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Abstract

Learning with Limited Attention

by

Sarah Stolp Shepherd

Doctor of Philosophy in Psychology

University of California, Berkeley

Professor Celeste Kidd, Chair

This dissertation presents empirical studies on how both informational utility and visual
salience guide attention in learners across species. An individual may attend to something
due to its usefulness for learning or due to its ’bright and shiny’ features like bold colors and
high contrast. A long history of work in developmental psychology establishes these features
as foundational organizing principles of the human attention system—both predict looking
time even in infancy. Digital information environments increasingly leverage the psychology
of attention to maximize engagement and ad revenue. In this dissertation I investigate these
foundational mechanisms of attention in digital information environments. Chapters 2 and
3 demonstrate that engagement does not predict learning in young children, as adult ob-
servers strongly assume, with implications for education, policy, and technology design. We
find that attentional capture due to visual salience can disrupt learning in young children,
despite capturing more attention. In Chapter 4, we demonstrate that low-income children
consume more low-quality media content using a novel tool to quantify a metric of problem-
atic visual salience, flicker, and discuss the implications of this inequity on children’s learning.
Chapter 5 investigates how media consumption preferences impact learning and processing
in young adults. We find that processing is likely shaped by media consumption preferences,
in line with an adaptive account of attentional bandwidth. Finally, Chapter 6 investigates
how general informational utility is as an organizing principle of attention by testing a dis-
tantly related mammal, dogs. Children and nonhuman primates preferentially attend to
events of intermediate surprisal, likely due to these events offering the greatest potential for
learning, while dogs do not. This work investigates how attention interacts with technology
engineered to capture and sustain attention, and demonstrates that the mechanism through
which attention is captured may shape processing and learning. This dissertation provides
a perspective on human attention in digital information environments and poses broader
questions about the evolutionary origins of attention in supporting complex processes like
curiosity and learning.
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Chapter 1

Introduction

The attention system is well-adapted to support learning. A long history of developmental
psychology research demonstrates that attention is organized in ways that guide people to-
wards information useful for learning (e.g., Berlyne, 1960; Kidd et al., 2012; Oudeyer and
Smith, 2016; Schulz and Bonawitz, 2007.) These patterns of attention are widely appreci-
ated as foundational for cognitive development, supporting skills from language acquisition
to causal learning (Baldwin, 1991; Oudeyer & Smith, 2016; Schulz & Bonawitz, 2007).
Empirical evidence demonstrating learning value as an organizing principle of attention re-
quires other factors that predict attention to be controlled—like contrast, hue saturation,
motion, and other sources of visual salience—factors that can be superficial cues unrelated
to a material’s information value. However, in real-world environments these features are
not controlled for and may therefore influence attention in ways that are not supportive of
learning. In this dissertation I investigate how visually salient features guide attention and
how attentional capture due to visual salience impacts learning.

1.1 What guides attention?

There are two important features that guide attention that I will focus on in this dissertation:
information value and visual salience. This dissertation will focus on these two features in the
applied context of learning from digital materials, where these features are often manipulated
to maximize engagement and reach.

Information value

Information value for learning guides attention. Information-seeking behavior is guided by
material that is expected to reduce the gap between what is known and what is unknown,
relative to an individual’s current set of mental representations (Berlyne, 1954, 1960; Dem-
ber & Earl, 1957; Hunter & Ames, 1988; Kidd et al., 2012, 2014). People look at things that
are useful for learning, as demonstrated by decades of research on infant attention, but also
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Maria Montessori’s concept of “readiness” or Vygotsky’s “zone of proximal development”
(Montessori, 1917; Vygotsky, 1978). Infants, young children, and primates allocate their
visual attention in ways that are expected to support learning and curiosity-driven explo-
ration (Cubit et al., 2021; Kidd et al., 2012, 2014; Poli et al., 2020; Twomey & Westermann,
2018; S. Wu et al., 2022). This work demonstrates that individuals allocate their attention
in ways that are expected to adaptively regulate information-gathering to support learning
when other features are controlled for. Visual attention can reasonably be expected to re-
flect learning value in these cases. Chapter 6 investigates information value as a general
organizing principle of attention by testing a more distantly related mammal, dogs. We find
evidence that information value does not guide attention uniformly across mammals.

Visual salience

Attention also selects perceptually salient visual material such as motion onset, high visual
contrast, and hue saturation (Aslin, 2007; Cohen, 1972; Haith, 1980; Salapatek & Kessen,
1966). Empirical evidence demonstrating learning value as an organizing principle of at-
tention requires these factors to be controlled. Visually salient features—like contrast, hue
saturation, and motion—can be superficial cues unrelated to a material’s information value.
Disengagement with material may become harder in environments that are especially vi-
sually salient, potentially creating competition between low-level attentional capture and
learning-optimal disengagement with content. Here, we investigate the impact of increasing
attentional capture due to visual salience on subsequent learning.

1.2 Attention in digital contexts

Herbert Simon observed that an abundance of information creates a scarcity of attention
(Simon et al., 1971). Simon’s theory of the attention economy is salient in current digital
environments. The limited capacity of human information processing drives our modern
attention economy: a virtually endless amount of information is available in digital environ-
ments and must compete for limited attention.

The scarcity of attention available to consume the abundance of digital content has be-
come an economic problem. The competition for attention is driven by ad revenue and
influence, where content that captures the most attention is rewarded (Hayes, 2025; T. Wu,
2016). Algorithms on popular platforms rely on engagement metrics to sort or otherwise
suggest content for users (Lewandowsky et al., 2023). The highest-grossing content is there-
fore often the content with the highest engagement. Disengagement—or shifting attention
away—on these platforms is therefore an obstacle to ad revenue and influence.

Kids and the attention economy The competition for attention in digital environ-
ments shapes not only the distribution but also the creation of content. The emphasis on
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most-watched content encourages the creation of content aimed at attaining high visual en-
gagement. This is especially true for the largest children’s media platforms, like YouTube
Kids, Roblox, and Twitch. Creators of popular children’s media frequently use engagement
metrics to guide content production, specifically minimizing moments when children shift
attention away (Segal, 2022). To this end, digital content increasingly leverages low-level
perceptual features known to capture and sustain visual attention (Goodrich et al., 2009;
Lewandowsky et al., 2023; Segal, 2022; T. Wu, 2016). However, disengagement may be an
important signal for learning, and attempts to minimize it may undermine learning, espe-
cially in young children.

1.3 Overstimulation & visual salience

Promoting content expected to minimize disengagement may foster patterns of attention
that are not just detrimental to learning but harmful to cognitive development. Higher vi-
sual salience is theorized to disrupt learning due to overstimulation (Christakis et al., 2018;
Essex et al., 2022; Loschky et al., 2020; Shepherd & Kidd, 2024). Fast-paced and fantas-
tical children’s content is known to reduce executive function in children immediately after
viewing, likely because the high visual salience of this type of material disrupts processing
(Anderson et al., 1977; Essex et al., 2022; Geist & Gibson, 2000; Lillard, Li, & Boguszewski,
2015; Lillard & Peterson, 2011). Young children’s still-developing executive function makes
them more at risk for worse cognitive and behavioral outcomes associated with this content.
Early exposure to television viewing is associated with disordered attention, hyperactivity,
reduced executive function, and language delays (Kostyrka-Allchorne, Cooper, Gossmann,
et al., 2017; Lissak, 2018; Madigan et al., 2019). Due to the nature of this work, evidence on
overstimulation is largely observational and relies on general screen time measures to draw
conclusions. Intervention studies with mice demonstrate that excessive exposure to highly
salient audio-visual content during development can lead to disordered attention, cognitive
deficits, and behavioral changes (Christakis et al., 2012). One proposed mechanism for these
outcomes is that fast-paced, visually salient content captures exogenous attention, which
biases bottom-up processing, overloads executive function, and ultimately disrupts goal-
directed learning and attention (e.g., Christakis et al., 2018; Loschky et al., 2020). Here,
we investigate the conflict created between exogenous and endogenous attention present in
current digital environments and its impact on processing. Chapters 2 and 5 demonstrate
that attentional capture due to visual salience can disrupt learning in young children and
young adults, likely due to overstimulation.

1.4 Learning with limited attention in a digital world

In this dissertation, I investigate how features of the environment impact the relationship
between attention and learning. I use digital environments as a test case for how increased
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visual salience may disrupt learning, despite capturing more attention. Chapter 2 demon-
strates that attentional capture due to visual salience can disrupt learning in young children,
despite capturing more attention. This work is followed up with an adult study in Chapter
5, where we provide evidence for an adaptive account of attentional bandwidth in which
perceptual salience is not objective but rather is sensitive to an individual’s optimal range
of stimulation for learning. I employ behavioral eye tracking with young children and adults
to investigate attentional signatures of overstimulation in digital contexts. Eye tracking
findings are presented in concert with survey data on participants’ media habits and pref-
erences, as well as behavioral responses while viewing material, like fidgeting. Chapter 3
presents the lack of fidgeting as a possible behavioral indicator of overstimulation in young
children, contrasted with the strong expectations adults hold that the absence of fidgeting
signals learning. Chapter 4 presents an applied computer vision analysis of children’s media,
demonstrating that poor children are disproportionately exposed to visually salient digital
content expected to be overstimulating and therefore most at risk for the harms this content
could cause. Finally, Chapter 6 focuses on information value as an organizing principle of
attention. We demonstrate that information value does not uniformly guide attention across
all mammals through an eye-tracking study with dogs. This work is foundational for think-
ing more broadly about how different attention systems may differentially prioritize features
to solve the problem of information overload.

Together, this work provides a nuanced picture of how the shift to digital information
environments is shaping attention and learning across development, with implications for
education, policy, and technology design. This dissertation draws on a long history of at-
tention research with young children to investigate these concepts in digital environments.
Changes to how information is consumed reflect the need for a new understanding of how
human cognitive capacities interact with and are shaped by the environment. This work is
essential because many modern information environments are designed to leverage findings
from psychology to maximize engagement, often with little regard for learning. This work
represents the first account of how attention in digital contexts may be shifting with indi-
viduals’ media preferences and experiences, possibly leading to distinct attentional profiles.
We take an applied approach, grounded in developmental psychology, to investigate learning
and attention in digital environments.
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Chapter 2

Visual engagement is not synonymous
with learning in young children

2.1 Introduction

Equating sustained visual attention with learning is a popular trend among creators of chil-
dren’s media content. However, decades of research has demonstrated that learning value is
not the sole driver of attention—or even the primary one (Haith, 1980). Attention may be
guided by informational utility or highly salient perceptual features (Berlyne, 1954). Despite
this literature, visual attention in popular media settings is often assumed to result from the
material’s learning value. For example, visual engagement is used in testing children’s enter-
tainment materials for suitability in promoting language development and literacy (Albahiri
& Alhaj, 2020; Anggraini et al., 2022; Toleuzhan et al., 2022).

The trend of children’s edutainment content creators conflating high visual engagement
with high learning value is not new (Ryan, 2014); however, the impact and reach of the
conflation have increased substantially due to recent changes in the quantity, availability,
and financial incentives driving the creation of content for young children (Neumann &
Herodotou, 2020).

Understanding the distinction between visual engagement and learning is pressing be-
cause more young people are watching this content more frequently for longer durations.
This content is more readily available around the world via smartphones, and it’s pushed
harder by marketing tactics due to increased financial incentives in the new attention econ-
omy. Here, we apply classic methods from developmental psychology to test the relationship
between visual engagement and learning in young children. We find no evidence of increased
attentional engagement leading to greater learning in 3- to 6-year-old children, and in fact
that higher rates of visual engagement for visually complex displays lead to less learning
in participants. We draw insights and inspiration from relevant developmental psychology,
connect it to recent changes in why and how content is created for children, and then present
empirical evidence from a novel eye-tracking study we designed that suggests how the con-
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flation of attentional engagement and learning in children is flawed.

The psychology behind children’s attention

Attention is necessary for learning, and previous work demonstrates that it can reflect a
readiness to learn (e.g., Maria Montessori’s concept of “readiness” or Vygotsky’s “zone of
proximal development”, (Montessori, 1917; Vygotsky, 1978)). Supporting empirical evidence
demontrates children and non-human primates selectively attend to events of intermediate
surprisal, which are theorized to hold greater informational utility (Cubit et al., 2021; Kidd
et al., 2012, 2014; Oudeyer & Smith, 2016; S. Wu et al., 2022).

At the same time, attention does not only reflect learning value. Attention also selects
perceptually salient visual material such as motion onset, high visual contrast, and hue
saturation (Aslin, 2007; Cohen, 1972; Haith, 1980; Salapatek & Kessen, 1966).

While it’s possible that attentional selection due to perceptual salience could lead to
greater learning gains in young children—as edutainment producers commonly suggest—
this has remained an untested claim. We investigate here.

Attention in economic context

The widespread adoption of the internet as a primary source of information, communication,
and entertainment has monetized attention. In the modern economy, attention is valuable.
By its very definition, attention is a finite resource. The intrinsic limits of our information
processing abilities drive the attention economy: as the world becomes increasingly infor-
mation rich, it must necessarily become attention poor (Simon et al., 1971). This dynamic
creates competition for engagement in many information-rich but attention-scarce environ-
ments, and is evident on many popular streaming platforms.

The competition for attention is also driven by substantial financial incentives. In the
US alone, digital video ad spending grew by 21% to 47.1B in 2022 (IAB, 2023). Not only
is digital media advertising revenue growing rapidly, approximately half of digital video ad
purchasers are quantifying viewers’ visual engagement with biometric measures of attention,
such as eye-tracking, demonstrating the value placed on consumer attention (IAB, 2023).
The emphasis on most-watched content encourages a practice of creating content aimed at
attaining high visual engagement. In line with this significant growth in online advertising
revenue, many popular platforms employ recommending algorithms that prioritize content
expected to maximize sustained visual attention (Lewandowsky et al., 2023; T. Wu, 2016).
This includes many popular children’s media platforms, like YouTube Kids, Roblox, and
Twitch. The content itself, beyond the advertising within the platforms, also emphasizes
attention as an important gauge of success. Creators of children’s media frequently use
engagement metrics to guide content production. For example, CoComelon Nursery Rhymes
is the most popular children’s YouTube channel, with over 167 billion views as of August
2023, and is known to test how effectively their content visually engages children as young as
two years old when placed near another screen showing naturalistic scenes (Segal, 2022). This
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practice is not necessarily unique to the streaming era; a review of children’s DVDs noted
the high concentration of low-level perceptual features being used in educational children’s
content nearly 15 years ago (Goodrich et al., 2009).

2.2 Methods

Participants

Fifty-five 3- to 6-year-old children completed the study across two locations. Twenty-five
participants volunteered at a local science museum near the UC Berkeley campus and thirty
participated in a developmental lab space on campus. Four additional participants were
excluded for parents not complying with experimenter instructions, and a further three
additional participants were excluded due to technical issues. Testing location had no sig-
nificant impact on results. All participants were compensated for their time either with $10
or a small prize.

Stimuli

Six novel objects (toys) were pseudo-randomly paired with novel words. The novel objects
were small figurines of colorful monsters (see Figure 3.1). All toys were photographed in
the same lighting conditions and backgrounds were removed. These photos of the toys were
used for the screen-based portion of the task. Six familiar objects were selected from the
MacArthur-Bates Communicative Development Inventory of earliest learned words (Dale &
Fenson, 1996). The familiar objects were only used in the screen-based portion of the task,
so simple, recognizable illustrations of these objects were selected.

Videos were used in the complex condition only. Videos were selected to be of colorful,
age-appropriate naturalistic scenes with varied movement that did not include a clear singular
subject. All audio was removed from videos.

Procedure

Participants were seated on their parents lap for the duration of the experiment. Excep-
tions were made for children who requested to sit on a booster seat or when parents were
unable to hold the child on their lap. In these cases, parents sat behind their child or in the
waiting room if requested by the child. To avoid parents influencing their child’s behavior,
all parents wore blindfolds or closed their eyes and listened to music through headphones
while children participated in the study. In cases where parents closed their eyes experi-
menters confirmed that they complied throughout the study. Visual stimuli were presented
on a monitor connected to a Gazepoint GP3 eye-tracker approximately 60cm away from the
participant. The stimuli were presented from a Windows laptop using Psychopy software
(Peirce et al., 2019). The eye-tracker was calibrated using a nine-point display of a shrink-
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Figure 2.1: The learning trials in the simple condition presented the toys on a static gray
background. The learning trials in the complex condition presented the toys in front of
colorful videos of naturalistic scenes. Audio of child-directed speech labeled the toys with
their novel names and was the same in both conditions.

ing dot that the participant fixated as it moved around the screen. An identical five-point
validation sequence followed, allowing the experimenter to verify the calibration had been
successful. If necessary, the experimenter repeated the calibration to achieve a satisfactory
validation.

Learning Trials

The experiment consisted of both a screen-based eye tracking portion and a short test using
the novel objects on the table in front of the participant. The screen-based portion consisted
of both a learning and a test phase. The learning phase consisted of 12 trials during which
the novel objects were presented with their corresponding novel word pairings. For each trial
the novel object was presented with two carrier phrases “Do you see the X?” and “What
a nice X!”. Each novel object was presented twice in a random order during the learning
trials.

Test Trials

After the learning trials the experimenter introduced the test trials as a game with toys that
participants “might know the names of”. The first set of test trials were the screen-based
implicit test trails. Each implicit test trial presented two objects, a target and a distractor,
on screen with an auditory prompt “Can you find the X?”. The first 12 test trials asked
participants to find a named novel object. Test trials 13-24 asked participants to find the
known objects using the same format. These known-object test trials were included to check
that participants were completing the task as expected. The known-object trials always
occurred after the novel-object test trials. All test trials were pseudo-randomized with each
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Figure 2.2: We asked participants to identify names of novel toys. Participants learned
these novel word-object associations via screens. We tested their learning via screen and
with physical objects.

object used twice as the target and twice as the distractor. Each trial displayed a unique
pairing. Participant’s test trial was deemed correct if their looking time to the correct object
was greater during a two-second window following a 200ms delay from the time of the target
word onset to account for any saccade latency. This window of analysis and criteria were
the same for both novel-and known-object implicit test trials.

The final portion of the experiment consisted of explicit test trials. Children were asked
to identify physical versions of the novel objects, providing an explicit measure of their
learning. Physical stimuli were kept out of view from the participant until the screen-based
eye-tracking portion of the study was completed. The experimenter then presented all six
novel objects on the table and asked the participant to hand them each toy by name, one at
a time. Between trials the experimenter replaced the selected toy and shuffled all six toys
to prevent participants from selecting toys in serial order, and to make it more difficult to
track which toys had already been selected. Experimenters told participants it was okay to
guess if they were not sure of their answer and gave no feedback between physical trials.
Participant responses were recorded on video for later coding.
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Conditions

Participants were randomly assigned to either the simple or complex condition. In the
complex condition, a unique video played in the background of each learning trial. Videos
did not repeat such that participants should not associate a particular referent in a video
with a novel word label. Each participant in the complex condition saw 12 videos in a
different random order across all 12 learning trials. Stimuli in the simple condition were
presented on a static gray background. Test trials and physical object trials were the same
for both conditions.

Eye-tracking data processing

Eye tracking data was excluded from all trials with greater than 90% trackloss. After remov-
ing these trials with extreme trackloss, we averaged each participant’s looking time across
their validly tracked trials to calculate their average looking time for the entire screen and
areas of interest. This allowed us to compare a participant’s looking behavior in the learning
trials to their performance on the test trials. We further excluded participants who were
missing data from either all learning trials or all test trials. This resulted in excluding a
further 4 trials. After processing the data in this manner, we were left with complete obser-
vations from 49 participants. 26 in the simple condition with a mean age of 4.955, and 23
in the complex condition with mean age 4.996.

Behavioral analysis: fidget ratings

We investigated a behavioral signal often associated with learning and engagement, fidget-
ing. Participant videos were viewed and rated for fidgeting behavior by two coders naive
to condition. Fidgeting during the learning trials was rated on a scale from 1 to 5, with 1
indicating minimal movements throughout and 5 indicating frequent or pronounced move-
ments (e.g., shifting, wiggling, large body movements). Ratings were given to all participant
videos, Five participants were excluded due to missing or incomplete videos, resulting in a
final sample of 43 for the fidgeting analysis.

2.3 Results

Increased visual engagement in complex condition

Participants looked to the screen during learning trials significantly longer in the complex
condition (Figure 2.3). This result was expected as the complex condition was designed to
increase visual engagement through the use of low-level attentional attractors. On average,
participants looked to the learning trials 87.41% of the time in the complex condition, com-
pared to 81.04% in the simple condition. This difference was confirmed to be significant by
a Wilcoxon rank sum exact test (W = 463, p <0.001)



CHAPTER 2. VISUAL ENGAGEMENT IS NOT SYNONYMOUS WITH LEARNING
IN YOUNG CHILDREN 11

Figure 2.3: Participants attended to the screen more in the complex condition, where in-
creased low-level perceptual features were present during learning trials.

Visual salience did not predict learning outcomes

As we expected, learning was not improved by increased visual engagement. Overall, par-
ticipants demonstrated that they learned the names of the toys above chance in both the
explicit and implicit test trials (see Figure 2.4). There was no significant difference in learn-
ing between conditions on either implicit or explicit word learning. On average, participants
in the simple condition correctly identified the correct toy on 53% of explicit trials, compared
to 47% in the complex condition. This difference was not significant in a Wilcoxon rank sum
exact test (W = 260.5, p = 0.44). Implicit learning was nearly identical across conditions.
Participants looked to the correctly named item in 72.39% of trials in the simple condition
and 71.64% of implicit trials in the complex condition.
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Figure 2.4: Participants learned the toy names similarly in both conditions, despite increased
attention to the learning trials in the complex condition.

Increased visual engagement predicted worse learning when
distractors were present

A linear regression controlling for age revealed that the interaction between a participant’s
looking time to the screen during learning trials and the condition they were in was a
significant predictor of their performance on explicit learning trials (β = 1.823, p = 0.0017).
For participants in the complex condition, increased looking to the screen during learning
trials predicted worse outcomes on the explicit trials. In the simple condition looking time to
the learning trials was associated with better explicit learning scores. The difference in this
interaction between conditions is shown in Figure 2.5. This interaction was not observed in
the implicit learning trials. The implicit learning trials were forced choice, and participants
were largely successful in identifying the correct labeled toy.

Increased focus to target object did not explain learning trends

We found no evidence that participants who had better focus to the target object during
the learning trials learned more word-object associations. Both overall looking time to the
target and looking to the target as a proportion of all looking to the screen did not predict
explicit or implicit learning in either condition.
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Figure 2.5: Increased visual attention during learning trials in the complex condition was
associated with worse learning in the explicit trials. Participants who engaged the most
learned the fewest toy names compared to less-attentive participants in the same condition.

Increased fidgeting in simple condition

Inter-coder reliability for fidget ratings was high, with Cohen’s kappa (k = 0.84) indicating
strong agreement between the coders. Participants fidgeted more in the simple condition
(M = 3.70, SD = 1.27) than in the complex condition (M = 2.85, SD = 1.38) (see Figure
2.6). A two-sample t-test confirmed this difference to be statistically significant (t(41) =
-2.31, p = 0.03, Cohen’s d = -0.71). Fidgeting did not predict learning in either condition
(see Figure 2.7). Children who were more physically engaged during learning did not learn
more word-object pairings. These findings challenge the assumption that physical stillness
reflects meaningful engagement; despite being instructed to sit still, lower fidgeting was not
associated with greater learning.
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Figure 2.6: Participants fidgeted more during learning trials in the simple condition.

Figure 2.7: Fidgeting did not predict learning in either condition.
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2.4 Discussion

We found that increasing children’s visual attention through heightened salient, low-level
perceptual attentional attractors resulted in worse learning outcomes on a word learning
task. In fact, these low-level cues elicited greater attention while hindering word learning for
some children within the same condition. These highly engaged children may have learned
something about the backgrounds that is not captured in our learning measures. However,
their poor performance on a relatively simple and clearly defined learning task is still notable
considering less-attentive children in the same condition performed better on the task. If
anything, highly engaged children should have learned the names of the toys as well as
something about the background videos. While we cannot speak to what they may have
learned about the ambient background scenes, their increased attention did not benefit them
on the word learning task and demonstrates the risk of highly engaging content that creates
competition for learning, especially when this content aims to be educational. Although
highly engaged children may be learning less or learning at a slower rate, they appear more
willing to watch the content that is more likely to disrupt their learning for longer. Whether
longer viewing sessions would offset learning disruptions for these highly engaged children
would be an interesting future direction.

Children watching the visually complex stimuli fidgeted significantly less than children in
the visually simple condition. However, despite higher rates of physical and visual engage-
ment, these children did not learn more word-object pairings. Crucially, sustained visual
attention predicted learning deficits in the visually complex condition. Across both condi-
tions, fidgeting did not significantly predict learning. This suggests that children may be
adaptively self-regulating, fidgeting more when watching understimulating simple content
and less when watching highly stimulating content. Decreased fidgeting in the complex con-
dition may indicate overstimulation, making children appear highly focused while actually
impairing their ability to disengage. These results further support the theory that attention
captured through low-level salience may overstimulate children, overloading their executive
function and ultimately disrupting processing. This pattern of fidgeting behavior suggests
that children’s ability to disengage is further shaped by the visual salience of stimuli.

The high-stakes competition to capture and sustain children’s attention in online envi-
ronments is driving the production of highly visually engaging content that may undermine
well-intentioned educational messages. Using highly salient perceptual features to captivate
young viewers not only interferes with their potential learning but may also increase the
risk for adverse cognitive and behavioral outcomes. Our findings align with theories of over-
stimulation that link the adverse effects of screen time to the excessively salient audiovisual
properties common in highly engaging children’s content.

The potential harms of screen-time during early childhood are well documented, with
known associations between excessive early screen use, developmental delays, and worse
academic performance (Madigan et al., 2019). Specifically, children’s screen use has been tied
to disordered attention, impaired vision, sleep disruption, and poor mental health outcomes
(Lissak, 2018). However, the research on children’s screen usage and its potential harms is
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largely observational, making it difficult to determine the causal structure of this relationship
despite the well-established associations. One theory suggests that overstimulating audio-
visual content, like screen-based media, may be responsible for the negative cognitive and
behavioral outcomes associated with children’s screen time (Christakis et al., 2018). This
theory began in part with observations of a relationship between fast-paced television content
and disordered attention in young children (Anderson et al., 1977; Geist & Gibson, 2000).
Further observational evidence has shown that fast-paced and fantastical children’s television
reduces young children’s executive functioning for at least a short time after exposure (Essex
et al., 2022; Lillard & Peterson, 2011). The theory that developing brains are susceptible
to potential negative effects of overstimulation is also supported by animal models: mice
exposed to heightened audio-visual stimulation early in life display both behavioral and
cognitive deficits (Christakis et al., 2012; Christakis et al., 2018).

Our findings support this theory of overstimulation. Within the complex condition alone,
maximized attention may be a sign of overstimulation, explaining the poor learning outcomes
for children that barely looked away from the screen. These findings suggest that overstim-
ulating children’s media that maximizes visual engagement through low-level salient visual
features can be detrimental to children’s learning and development. It’s important to con-
sider that while our experimental design consisted of colorful, engaging videos, they were
all of naturalistic scenes which we expect to be less stimulating than much of the content
young children are engaging with on popular media platforms. This suggests that the po-
tential negative impact of highly stimulating children’s content may be even more severe in
common online environments.

This study cannot directly speak to the level at which the presence of distractors would
detract from learning. However, this experimental design provided participants with a better
chance to learn simple associations than most children’s content that is designed to be highly
engaging. There was no interfering audio, and all background distractor videos were of
ambient scenes that did not repeat with a corresponding toy to avoid confusion about which
object was being labeled. Moreover, children in both conditions performed at the same
level, further demonstrating that visual engagement, not the presence of distractors, was the
moderating factor in the relationship between condition and explicit learning outcomes.

Recommendations for children’s screen time remain general and often unclear to parents,
in part due to the lack of evidence demonstrating a causal link between screen time and
its potential detrimental effects. In the streaming era, where anyone can easily create and
upload a video to YouTube or TikTok, placing the burden on caretakers to assess the quality
of the media their children consume is overwhelming. Highly stimulating children’s content
poses a serious risk to the learning and development of young children that can be hard for
adult caretakers to uncover because it encourages sustained visual engagement, which may
appear as learning or enjoyment from the viewer.

Children’s content, especially that which claims to be educational, needs to be created
with the potential detrimental impacts of overstimulation in mind. We should require more
careful and rigorous evaluation of children’s media. In the absence of formal guidelines,
caregivers should be cautious of media that may be highly engaging and perceptually salient.
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Chapter 3

Adults equate stillness with learning

3.1 Introduction

Learning is notoriously hard to infer from behavior, despite decades of effort by develop-
mental psychologists trying to address this problem. Even formal measures of learning, like
tests, are imperfect and often impractical to gauge in-the-moment learning. Researchers and
educators have relied on proxies like sitting still or looking at learning materials to estimate
engagement or learning (Sinatra et al., 2015). However, empirical work demonstrates that
behavioral indicators of engagement are imperfect predictors for student performance (Li
et al., 2022). Inferring internal processes like attention and learning from behavior is a chal-
lenge for caregivers, educators, and psychologists seeking to better understand and support
kids’ learning.

Efforts to quantify learning and attention in real time often rely on physical movement and
gaze location (Godwin & Fisher, 2018; Parambil et al., 2022; Sanders et al., 2021). However,
these measures do not perfectly capture student performance and over-index on behaviors
weakly linked to learning outcomes (Aslin, 2007). Measures of student engagement, even in
formal, well-controlled educational contexts, remain a challenge (Henrie et al., 2015).

Physical and visual engagement can reflect myriad different underlying processes (Aslin,
2007). For example, visual engagement—meaning uninterrupted visual attention—does not
predict learning in young kids, and in some cases, greater visual engagement actually predicts
worse learning (Shepherd & Kidd, 2024). Similarly, greater fidgeting does in fact predict
better learning in kids with ADHD, likely because it increases arousal which facilitates
sustained attention for these kids (Hartanto et al., 2016; Son et al., 2024). Fidgeting also
supports creativity more broadly without impairing performance on traditional academic
tasks (Oppezzo et al., 2025).

Stillness might also be a difficult signal to interpret. Kids and teens are significantly more
still during sedentary screen-based activities like gaming than during non-screen sedentary
activities like drawing (Ekris et al., 2018). If we assume that stillness reliably signals atten-
tion and learning, then we would predict that kids playing video games would reliably be
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learning more than kids reading or drawing.
Here, we test whether adults perceive stillness as indicating greater focus and better

learning through a simple experiment that asks adults to estimate the learning of a child
in videos. Our videos use a confederate child imitating real videos of children engaged in
learning who are either still or fidgety for ecological validity with the benefit of allowing us
to control for the specific features of the child in the video by holding them constant. We
find that adults highly associate stillness with better attention and learning, even though
empirical evidence does not support this belief.

This finding has important implications for adult educators and caregivers who may act as
gatekeepers to learning opportunities for children. A child who is perceived as inattentive or
a poor learner because they are fidgeting may not be offered the same learning opportunities
as a still counterpart; likewise, a still child who may be overstimulated and thus learning less
may not have this obstacle to their learning noticed and addressed.

This project is part of a larger body of ongoing work investigating the relationship be-
tween engagement and learning, particularly in the context of learning from screen-based
media. This experiment represents the first in a line that aims to disentangle the complex
relationship between engagement and learning. The larger project aims to provide evidence
for educators and caregivers to better support children’s learning given the complicated
relationship between observable signals of engagement and learning outcomes.

3.2 Methods

Participants

Two-hundred adult U.S. participants fluent in English were recruited on Prolific to partici-
pate in a two-minute survey involving watching short videos and answering multiple choice
questions.

Stimuli

Participants watched two five-second videos of the same child: one in which the child sat
still while watching a video and one in which the child fidgeted while watching a video.
Participants were told that the child was watching a video but otherwise had no information
about what the child was watching or had been directed to do. Videos were reconstructions
of participants watching videos in a separate lab-based task. A child actor reenacted videos
that were selected of especially fidgety and still kids. Fidget movements were isolated to
hand movements and the child actor maintained visual attention on the screen throughout
in both conditions.



CHAPTER 3. ADULTS EQUATE STILLNESS WITH LEARNING 19

Figure 3.1: Example stimuli videos of a child confederate/actor sitting still (Video A) and
fidgeting (Video B) while watching a video. The child actor imitated videos of participants
who were watching videos themselves in past studies to increase the ecological validity of the
experiment. Study participants were asked to select which video showed greater attention,
learning, and focus. (See methods.)
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Procedure

Videos shown to participants were randomly selected from four fidgety and four still videos to
control for any specific fidget behaviors. Video order was counterbalanced. Participants were
required to watch both videos through before answering questions and then were allowed to
re-watch videos at any time while answering. After watching each video, participants were
asked five questions in random order and asked to answer by selecting either “Video A” or
“Video B”.

1. In which video do you think the child is paying the most attention to what they are
watching?

2. In which video do you think the child is most focused on what they are watching?

3. In which video do you think the child is learning more from what they are watching?

4. In which video do you think the child is fidgeting more?

5. In which video do you think the child is moving more?

Questions four and five served as a manipulation check to see if participants correctly
identified videos as fidgety and still. Seven participants did not accurately select the video
with more movement and were removed from analysis, leaving a final sample of N=193
(Mage= 41.8, SD = 12.2, range = 39- 79) .

3.3 Results

Participants think stillness indicates attention and focus

Participants selected the video of the still child as being more focused. 181 of 193 participants
selected the still video when asked which video they thought the child was more focused
on what they were watching. This was significantly above chance, confirmed by an exact
binomial test (95% CI = [0.89, 0.97], p ¡ .001).

Participants also selected the video of the child being still as more attentive. 178 out of
193 participants selected the still video when asked in which video the child was paying the
most attention to what they were watching. This was significantly above chance, confirmed
by an exact binomial test (95% CI = [0.88, 0.96], p ¡ .001).

Participants think stillness indicates learning

The child sitting still while watching a video was also selected as learning more from what
they were watching, 171 participants selected the still child out of 193. This was again
confirmed significant with an exact binomial test (95% CI = [0.83, 0.93], p ¡ .001).
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Figure 3.2: Participants rated sitting still as showing greater learning, attention, and focus.
Error bars represent SE. The dotted line represents chance. That each of these bars is signif-
icantly over at chance and approaching ceiling demonstrates that adults strongly associate
stillness with better learning, attention, and focus despite the lack of empirical evidence to
support this intuitive association.

3.4 Discussion

Our results demonstrate that adults strongly interpret a child’s physical stillness as indicating
that they are attending and learning better—though empirical evidence suggests otherwise.
This fact could have profound implications for inequities in learning opportunities offered
to children by their teachers and caretakers. Children who may be more inclined towards
movement due to natural variation in their sensory preferences or processing systems may
be overlooked for advanced learning opportunities and, likewise, children who are still from
overstimulation may have the impediment to their learning go unnoticed.

This is particularly relevant as informal screen-based learning is increasingly happening
on tablets, smart TVs, and other screens at home. Adults may be less likely to intervene
when they observe a still child and interpret stillness as high engagement and learning from
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screen-based media. This risks conflating signs of overstimulation with learning. Young kids
whose attentional control is not fully developed are especially susceptible to the visually
engaging features in popular kids media (Blakley et al., 2021). These low-level attentional
cues may therefore induce stillness by capturing attention through means entirely unrelated
to learning value. As demonstrated in Chapter 2, children fidgetmore while watching visually
salient material that is less conducive to learning. Stillness while watching visually salient
content may reflect a low-level orienting response, supporting the theory that perceptual
salience may bias bottom-up processing and overload executive function. We propose that
similar to visual engagement, physical engagement is often equated with learning but may
reflect overstimulation in some cases.

We highlight the strong belief that physical engagement indicates attention and learning
as a potential source of inequity in learning opportunities for kids with different sensory
needs. Kids who fidget more in classroom or childcare settings where sitting still is em-
phasized may lose out on learning opportunities if the adults present assume their fidgeting
indicates lack of focus and learning.

Our findings also have important implications for the study of learning and engagement.
Fidgeting supports learning and creative thinking. Although empirical results are still un-
clear, we suggest that the relationship between physical engagement and learning is highly
complex, likely depending on both the context and individual differences in need for arousal.
While the exact nature of the relationship between engagement and learning remains some-
what opaque, the belief that stillness equates to attention and learning is widely held.

Finally, these results have important implications in cognitive science and psychology,
where stillness of a child’s body or eyes are sometimes used as a proxy for useful attention
or learning (Aslin, 2007). This study is the first in a line of in-progress and planned research
that investigates the exact relationship between stillness and learning considering individual
differences in optimal arousal levels for learning, and we hope it will inspire other researchers
to reconsider assumptions that stillness means greater focus in future work.
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Chapter 4

Bright, shiny garbage: Video content
shown to low-income children is
characterized by higher flicker

4.1 Introduction

Interventions to bridge the gap in school performance between children from low- and high-
socioeconomic households have largely focused on increasing learning opportunities for low-
income kids (Camilli et al., 2010; Dietrichson et al., 2017; Gorey, 2001; Gormley et al., 2008;
Kim & Quinn, 2013). Interventions have inspired programs like Head Start and No Child
Left Behind that improve language, reading, and math outcomes by increasing the quantity
of learning opportunities for low-income children (Gormley et al., 2008; Gormley Jr. et al.,
2005; Kline & Walters, 2016; Weiland & Yoshikawa, 2013). These programs provide the
costly types of learning experiences that lower-income families lack the resources to provide
to their children without aid (Alexander & Entwisle, 1988; Crosnoe et al., 2010; Lareau,
2018; Magnuson et al., 2004).

Here, we analyze an overlooked source of inequity in learning opportunities for children,
which is those that occur in informal settings like video viewing on phones, tablets, laptops,
and smart TVs at home. Children in lower-income families have more screen time—more
than double in recent reports—than children from higher-income families (Christakis et al.,
2004; Hedderson et al., 2023; Rideout & Robb, 2020). We provide the first evidence from
a machine vision model to demonstrate that the quality of content served to low-income
children is an additional source of inequity. Our results show that low-income children are
more often served content that is visually engaging but known to be associated with learning
disruptions, disordered attention, and cognitive deficits.

Screen time recommendations may be unrealistically low for families who rely on screens
to manage caregiving demands (Hiniker et al., 2016). The American Academy of Pediatrics
advises no screen time for children under 2 years and one hour per day for children ages
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2 to 5 years, with an emphasis on co-viewing (COUNCIL ON COMMUNICATIONS AND
MEDIA et al., 2016). However, children under 2 years average more than one hour of screen
time per day (Rideout & Robb, 2020). Children are spending more time than recommended
on screens, often out of necessity to supplement caregiving, especially in low-income families.
What children watch also varies by household income; for example, half of 0- to 8-year-old
children from low-income families watch YouTube daily compared to just 29% of children
from high-income families (Rideout & Robb, 2020). We investigate how the quality of media
available to children in families of different income levels may be a further source of inequity.

We provide evidence that children’s media available to low-income families is higher in
visual salience, which likely disrupts learning and can lead to worse cognitive and behavioral
outcomes. Our findings also show that the prevalence of visual salience in children’s media
is increasing, suggesting that platforms that prioritize engagement metrics over educational
value are driving trends in children’s media consumption and production. Our findings
suggest that ad-supported media available to lower-income families relies more on low-level
“bright and shiny” features to capture children’s attention.

Our findings suggest that we could do more to protect vulnerable populations of kids’
learning opportunities beyond the existing high-cost, high-effort interventions. They suggest
that these populations could additionally benefit from programs and policies to protect chil-
dren’s access to high-quality entertainment and educational content. Common Sense Media
publishes detailed reports on children’s programming and the suitability of all mainstream
television shows and movies for viewing by children. If we better understood the relationship
between features like flicker and learning outcomes, and could easily extract these from me-
dia sources, published guides made available to parents, educators, and the public at large
could be used to guide lower-income children towards higher-quality content, which would in
turn put pressure on existing producers of the low-quality content to improve their products.

Visual salience disrupts learning

Understanding visual salience across digital media is crucial because it disrupts learning in
young children. Higher visual salience is theorized to disrupt learning by triggering over-
stimulation (Christakis et al., 2018; Shepherd & Kidd, 2024). Fast-paced and fantastical
children’s content reduces executive function immediately after viewing, likely because the
high visual salience of this type of material disrupts processing (Essex et al., 2022; Lillard,
Drell, et al., 2015). Preschool-aged children are more likely to experience disrupted learning
from these types of materials because their executive function is less developed than that
of older children (Best & Miller, 2010). This means young children are also more at risk of
worse cognitive and behavioral outcomes associated with overly salient content. Early ex-
posure to television viewing is associated with disordered attention, hyperactivity, reduced
executive function, and language delays (Kostyrka-Allchorne, Cooper, & Simpson, 2017).
Further, we know that excessive exposure to highly salient audio-visual content can lead to
disordered attention, cognitive deficits, and behavioral changes from intervention studies in
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animals (Christakis et al., 2012). This extensive literature underscores the importance of
examining how visual salience varies across different types of children’s media.

Quantifying media quality: visual salience

To evaluate the quality of media available to children of different socioeconomic back-
grounds, we analyzed flicker in ad-supported, paid, and publicly funded children’s media.
Ad-supported media is available at no cost to families, whereas paid media on streaming
platforms costs U.S. consumers an average of $54 per month (J.D.Power, 2022). We fo-
cus here on flicker as a measure of visual salience. Flicker captures changes in luminance
over time and is the strongest predictor of gaze location in leading models of visual salience
(Itti & Koch, 2001; Mital et al., 2011). Flicker is often conflated with editorial features,
like cuts and scene changes, and closely matches pacing measures that predict children’s
reduced executive function after TV viewing (Cooper et al., 2009; Essex et al., 2022; Irwin
et al., 2000; Kostyrka-Allchorne, Cooper, & Simpson, 2017; Kostyrka-Allchorne et al., 2019;
Lillard, Drell, et al., 2015).

If ad-supported media contains higher levels of flicker than paid content, these system-
atic differences in visual salience would disproportionately affect children from low-income
households who watch significantly more of this content (Rideout & Robb, 2020). This is
in part because ad-supported media is available at no cost to families. By analyzing flicker
in children’s media, we aim to determine whether differences in visual salience contribute to
socioeconomic disparity in the quality of learning material and opportunities.

4.2 Methods

Data collection

Videos were randomly selected from popular children’s media advertised for preschool-aged
children across three categories: ad-supported, paid, and publicly available educational me-
dia. Ad-supported media was sampled from the most popular children’s YouTube Kids
channels based on both views and subscribers, including Kids Diana Show, Cocomelon, and
El Reino Infantil, for example (Socialblade, 2024). Individual videos from YouTube Kids
were randomly sampled, relying on current views, video length, and date posted to maintain
a balanced sample that represents what many children are likely watching. Importantly,
videos from YouTube were recorded using a premium subscription so no ad breaks were
included. Paid media was selected from streaming platforms Disney+, Netflix, Hulu, and
Amazon Prime; however, the content may be offered by more than one streaming platform
at any given time. These paid TV episodes were selected at random from highly popular
children’s programs based on viewership data and colloquial reports of currently popular
children’s TV—including shows like Bluey, Paw Patrol, Cocomelon, and Peppa Pig (Dop-
eralski, 2024; LuminateData, 2024; Netflx, 2023). Where available, paid TV episodes were
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sampled from multiple different production years. Public educational media was selected
from the Public Broadcasting Service (PBS) online streaming platform, which is available
at no cost in the U.S.. PBS TV episodes were randomly sampled from the recommended
episodes available to local PBS viewers from popular shows like Arthur, Sesame Street,
and Alma’s Way (DIRECTV, 2025). None of the videos were viewed by the researcher
team prior to selection. Samples from all three sets include both animated and live-action
videos. All videos sampled are included in the final analyses. For the full list of media
included and available metadata see Appendix A. All data is available on the Open Sci-
ence Framework, including links to YouTube videos used in analysis. Anonymous link:
https://osf.io/yfbsj/overview?view only=5590fcb5a86f48c1b4040118db936664.

Data preparation and cleaning

All videos were screen-recorded on an Apple M2 Mac built-in 14-inch display at the highest
resolution available, up to 1080HD50p. After recording, introduction sequences (e.g., “theme
songs”) and end credits or advertised “subscribe now” sequences were removed. This was
done to ensure the comparison was on the content itself, which children may be expected
to learn from. Title slides were not removed. Each final recorded video was reviewed by
researchers to ensure there were no errors in the recordings. Finally, all videos were down-
sampled to 256×256 resolution for analysis. Final videos are matched on frame rate and
resolution.

Analysis

Videos were processed using OpenCV, an open-source computer vision library in Python
to get our final measure of mean flicker. Each frame of each video was changed to CIELab
color space to separate color from luminance. The absolute difference between the luminance
channels of adjacent frames was calculated and summed across all pixels in each frame.
Finally, luminance differences were averaged across all frames in the current video to calculate
mean flicker. After calculating mean flicker for each video, we weighted these means by video
length in frames for the analyses reported in our results.

For a video made up of a series of frames F1, F2, . . . , Fn, we calculate the mean flicker
across all frames. First, we convert each frame, Fi, to CIELab Color Space and extract the
L channel (luminance) as Li. Next, for each frame Li, we compute the absolute difference
between the current, Li, and previous, Li−1, luminance channels (if not the first frame). This
is done for all pixels in the frame:

∆Li = |Li − Li−1|

We then sum the absolute luminance differences across all pixels for the current frame:

TotalDiffi =
∑

∆Li
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Figure 4.1: Ad-supported children’s media had the highest average flicker compared to paid
or public media, making ad-supported media the most visually salient. Point transparency
reflects video weight (video length in frames). Error bars show standard error.

Finally, we calculate the total luminance difference across all frames and take the mean of
these differences to get our final measure Mean Flicker:

Mean Flicker =
1

n− 1

n∑
i=2

TotalDiffi

Where: n is the total number of frames and TotalDiffi is the total luminance difference
for frame i.

4.3 Results

Flicker is higher in ad-supported media

Mean weighted flicker is higher in videos from ad-supported platforms compared to both
paid and public platforms (see Figure 4.1). See Table 4.1 for mean flicker and mean flicker
weighted by video length in frames. A linear model controlling for year of publication with
weights for video length in frames confirmed that content type was a significant predictor of
mean flicker (adjusted R2 = 0.4326, p < .001). Compared to ad-supported videos, both paid
videos (β = −80, 62, p < .001) and PBS videos (β = −106, 341, p < .001) had significantly
less flicker when year of publication was stable.
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Flicker increases by year

Year of publication significantly predicted the level of flicker in videos of all content types
(β = 6, 234, p < .005). This increasing prevalence of high-flicker content suggests a shift in
children’s media consumption towards more visually salient and disruptive media (see Figure
4.2).

Paid media contains lower flicker than ad-supported media made
by the same producer

Our sample contained both ad-supported and paid versions of “Cocomelon” (available on
YouTube and Netflix, respectively). The sample of ad-supported Cocomelon content has
nearly four billion views in all (3,811,390,814 at time of writing), and the sample of paid
content represents 14% of all Cocomelon that is currently available on Netflix.

Ad-supported episodes of Cocomelon had higher weighted mean flicker (wM = 237971.9, wSD =
9411.574) compared to paid episodes (wM = 154371.1, wSD = 21025.447). A one-way
ANOVA weighted by video length in frames confirmed that the difference between Ad-
supported and paid Cocomelon was statistically significant (p < .001). This finding under-
scores that content offered to lower-income viewers is more likely to disrupt learning, even
when offered by the same content producer.

4.4 Discussion

We found that flicker, a measure of visual salience, is significantly higher in free, ad-supported
children’s media compared to paid and educational public programming. Our findings sug-
gest that children from lower-income households are disproportionately exposed to more
visually salient media. Children in low-income households watch more YouTube and less
paid streaming media than children in high-income households, and watch more than twice

Table 4.1: Summary of flicker statistics by content type.
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Figure 4.2: Average flicker was higher for more recent content. Point size reflects video
weight (video length in frames).

the amount of screen time overall (Rideout & Robb, 2020). This places low-income children
at greater risk for negative outcomes linked to highly salient media.

This is concerning because highly salient visual content disrupts young children’s learning,
likely by placing greater demand on their cognitive resources (Christakis et al., 2018; Essex
et al., 2022; Lillard, Drell, et al., 2015; Shepherd & Kidd, 2024). This type of content is
also linked to disordered attention, developmental delays, and adverse long-term impacts
on cognitive and behavioral development, all of which are all linked to the overstimulating
properties of high visual salience (Christakis et al., 2012; Kostyrka-Allchorne, Cooper, &
Simpson, 2017; A. Lang et al., 1999). Excessive exposure to highly salient visual content
should be a concern not just as a disparity in learning opportunities, but also because of the
potential harm it poses to cognitive development. Based on our results, we expect that kids
from lower-income families will experience greater disruptions to their learning from these
materials, and are at greater risk for adverse cognitive and behavioral outcomes.
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Figure 4.3: Ad-supported content made by the same media producer was more visually
salient than their paid content.

Implications for education

Children will likely habituate to the level of visual salience in the media they regularly
consume. Exposure to content that is more visually salient, like the ad-supported media dis-
cussed here, may make it more difficult to engage with educational material. We found that
content designed to be educational, produced for PBS in this instance, is less visually salient
compared to ad-supported content, which is not necessarily designed to be educational or
developmentally appropriate. This suggests that material designed to support learning con-
tains fewer salient features. Additionally, we found that the prevalence of flicker is increasing
over time. This trend highlights a challenge for the development of educational material,
which takes longer to develop and is updated less frequently, making it difficult to keep up
with rapidly changing media environments on platforms like YouTube. This disparity in pace
of media production is increasing with the use of artificial intelligence to generate children’s
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YouTube content automatically.

Supporting family decision making

Caregivers consistently report that screen-time is valuable for their child’s learning. Over
70% of parents of children aged zero- to eight-years-old report learning as a key reason for
allowing screen time (Rideout & Robb, 2020). However, highly salient media is designed
to capture children’s sustained visual attention, making it difficult for caregivers and ed-
ucators to tell whether a child is meaningfully engaged or overstimulated. This creates a
risk that children appear to be learning when they are actually overstimulated. By quanti-
fying features like flicker, which are linked to disruptions in learning and adverse cognitive
and behavioral outcomes, we can develop tools to empower families to make more informed
decisions about their child’s media consumption in an increasingly complex media landscape.

4.5 Conclusion

We demonstrate that platform design can perpetuate disparities in the quality of media
available to children from different socioeconomic backgrounds. We find that ad-supported
media, watched more by low-income children, contains more flicker—a key feature of visual
salience. This finding suggests that low-income children are disproportionately exposed to
the harms associated with highly salient media. This work highlights the need for regulation
that ensures equitable access to high quality media.
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Chapter 5

The Brain Rot Effect: The case for
adaptive attentional bandwidth

5.1 Introduction

Trends in digital media favor fast paced, visually stimulating features to capture attention
(Cutting, 2016; Simon et al., 1971). The emergent attention economy has given rise to
extreme formats like ”brain rot”, where two unrelated videos are presented simultaneously.
Although brain rot content might sound as though it should introduce distraction into learn-
ing, its popularity might suggest otherwise. We use brain rot to test whether attention adapts
to increased perceptual load.

Features of brain rot are viewed as harmful

Both popular discourse and academic research link short-form and high-stimulation media
trends to shorter attention spans, digital addiction, diminished critical thinking, and atten-
tional disorders (Christakis et al., 2018; Hayes, 2025; Lissak, 2018; Nguyen et al., 2025; Ward
et al., 2017; T. Wu, 2016). Leading theories suggest the heightened audiovisual stimulation
disrupts processing and learning (Christakis et al., 2012; Lillard & Peterson, 2011; Nguyen
et al., 2025; Shepherd & Kidd, 2024).

Then why is brain rot popular?

Brain rot was the Oxford Word of the Year in 2024, and refers to simultaneous video streams
designed to capture and hold attention on social media platforms like Instagram and TikTok
(Heaton, 2024). Brain rot can also refer to the assumed cognitive decline due to overcon-
sumption of this type of content(Yousef et al., 2025). Here, we operationalize brain rot as
two videos presented simultaneously via split screen, with a primary video alongside a second
visually engaging but irrelevant video.
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The recent appearance of study tools that convert students’ notes into brain rot sug-
gests that at least some people believe this content facilitates learning (Upton-Clark, 2024).
Individuals who need greater stimulation for optimal learning could theoretically improve
processing for these individuals, in line with some work on learning from accelerated play-
back speeds (Chen et al., 2024; D. Lang et al., 2020; Tharumalingam et al., 2025). We test
the idea that brain rot may not uniformly impair processing and downstream learning for
all learners, and could instead provide greater stimulation for learners who need more, thus
facilitating their learning.

Distinct sources of cognitive load

Human attention is limited; thus, the system must allocate resources to support effective
perception, processing, and learning with respect to resource limitations. Cognitive load
refers to the demands that a task places on these limited resources. The specific features
of a task impact cognitive load. Perceptual complexity–like a busy visual scene–increases
the need to focus on task-relevant information and ignore task-irrelevant distractors. On the
other hand, executive control requires resources to stay on task and hold relevant information
in working memory, among other executive functions(Kahneman, 1973; Reese et al., 2016;
Sweller et al., 1998). Current models of processing distinguish between perceptual load and
executive load.

The load theory of attention provides a framework that accounts for the distinct effects
of perceptual and executive load on task performance (Lavie et al., 2004). Task performance
may improve under higher perceptual load, counter to traditional accounts of cognitive load.
These findings are explained by a two-stage account. Under high perceptual load, an early
perceptual mechanism filters out distractors before they are processed. Under low perceptual
load, distractors are processed and must be suppressed by a late-stage executive control
mechanism. As a result, high perceptual load reduces distractor interference, while high
executive control load increases interference, a pattern widely supported by both theoretical
and empirical work (Lavie, 2005, 2010).

These differential effects demonstrate that processing is not only sensitive to the degree of
cognitive load, but also to the source of load. In this view, people may seek higher perceptual
load (like brain rot) to maintain a balance between perceptual and executive load. Variation
in preferences for highly stimulating media, as well as mixed findings in the playback-speed
literature, may be explained by variation in this optimal range of stimulation.

Brain rot as an adaptive attentional strategy

Here, we investigate brain rot as a potential case study of how attentional capacity may
be adaptive rather than fixed. Individuals may vary in the range of perceptual stimulation
that optimally supports engagement and processing. Too much overstimulates and impairs
processing, resulting in reduced performance, while too little under-stimulates and requires
greater executive effort, also reducing performance. If true, this would predict that high
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perceptual load would not uniformly impair learning. Rather, the impact would depend on
an individual’s optimal range of stimulation.

Here, we test this account by manipulating perceptual load with brain rot stimuli during
a learning task. We find that the same material disrupts processing for some participants
while improving processing for others, and that the effect is predicted by their preference for
brain rot. Eye-tracking data further supports our adaptive attentional bandwidth framework
by differentiating perceptual and executive load.

5.2 Methods

Participants

We recruited seventy-five undergraduate students (Mage = 20.8, SD = 2.7, range = 18-35)
from a university subject pool. We excluded fourteen additional participants due to technical
issues (n = 9), excessive environmental noise (n = 4), or experimenter error (n = 1). We
compensated participants with course credit and a $5 bonus.

Stimuli

Primary stimuli were two excerpts of educational physics videos lasting 2 minutes and 15
seconds.1 The physics videos were presented on the bottom half of a split-screen visual
display (see Figure 5.1). The top half consisted of either a static gray background or an
unrelated, visually engaging gameplay video2, according to a counterbalanced, within-subject
trial condition (control vs. brain rot). We paired each video with a 30-item multiple-choice
test assessing comprehension of the material.

Procedure

Participants completed the study in a quiet, darkened room to control for distractions. We
presented the visual stimuli on a monitor connected to a desktop-mounted EyeLink 1000
eye tracker (SR Research Ltd. 2005). The EyeLink monocularly recorded gaze location and
pupil diameter at 1000Hz. We positioned participants 70 cm from the display. We calibrated
the eye tracker using a standard nine-point calibration procedure followed by an identical
validation sequence before each trial. We repeated the validation sequences until satisfactory,
¡ 0.5 degrees of average error.

Participants watched a video and completed a corresponding comprehension test in each
of two within-subject blocks. Participants were required to view each video in its entirety
at least once, but were allowed to re-watch the video continuously until they felt ready to

1Adapted from ’Windmills Are NOT Like Dams’ and ’HowModern Light Bulbs Work’ by @minutephysics
on YouTube.

2Adapted from Subway Surfers Gameplay [4K 16x9] No Copyright by @subwaysurfers on YouTube.
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Figure 5.1: Screenshots of matched videos for control condition (left) and brain rot condition
(right).

complete the test. After the initial viewing, the video looped automatically until participants
looked away from the screen for more than one second. Following each video, participants
completed a 30-item test assessing comprehension of the video content. Following both
blocks, participants gave their preferences for the two video presentations and answered
questions about their media consumption habits. We counterbalanced video content across
participants and randomized trial condition across trials.

Brain rot preference score

We created a composite score of brain rot preference from five equally weighted, binary
questions. We asked participants which of the two videos they found more engaging, more
enjoyable, more effective for learning, easier for sustaining their attention, and more pre-
ferred overall. Higher composite scores indicate a stronger preference for the brain rot video
presentation over the control presentation.

Media habit score

We created a media habit score to quantify participants’ prior consumption of online media.
This composite score was composed of 9 range-normalized and equally weighted questions,
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including 1 binary and 8 ordinal items. These items asked participants about their screen
time, time spent watching short-form content, frequency of watching sped-up content, fre-
quency of watching brain rot content, frequency of consuming multiple streams of content
simultaneously, frequency of consuming unrelated media while working or studying, atti-
tude toward engagement with brain rot content, experience using brain rot study tools, and
interest in using brain rot study tools. Higher composite scores correspond to heavier on-
line media consumption, stronger proclivities for highly stimulating content, and stronger
interest in educational applications of brain rot.

Eye-tracking data pre-processing

Pupil dilation

We used pupil size as a proxy measurement of executive load. To quantify pupil size, we
removed 150ms before and after a blink event to account for blink-induced pupillary response
(Bentivoglio et al., 1997). We then normalized pupil size for each participant using the
first 10 seconds of the current trial to accounted for different individual baselines for each
trial type (brain rot and control). Finally, we scaled pupil change from baseline for clearer
interpretation.

Eye blink behavior

Endogenous eye blink behavior reflects the regulation of sensory and information processing
(for review see Callara et al., 2023; Stern et al., 1984). We analyzed blink behavior to test
the effect of increased perceptual load in the brain rot condition as a function of participants’
preference scores using two metrics: total blink time and blink count.

Total blink time is the total number of eye-tracking samples occurring during a blink
event. Since blink event samples and missing data cannot easily be differentiated, all blink
events longer than one second were removed, a standard threshold for identifying endogenous
eye blinks (Stern et al., 1984). Participants used a chin rest, so any blink events longer than
one-second are likely due to drowsiness rather than missing data. This data filtering resulted
in the removal of about 0.6% of all data. The final blink sample count was summed and
divided by remaining samples. The final measure is total blink time per sample for a given
trial. Blink count was also quantified as distinct blink events. Both total blink time and
blink count were log-transformed prior to analysis to meet model assumptions (Bentivoglio
et al., 1997).
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5.3 Results

Brain rot has heterogeneous effects on learning and metacognition

We assessed whether the simultaneous, brain rot-style presentation of unrelated video game
content during viewing of physics videos affected performance on a subsequent comprehension
test. We ran a generalized linear mixed-effects model predicting trial-level accuracy, with
condition (control vs. brain rot) and condition order as fixed effects and random slopes and
intercepts per participant. This model revealed a significant effect of condition order (β =
0.29, t = 3.35, p ¡ .001) such that performance was better in the second within-subjects
condition. There was no significant effect of condition (β = -0.14, t = -1.56, p = .12).
There was no group-level effect of brain rot on test performance. However, the random slope
variance for condition (Var = 0.33) indicated substantial heterogeneity in the effect of brain
rot. Consistent with this variation, the mean absolute difference in by-participant average
accuracy between conditions was 15.5% (SD = 0.12, range = 0-0.5).

We also tested for condition differences in participants’ metacognitive sensitivity, or the
relationship between certainty and accuracy. We quantified metacognitive sensitivity using
the pROC package in R to calculate the area under the Type 2 ROC curve, or AUC2.
This curve captures the hit rate vs. false alarm rate for whether higher trial-level certainty
predicts accuracy. An area of 0.5 corresponds to at-chance performance, and higher AUC2
values indicate stronger metacognitive sensitivity.

A linear mixed-effects model predicting AUC2, with condition (control vs. brain rot) and
condition order as fixed effects and random intercepts per participant, revealed no significant
effect of condition (β = 0.03, t = 1.22, p = .23) or of condition order (β = 0.03, t = 1.50, p
= .14). The null effect of condition reflects bidirectional effects on the individual level. The
mean by-participant difference in AUC2 between conditions was 0.15 (SD = 0.13, range =
0.003-0.6).

Brain rot preferers learn better from brain rot, worse from
traditional content

We hypothesized that participants’ reported preferences for the brain rot-style video pre-
sentation or the control presentation may capture the variation in task performance across
conditions. Brain rot preference scores were right-skewed (M = 1.49 out of 5, SD = 1.79).
Nearly half (n = 35, or 46.7%) of the participants had a score of zero, meaning that they
chose the control presentation without brain rot content as more engaging, more learnable,
and generally preferred across all five questionnaire items. Eight (or 10.7%) participants
had a brain rot preference score of 5, reflecting a universal preference for the brain rot
presentation.

We assessed whether participants’ content preferences predicted different learning out-
comes, and found a crossover effect (see Figure 5.2). Participants with a stronger brain rot
preference performed better in the brain rot condition, whereas participants with a weaker
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Figure 5.2: Preference for brain rot content predicts differential comprehension test perfor-
mance across conditions. Dashed line represents chance performance. Points are participant
averages by condition and are jittered vertically. Diamonds are condition means by prefer-
ence score. Ribbons represent SE.
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brain rot preference performed better in the control condition. We fit a linear mixed-effects
model predicting participants’ average accuracy, with condition (control vs. brain rot), scaled
brain rot preference score, and condition order as fixed effects and random intercepts per
participant. This model revealed a significant effect of condition order (β = 0.04, t = 2.08, p
= .04), a significant effect of scaled brain rot preference score (β = -0.05, t = 2.55, p = .01),
and a significant interaction between condition and scaled brain rot preference score (β =
0.08, t = 3.59, p ¡ .001). The effect of the brain rot condition was not significant (β = -0.02,
t = -1.22, p = .22). Higher brain rot preference scores predicted lower test performance in
the control condition, but higher test performance in the brain rot condition.

Brain rot preferers have poor metacognition for traditional
content

Stronger brain rot preference predicted worse metacognitive sensitivity in the control condi-
tion and better metacognitive sensitivity in the brain rot condition (see Figure 5.3). We fit
a linear mixed-effects model predicting AUC2, with condition (control vs. brain rot), scaled
brain rot preference score, scaled average accuracy, and condition order as fixed effects and
random intercepts per participant. The model revealed a significant effect of brain rot pref-
erence score (β = -0.04, t = -3.02, p = .003), a significant effect of scaled average accuracy
(β = 0.06, t = 6.42, p ¡ .001), and a significant interaction between condition and brain rot
preference score (β = 0.06, t = 2.97, p = .004). Better task performance was associated
with higher AUC2 scores, as is common with many measures of metacognition (Rahnev,
2025). Critically, the interaction between condition and brain rot preference remained after
controlling for task performance. Higher brain rot preference was associated with enhanced
metacognition in the brain rot condition, but diminished metacognition when learning from
the less stimulating control presentation.

Brain rot preference is not captured by gaze patterns

Looking behavior was analyzed within the brain rot condition alone since looking to the video
was at ceiling during the control condition. A linear regression predicting the proportion of
time spent looking to the content video during brain rot trials (as opposed to the brain rot
video) revealed no effect of brain rot preference score (β = -0.02, t = -1.16, p = 0.25) or
condition order (β = 0.03, t = 0.85, p = 0.4). A linear regression predicting the number
of switches made between the brain rot and content videos similarly showed no significant
effect of brain rot preference score (β = 6.4, t = 1.16, p = 0.25) or condition order (β =
-19.24, t = -1.7, p = 0.09). These results indicate that preference for brain rot does not
predict differences in looking behavior in our task.

Lastly, the duration of watching did not differ between conditions or preference scores.
A linear mixed-effects model predicting total viewing time confirmed no effects of condition
(β = .018, t = 0.12, p = 0.9) , brain rot preference score (β = 0.07, t = 0.58, p = 0.57), or
condition order (β = -0.2, t = -1.26, p = 0.21), and no interaction between trial condition
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Figure 5.3: Preference for brain rot predicts differential metacognitive sensitivity across
conditions. Dashed line represents at-chance metacognition. Points are participant averages
by condition and are jittered vertically. Diamonds are condition means by preference score.
Ribbons represent SE.
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Figure 5.4: Preference for brain rot predicts differential blink behavior across conditions.
Points are average blink time by condition. Error bars represent SE.

Figure 5.5: Preference for brain rot predicts differential pupil behavior across conditions.
Points are average change in pupil size from baseline by condition. Error bars represent SE.

and brain rot preference score (β = 0.05, t = 0.37, p = 0.71). Since preference score does not
predict watching duration in the brain rot condition (M = 2.46, SD = 1.08) or the control
condition (M = 2.51, SD = 1.1) we restrict our analysis of eye blink and pupil dilation to
the first loop of each video.
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Eye blink behavior supports variation in experience of perceptual
load

A linear mixed-effects model predicting the total blink time (log-transformed blink samples)
with condition, scaled brain rot preference score, and condition order as fixed effects and
random intercepts per participant, revealed a significant interaction between condition and
preference score, (β = -0.24, t = -2.31, p = .024). This suggests that only individuals with
lower preference for brain rot experience greater perceptual load while watching brain rot,
reflected by their increased total blink time. The effect of preference score was significant in
the brain rot condition (β = -0.28, t = -2.44, p = .02), but not in the control condition (β
= 0.04, t = -0.35, p = 0.73). Total blink time is reduced among brain rot preferers in the
brain rot condition only.

We also analyzed distinct eye blink events as opposed to total eye blink durations. A
linear mixed-effects model predicting log-transformed blink count confirmed that higher pref-
erence results in fewer blinks in the brain rot condition (β = -0.23, t = -2.19, p = .03). In
the control condition, preference did not significantly predict blink count (β = -0.11, t =
-1.08, p = .28). The interaction between preference and trial condition was not significant
for distinct blink events (β = -0.12, t = -1.47, p = .15). These effects remain for both blink
measures after controlling for task performance and metacognitive sensitivity.

Pupil dilation suggests increased executive load during traditional
content for brain rot preferers

We used a linear mixed-effects model to analyze the effects of condition and scaled brain
rot preference score on participants’ normalized pupil size, controlling for condition order
with a random intercept for participants. The main effects of condition (β = -3.66, t =
-1.04, p = 0.29) and of brain rot preference score (β = 7.77, t = 0.45, p = 0.66) were not
significant. Condition order significantly predicted pupil dilation (β = 21.64, t = 5.14, p ¡
0.001). A significant interaction between brain rot preference score and condition (β = -
40.65, t = -9.85, p ¡ 0.001) revealed that a stronger preference for brain rot is associated with
decreased pupil size while watching brain rot. These results are consistent with decades of
empirical work demonstrating that pupil size increases with general cognitive load, as well as
more recent evidence that pupil dilation specifically reflects increased task-related executive
control demands (Gilzenrat et al., 2010; Kahneman, 1973). In line with this interpretation,
increased pupil dilation in the control condition among brain rot preferers indicates increased
executive demand. This suggests that attending to the control condition was more effortful
for brain rot preferers.

Brain rot preferers consume more media

We assessed whether participants’ digital media habits predict their preferences between the
video presentations in our task. Media habit scores were approximately normally distributed
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Figure 5.6: Preference for brain rot is correlated with media habits. Individuals who prefer
brain rot consume more, and more stimulating media.
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(M = 3.83 out of 9, SD = 1.39, range = 0.90-7.75). Media habit score was positively
correlated with brain rot preference score (Spearman’s ρ = 0.35, p = .002). Media habits
characterized by heavier online media consumption, higher tolerance for attentional load, and
increased interest in or use of brain rot study tools were associated with a higher likelihood
of preferring to learn from the brain rot video presentation in our task. Notably, media
habit scores did not independently predict task performance or metacognition in subsequent
analyses.

5.4 Discussion

The incentives of digital media environments are rapidly changing the nature of the online
content that we consume. Attention-grabbing ”brain rot” content exemplifies this change.
The term brain rot itself codifies a set of lay hypotheses, largely untested, about the potential
(harmful) effects of brain rot on attention and learning. Here, we show that counter to
widespread assumptions, brain rot-style presentations of otherwise identical content led to
improved comprehension and metacognitive sensitivity for a meaningful subset of learners.
These results are in line with hypotheses that suggest that individuals learn best from stimuli
that meet their specific optimal loads.

Our data on individual preferences for learning from brain rot suggest that participants
are at least somewhat well calibrated in understanding the attentional demands that are op-
timal for their own learning. In this sense, our composite score of brain rot preference may
be seen as a measure of global metacognition for brain rot. Global metacognition represents
broad, more abstract self-beliefs about performance. This contrasts with local metacogni-
tion, which refers to momentary confidence in trial-by-trial performance and has overlapping
but distinct neurocognitive underpinnings (Rouault & Fleming, 2020). Awareness of one’s
ability to learn is a double-edged sword. The growing preference for and use of brain rot
even in educational settings may be less concerning if the primary users genuinely benefit.
At the same time, a perceived dependence on high stimulation for learning may lead to
disengagement from traditional educational content.

Attentional signatures of brain rot learners

Eye-tracking findings highlight two key attentional signatures associated with improved
learning from brain rot. Importantly, these signatures are not a function of visual search.
Neither proportion of looking time nor frequency of switches to the brain rot predicted
whether participants learned better from brain rot. Instead, these performance patterns co-
vary with two key differences in visual processing mapping onto the two-stage load theory of
attention (Lavie et al., 2004). Blink responses indicate divergence in perceptual load, while
pupil dilation patterns point to variation in executive load.

First, people who learn better from brain rot are less overstimulated by brain rot. More
extreme blink responses correspond to higher perceptual load, or overstimulation, and brain
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rot learners blinked less in the brain rot condition (Bentivoglio et al., 1997). By contrast,
people who learn better in the control condition demonstrate stronger signs of overstimula-
tion in the brain rot condition, as expected (see Figure 5.4). Brain rot learners’ apparent
immunity to this overstimulation is consistent with an attentional system adapted to a higher
objective ceiling of perceptual stimulation. Crucially, this variation exists despite the two
groups viewing identical content, indicating that perceptual load is not objectively deter-
mined by stimulus characteristics alone. Our findings suggest that observer factors also
affect perceptual load.

Second, people who learn better from brain rot exhibit higher executive load when watch-
ing content without brain rot. Pupil dilation indexes executive load (Beatty, 1982; Gilzenrat
et al., 2010). We observed a crossover effect (see Figure 5.5) in which participants tended
to show higher pupil dilation when watching the video from which they learned less. Brain
rot learners showed higher pupil dilation in the control condition, reflecting increased expen-
diture of executive control to maintain attention on the control video. Speculatively, this
control video was too boring for brain rot learners, i.e., outside of their optimal range of
stimulation. This is striking given that the videos in the control condition were still very
stimulating, with constantly changing visuals corresponding to the concepts being taught.
Thus, our task may underestimate the extent of variation in attentional bandwidth within
our sample. Simpler content would likely produce stronger effects than we observed here.

Taken together, these findings lend preliminary support to an adaptive attentional band-
width account. The range of stimulation or load that is optimal for learning is not fixed, but
varies across individuals. Individual adaptation shifts, but does not expand, this optimal
window. This property is reflected in the performance tradeoffs we observe in our task,
where adaptation to perceptually demanding content is associated with poorer outcomes
when learning from less stimulating content.

Connection to real-world digital media habits

Preliminary evidence suggests that real-world digital media habits relate to preference for
learning from brain rot. Specifically, we found that preference for learning from brain rot was
associated with a composite score indicative of higher online media consumption, tolerance
for high stimulation, and intentions to use brain rot study tools. This correlation does not
establish causality, although we cautiously speculate that the relationship is complex and
bidirectional. It is likely that increased short-form media consumption breeds familiarity
with, and liking of, brain rot content, which in turn reinforce digital habits. Other more
stable individual differences may also affect people’s propensity to engage with these forms
of content. Future work should use longitudinal and intervention designs to clarify these
relationships.

It is worth noting that our sample is limited to undergraduate students whose media
habits are unrepresentative of the broader population. We suspect, for example, that other
age groups may differ, both in the proportion of users whose learning would benefit from
highly stimulating content and in the malleability of their attentional systems.
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Public discourse increasingly emphasizes ”resetting” attention and building tolerance to
boredom through incremental exposure to ”boring” tasks, like reading or even a viral TikTok
challenge to do nothing (Nazaryan, 2026; Smith, 2023). These trends suggest that attention
can be adapted in the opposite direction than observed in our brain rot learners, lowering
the baseline stimulation needed to maintain engagement. Beyond individual practices, this
discourse is part of a broader ”attention activism” movement, including initiatives of groups
like the School of Radical Attention, where disengagement with content is reframed as a
form of resistance to algorithmically-curated and feeds and content competing for attention
(Burnett & Mitchell, 2025; The Friends of Attention, 2026). The adaptive account that
we provide evidence for here would suggest that these movements and practices could be
effective.

5.5 Conclusion

We proposed an adaptive account of attentional bandwidth in which processing is best
facilitated within an individual’s optimal range of stimulation. We found evidence in line
with this account using the brain rot trend as a test case. In general, our results indicate that
an individual’s optimal range of stimulation may shift, perhaps as a result of a combination
of media habits and more stable individual differences.
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Chapter 6

Information value does not guide
attention uniformly across mammals

6.1 Introduction

Popular theories of curiosity suggest that uncertainty guides attention and exploration to
support learning (Berlyne, 1960; Dubey & Griffiths, 2020; Kidd & Hayden, 2015; Loewen-
stein, 1994). Empirical evidence supports these theories, demonstrating that attention is
organized in ways that support curiosity-driven learning, meaning that information-seeking
behavior is guided by material that is expected to reduce the gap between what is known
and what is unknown, relative to a learner’s current set of mental representations (Berlyne,
1954; Dember & Earl, 1957; Hunter & Ames, 1988; Kidd et al., 2012; Oudeyer & Smith,
2016).

Work with human infants, young children, and rhesus macaques demonstrates a U-shaped
relationship between uncertainty and attention (Cubit et al., 2021; Kidd et al., 2012; T. Wu,
2016). This U-shape supports the theory that both humans and nonhuman primates prefer-
entially attend to information that will best support learning. Information that is too simple
offers little learning value, and information that is too complex relative to what a learner
knows is too difficult to process. These early-emerging patterns of attention are widely
appreciated as foundational for cognitive development, supporting skills from language ac-
quisition to causal learning (Baldwin, 1991; Oudeyer & Smith, 2016; Schulz & Bonawitz,
2007). Here, we test how generalized this organizing principle of attention is by testing a
more distantly related species, dogs.

Dogs’ attentional preferences are not well-studied. The orienting response has long been
studied in comparative and developmental psychology as a foundation of the attention sys-
tem across many mammals (e.g., Lynn, 2013; N, 1960). For example, influential early work
established that dogs attend to novel events in their environment, termed the ’investigatory
reflex’ by Pavlov (Pavlov (1927), 2010). This pattern of attention is also observed in ro-
dents and humans (Berlyne, 1950, 1958). This bottom-up response to novel stimuli in an
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Figure 6.1: Example of stimuli. Gaze location is shown with a pink dot.

environment is important for detecting possible threats or other visually salient stimuli. We
know that dogs share at least some features of attention with humans beyond this simple
orienting response. For example, dogs and infants both look longer to events that violate ex-
pectations about physical object properties, like an object disappearing behind an occluder
and not reappearing (Stahl & Feigenson, 2015; Völter et al., 2023). However, it remains
an open question whether the attentional mechanisms that support curiosity-driven learning
are unique to humans and nonhuman primates.

We employ a variation of the primate and infant paradigms with trained research dogs
to test whether this adaptive regulation of information-seeking behavior is common across
distantly related mammals. We demonstrate that dogs’ visual attention is different from
humans and nonhuman primates, showing a preference for events of high surprisal rather
than intermediate surprisal.
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6.2 Methods

We conducted a screen-based eye-tracking study to investigate the dogs’ gaze behavior in
response to video stimuli. Data was collected using an EyeLink 1000 eye-tracker (SR Re-
search, Canada) in a controlled environment at the Clever Dog Lab. All data collection was
conducted by certified dog trainers experienced in running eye-tracking experiments with
dogs.

During a single trial, dogs were presented with a sequence of 28 events. A single event
consisted of an image of an object (e.g., a dog toy or other inanimate dog-related items like
beds and leashes) popping out of one of three identical blue boxes on screen, then returning to
its original location behind the box. Images were randomized, and each sequence presented
three novel items, so an individual dog never saw an item repeat. The location of each box
on the screen was randomized for each sequence, such that there was a box within each
horizontal third of the screen. Each event was 2.15 seconds in duration: one second to pop
out of the box and one second to return to the box, with a 150 ms delay between each event.
Each sequence varied in the probability of the three possible events occurring (items popping
out of their respective boxes). These unique sequences thus vary in event complexity, where
simple sequences contain many highly predictable events (e.g., A, A, A, A, . . . ) and complex
sequences contain more unpredictable ones (e.g., A, C, A, C, B, . . . ). Each trial presented
one sequence in full, comprised of 28 individual events. All dogs were presented with 18
unique sequences in a random order across test sessions. The ideal information rate for dogs
is not known, so we tested a range of information rates based on the results from both human
and primate versions of this task (Cubit et al., 2021; Kidd et al., 2012; S. Wu et al., 2022).

All dogs will see the same 18 sequences, each made up of 28 events. Each full sequence
represents one trial. The 18 sequences were presented in a random order for each dog. Dogs
were presented with 1-3 full sequences trials per data collection session. Based on a previous
study that used the same design and stimuli with human infants we tested 30 individuals.
Due to the limited dog research in this field, a power analysis was not possible.

Eye-tracking measures

Arrival time of gaze to the events as they occur and dwell time to events were analyzed.
Arrival time was calculated as the latency to look to an event after an object appeared from
behind an occluder. As such, arrival time may also be a negative value, determining whether
a participant is looking to the area where an event will occur before the object appears from
behind an occluder. Thus, arrival time is effectively a measure of reaction time that also
considers predictive looks. Dwell time was caluclated as the time spent looking at an object
after it appeared (i.e., during the 2.15 s of each event). Sequences in which participants
looked for fewer than four events were discarded; this resulted in the exclusion of only one
total event sequence.



CHAPTER 6. INFORMATION VALUE DOES NOT GUIDE ATTENTION
UNIFORMLY ACROSS MAMMALS 50

Figure 6.2: Dogs look the fastest to events of high surprisal, indicating a preference for
higher surprisal. The trend line represents the effect of unigram surprisal on arrival after
statistically controlling for repeat events, sequence position, spatial distance between events,
and first appearances. The line shows the model-estimated linear trend and the shaded
error shows the 95% confidence interval of that trend, fitted through the covariate-adjusted
residuals of all 11,948 observations.

6.3 Results

Surprisal model

We will analyze looking behavior as a function of the surprisal value of each individual event
in a sequence, as done in previous work with infants, young children, and nonhuman primates
(Cubit et al., 2021; Kidd et al., 2012; S. Wu et al., 2022). Following these previous analyses,
we will calculate surprisal value as the negative log probability of each event’s occurrence,
this will be determined by both unigram (independent) and transitional (dependent on event
order) Markov Dirichlet-multinomial (ideal observer) models (MDMD). The unigram sur-
prisal model considers each event to be statistically independent. The transitional model
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Figure 6.3: Dogs look the longest to events of high surprisal, indicating a preference for
higher surprisal. The trend line represents the effect of unigram surprisal on dwell time after
statistically controlling for repeat events, sequence position, spatial distance between events,
and first appearances. The line shows the model-estimated linear trend and the shaded
error shows the 95% confidence interval of that trend, fitted through the covariate-adjusted
residuals of all 11,948 observations.
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does not assume independence, and instead tracks conditional probability based on the event
immediately preceding the current event. Both models begin with uninformative uniform
priors, as a learner likely would before making any observations. The model then estimates
the surprisal value of the current event for each event in a given sequence. The simple prior
is combined with the learner’s previous observations from the sequence to form a posterior
belief. Thus, the next event conveys the surprisal value according to the probabilistic expec-
tations of the learner’s updated belief. This method to calculate surprisal and the sequences
used in the present study are adapted directly from the infant and Rhesus Macaque versions
of the task (Kidd et al., 2012; S. Wu et al., 2022).

Pre-registered Goldilocks analysis

The pre-registered model specified linear and quadratic surprisal terms to test for a U-
shaped Goldilocks relationship between surprisal and two measures of attention, arrival
time and dwell time, following the analysis done with infants, young children, and Rhesus
Macaques (Cubit et al., 2021; Kidd et al., 2012; S. Wu et al., 2022). Likelihood ratio tests
comparing the pre-registered quadratic models with linear models revealed that the quadratic
term did not significantly improve fit for surprisal (unigram or transitional) in the dwell
time analysis. For unigram surprisal, the quadratic term showed a trend in the predicted
Goldilocks direction in arrival time (β = 960.904, p = 0.078), but did not reach statistical
significance. The quadratic term was non-significant for arrival time in the transitional model
(β = −32.12, p = 0.95).

A likelihood ratio test comparing the pre-registered quadratic model to the linear-only
model indicated that the quadratic term did not significantly improve fit (χ2 = 3.10, p = .08).
Analysis of AIC and BIC further confirmed that the quadratic term did not meaningfully
improve model fit; BIC favored the linear model (∆ AIC = 1, ∆ BIC = 6). Based on
these comparisons, the linear models are reported as our primary analysis. Pre-registered
analyses are included for transparency. The non-significant quadratic term across all models
indicates that dog attention may be organized by different principles than human and primate
attention.

The significant negative linear trend across all models, in which dogs arrive earlier and
look longer to more surprising events, is consistent with a novelty or uncertainty preference.
We discuss this pattern in relation to prior findings with humans and primates and the role
of uncertainty for guiding attention across species more broadly.

Dogs are faster to look to high suprisal events

Dogs were faster to look to events of high surprisal. The relationship between both unigram
and bigram surprisal is a negative linear relationship, confirmed by an ANOVA comparing
the pre-registered GAM and linear mixed-effects models.

Specifically, we will analyze the looking behavior using a mixed-effect linear model with
random intercepts as done by Wu and colleagues, using standardized linear and quadratic
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surprisal terms as predictors. We will include the random effect of Dog ID as well as random
slopes to account for repeated observations. We will control for covariates, such as whether
an event is the first time an object is shown, trial number, and the distance between two
consecutive events. We will also use a generalized additive model (GAM) to visualize the
relationship between the surprisal values generated by the MDMD and the looking behavior.
We will do this for all participants, both as a group and individually.

All mixed-effects models include random effects of Dog ID and control for the following
covariates: whether an event is the first time an object is shown, trial number, the distance
between two consecutive events, and whether an event is a repeat of the previous event.

Negative linear relationship between unigram surprisal and arrival time

Dogs were quickest to look to events of higher surprisal (see Figure 6.2). We fit a linear mixed-
effects model predicting gaze arrival time to each event with standardized surprisal of each
event (negative log probability), whether the event was the first appearance of an object in
that sequence (binary, 1 or 0), scaled distance from the event immediately prior to the current
event, and whether the current event was a repeat of the previous event (binary, 1 or 0). The
model revealed a significant effect of unigram surprisal on gaze arrival time (β = −21.81, p <
.001), a significant effect of distance from the previous event (β = 27.76, p =< .001), and
whether an event is a repeat of the previous event (β = −342.85, p =< .001). There is no
significant effect of whether an event is the first appearance of an object (β = 21.15, p = .31),
and a potentially marginal effect of the event number within a sequence (β = 1.58, p = .013).

Negative linear relationship between transitional surprisal and arrival time

Dogs were also quickest to look to events of higher transitional or bigram surprisal. We fit
a linear mixed-effects model predicting gaze arrival time to each event with standardized
bigram surprisal of each event (negative log probability), whether the event was the first
appearance of an object in that sequence (binary, 1 or 0), scaled distance from the event
immediately prior to the current event, and whether the current event was a repeat of the
previous event (binary, 1 or 0). The model revealed a significant effect of bigram surprisal
on gaze arrival time (β = −12.91, p = .008), a significant effect of distance from the previous
event (β = 28.55, p =< .001), and whether an event is a repeat of the previous event
(β = −331.87, p =< .001). There is no significant effect of whether an event is the first
appearance of an object (β = −5.56, p = .77), and a potentially marginal effect of the event
number within a sequence (β = 1.20, p = .05).

Pre-registered Goldilocks analysis

Unigram surprisal Our pre-registered analysis including both quadtratic and linear terms
did not significantly improve fit for unigram surprisal in our arrival time analysis. We
fit a mixed-effects model with both quadratic and linear terms. The model confirms the
significant linear effect of unigram surprisal on arrival (β = −2394.87, p < .001), distance
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(β = 28.09, p < .001), whether an event is an immediate repeat (β = −345.78, p < .001), and
the event number within a sequence (β = 1.41, p < .05). The quadratic surprisal term was
non-significant (β = 960.904, p = 0.078), as well as whether an event was the first appearance
of object (β = −8.61, p = .70).

Transitional surprisal Our pre-registered analysis including both quadtratic and linear
terms also did not significantly improve fit for transitional surprisal in our arrival time analy-
sis. We fit a mixed-effects model with both quadratic and linear terms. The model confirms
the significant linear effect of transitional surprisal on arrival (β = −1432.30, p < .001),
distance (β = 28.53, p < .001), whether an event is an immediate repeat (β = −331.93, p <
.001). The quadratic transitional surprisal term was non-significant (β = 960.904, p = 0.078),
as well as whether an event was the first appearance of object (β = −5.36, p = 0.78), and
the event number within a sequence (β = 1.21, p = .06).

Dogs look to high suprisal events longer

Dogs looked longer to high surprisal events, again confirmed to be linear by model compari-
son. The re-registered quadratic terms were non-significant for dwell time and therefore are
not included here. Linear mixed-effects model results are reported as our main dwell time
analysis.

Positive linear relationship between unigram surprisal and dwell time

We fit a linear mixed-effects model predicting dwell time to the object that appeared during
each event with standardized unigram surprisal of each event, whether the event was the
first appearance of an object in that sequence (binary, 1 or 0), scaled distance from the event
immediately prior to the current event, and whether the current event was a repeat of the
previous event (binary, 1 or 0). The model revealed a significant effect of unigram surprisal
on dwell time to the event (β = 22.77, p < .001), a significant effect of distance from the
previous event (β = −21.08, p =< .001), whether an event is a repeat of the previous event
(β = −53.84, p =< .001), and the event number within a sequence (β = −2.05, p < .001).
There is no significant effect of whether an event is the first appearance of an object (β =
−12.19, p = .51),

Positive linear relationship between transitional surprisal and dwell time

We fit a linear mixed-effects model predicting dwell time to the object that appeared during
each event with standardized transitional surprisal of each event, whether the event was the
first appearance of an object in that sequence (binary, 1 or 0), scaled distance from the
event immediately prior to the current event, and whether the current event was a repeat
of the previous event (binary, 1 or 0). The model revealed a significant effect of transitional
surprisal on dwell time to the event (β = 12.24, p < .01), a significant effect of distance from
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the previous event (β = −21.84, p =< .001), whether an event is a repeat of the previous
event (β = −65.29, p =< .001), and the event number within a sequence (β = −1.63, p <
0.01). There is no significant effect of whether an event is the first appearance of an object
(β = −16.97, p = .31),

6.4 Discussion

Dogs are quicker to look at, and look longer at events of high surprisal. These results
indicate a preference for novelty or uncertainty. Human and primate attention is organized
to regulate information intake by favoring intermediately surprising events, demonstrated by
the U-shape relationship between engagement and surprisal (Kidd et al., 2012; S. Wu et al.,
2022). Here, we demonstrate that dogs’ looking behavior indicates a preference for high
surprisal events, unlike infants and primates. Our results indicate that information value
does not guide attention uniformly across mammals.

The U-shaped pattern between engagement and surprisal may have evolved more re-
cently. The last common ancestor between dogs and humans can be traced back to about
100 million years ago (Lindblad-Toh et al., 2005). Dogs also occupy a particular niche, hav-
ing been domesticated and bred for desirable traits like hunting, protection, and sensitivity
to human cues. Given this evolutionary history—that dogs are distantly related to humans
and primates, and the fact that humans domesticated dogs for protection—we cautiously
suggest that this attentional preference for high surprisal may be a product of human selec-
tion. Preferential looking to high surprisal events may be indicative of an attention system
adapted to threat detection. Further work investigating the effect of domestication would
help disentangle whether information value guides attention similarly in species that have
not been domesticated but are distantly related to primates.

It is possible that a preference for intermediately surprising information may be unique
to humans and nonhuman primates, though more work is needed to test this theory. An
attention system evolved to adaptively regulate the intake of information supports efficient
learning and underpins information seeking behaviors like curiosity. We raise the possibility
that this feature of attention may support sophisticated learning observed across human and
nonhuman primates, like tool use and complex social systems. Future work is needed to
determine whether the Goldilocks effect of attention is unique to humans and nonhuman
primates.
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