users prefer the Traditionally
Ranked Results rather than AI Overviews for Understand tasks.
However, some confounding variables need to be investigated in
our future work, such as controlling for complexity by ensuring
equal numbers of tasks in each complexity category.

Our aggregated heatmap from our experiments shows the clas-
sic “golden triangle” and F-shape of user behavior still holds even
though the underlying content our users examined is new compared
to past work. Buscher et al. [12] found that when sponsored ads
appeared before ten ranked results, the first ranked result received
the most attention, not the ads. When less interesting content is
returned by a searching system, it would appear that users change
their attention behavior. We speculate that our users examined
AI Overview content due to interest, not just because the content
appeared at the top.

Wu et al. [42] examined the effect of presenting a direct answer
at the top of a SERP, followed by Traditionally Ranked Results. We
computed the proportions of fixation durations on AI Overviews
and Traditionally Ranked Results in our eye-tracking study and
compared these with proportions reported in prior work, where
participants were presented with either only Traditionally Ranked
Results or a single direct answer followed by Traditionally Ranked
Results (see Figure 6). It is important to note that our study setup,
interfaces, and participant sample differed from those in prior work.

When one answer was provided, the proportion of fixation dura-
tion was 0.50, compared to 0.59 for the AI Overview condition. Par-
ticipants in the condition with only Traditionally Ranked Results,
compared to those in the one-answer condition, spent considerably
more time on the first-ranked result (0.31 vs. 0.20). Furthermore,
when comparing the one-answer condition with the AI Overview,
fixation on the first-ranked result was lower (0.20 vs. 0.09). Overall,
we observe a substantial decrease in fixation on the first-ranked

Traditionally
ranked

result page

One answer with
traditionally

ranked results

AI Overviews with
traditionally

ranked results

AI Overview / Answer

Ranked Result 1

Ranked Result 2

Ranked Result 3

Ranked Result 4

Ranked Result 5

Ranked Result 6

Ranked Result 7

Ranked Result 8

Ranked Result 9

Ranked Result 10

0.00 0.50 0.59
0.31 0.20 0.09
0.21 0.09 0.06
0.16 0.05 0.04
0.11 0.05 0.03
0.07 0.04 0.02
0.06 0.02 0.02
0.04 0.02 0.02
0.02 0.02 0.01
0.01 0.01 0.01
0.01 0.01 0.01

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Pr
op

or
tio

n 
of

 fi
xa

tio
n 

du
ra

tio
n

Figure 6: Proportions of fixation duration of AI Overviews
with Traditionally Ranked Results (in bold) directly com-
pared with Wu et al. [42] results.

result across the three SERP conditions. The proportion of the first
Ranked Result (0.09) in the AI Overview Condition is comparable
to the proportions of the 4th and 5th Ranked Result positions (0.11
and 0.07) in the condition with only Traditionally Ranked Results.
This may suggest that the 1st Ranked Result is effectively shifted
to the 4th or 5th position when AI Overviews are placed above
the Traditionally Ranked Results. The F-pattern remains consistent,
with the top-left position continuing to attract the most attention,
as observed in the literature, but that position is occupied by an AI
Overview instead of the first-ranked result, as further supported
by the aggregated fixation heatmaps in our findings.

First-ranked results attracted the most attention and clicks, with
the fastest arrival time, while attention and clicks decreased and
arrival time increased down the ranked list. This is consistent with
other findings in the literature, where the mean arrival time usually
increases as users scan down, as the mean fixation time is always
higher at the first ranked result position, with declining fixations
and clicks count the lower the results are ranked [13, 17]. However,
differences in the slope of attention decline across the Traditionally
Ranked Results, compared to those reported in prior literature,
require further investigation.
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Our results show that AI Overviews receive significantly higher
attention than Traditionally Ranked Results. This not only has
implications for new user models but also for other risks related to
the content users consume when seeking information, especially
the risk of AI hallucinations.

Regarding pre-task and post-task questionnaires, our results
show weak associations with the different gaze metrics. For AI
Overviews, higher interest, familiarity, and curiosity are associ-
ated with greater pupil dilation and longer saccade lengths, while
longer fixation times are associated with lower difficulty and rele-
vance of the search results. For Traditionally Ranked Results, longer
fixation and saccade times correspond with lower difficulty and rel-
evance, and longer saccade lengths are associated with higher inter-
est and curiosity. A noteworthy distinction is that, for AI Overviews,
higher interest, familiarity, and curiosity are associated with greater
pupil dilation, whereas this pattern is not observed for Tradition-
ally Ranked Results. An increase in pupil dilation has been associ-
ated with higher cognitive load [23]. Our results suggest that AI
Overviews may be associated with different cognitive load patterns
compared to Traditionally Ranked Results. As for the UES, partici-
pants experienced moderate engagement with the search interface,
with perceived usability and reward receiving higher ratings com-
pared to aesthetic appeal and focused attention. The relatively lower
scores for aesthetic appeal and focused attentionmay be attributed to
the controlled experimental setup, which simulates a search engine
rather than a commercial one. It might have been more effective to
ask participants to rate the UES at the end of each task rather than
once at the end, given the relatively small sample size (N = 33) for
a survey question-based analysis.

Limitation. Our study is exploratory, so it is important to acknowl-
edge several limitations. These include potential task confounding
variables, the inability for users to perform subsequent search ses-
sions or refine queries, and the lack of access to alternative search
systems such as conversational search. Additionally, our sample
sizes were unequal across levels of complexity and AI Overviews
size. In addition, the AI Overviews content relevance was not eval-
uated against multiple measures other than NDCG@10 scores for
the pre-written query and self-reported ratings of search results rel-
evance.

Participants also had to conduct the study in a controlled lab
environment, which may differ from performing searches in their
own setting. Other limitations relate to ecological validity, which is
a common challenge in controlled studies. For example, our design
may not fully account for individual differences in domain exper-
tise, device usage [4], anomalous states of knowledge, or cognitive
biases [5]. Researchers have attempted to overcome the complexity
of understanding human search behavior by creating personas and
simulating user behavior [46]. However, this raises concerns that
simulated users may not accurately reflect real human behaviors,
and assessing the validity of simulated users still remains a chal-
lenge [4]. Conducting different types of studies—separately and in
combination—is important, as each approach can provide valuable
insights and collectively contribute to the body of knowledge to
understand GenIR interactions.

Some of these limitations could be addressed through further
analysis of the current data, while others require future studies

to enhance user interactions with GenIR and identify gaps in this
emerging field.

6 Conclusions and Limitations
This eye tracking study examines how users interact with a SERP
that presents GenAI content at the top of the page, immediately
above the Traditionally Ranked Results. The study provides em-
pirical evidence that AI Overviews are changing the way people
search, but not to the extent that the golden triangle or the F-pattern
observed in SERP are no longer valid. Users still engage with the
Traditionally Ranked Results in patterns consistent with the litera-
ture [13, 17]; however, they engage more with AI Overviews than
with Traditionally Ranked Results. Despite our study providing
evidence that users still interact with the Traditionally Ranked Re-
sults in patterns similar to those reported in the literature, further
research is required to understand the extent to which those pat-
terns are similar. As for the qualitative analysis of trustworthiness
and utility, we observed mixed results, with neither AI Overviews
nor Traditionally Ranked Results perceived as more trustworthy or
useful than the other.

Given the rapid evolution of interfaces integrating GenAI, future
studies with our setup could explore AI Overviews that contain
multiple links as sources and that appear in different SERP posi-
tions. Future work could investigate GenIR systems across specific
tasks, diverse user groups, or different ecologically valid settings.
It could also group users by survey responses, UES ratings, and
qualitative feedback, such as reported trust in the system and per-
ceived usefulness. This would clarify how search behavior and gaze
patterns vary across groups and which factors most strongly shape
these patterns.

This work would help the IR community in making recommenda-
tions for optimizing GenAI systems based on user preferences and
behaviors, developing a framework of how people are influenced
to search in the era of GenAI, and working toward making these
systems true assistants.
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