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Abstract

Film, television, and video play a major role in daily information consumption, making it
important to understand how we comprehend dynamic scenes and how this shapes visual
attention. Although event models—mental representations of ongoing events—are known to
guide attention during reading and static scene viewing, their influence on attentional selection in
films is minimal or absent, a pattern known as the Tyranny of Film. This project provides an
existence proof that event models can influence selective visual attention in commercial film
clips. Based on the Scene Perception & Event Comprehension Theory and Biased Competition
Theory, I propose two conditions under which event models should guide attention: 1) The target
must be prioritized differently because of clear differences in viewers’ event models (Differential
Event Model Criterion); and 2) The target must have low bottom-up default gaze probability,
making it unlikely to attract attention automatically (Low Default Gaze Probability Criterion). I
validated the first criterion using linguistic and moment-to-moment spatial importance measures,
and the second using DeepGaze IIE predictions, identifying eight film clips that met both
criteria. In a within-subjects Eye-Tracking study (N = 44), participants viewed each clip without
context and then with context. Targets were fixated four times more often in the Context
condition, whereas fixation rates in the No-context condition were at chance. Moreover, a priori
event-based importance predicted attention more strongly than a priori default-gaze predictions
when participants were aware of the context. These findings demonstrate that when both criteria
are satisfied, event models can influence attentional selection during film viewing, overcoming

the Tyranny of Film and offering strong support for SPECT.
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Chapter 1 - Investigating the conditions under which movie viewers'

event models influence their attention

Dynamic audiovisual media, such as films, TV shows, YouTube videos, and more, are
ubiquitous in our daily lives. In 2021, US adults spent an average of 167 minutes per day
watching TV and 149 minutes per day watching digital video, for a total of roughly 5 hours per
day just watching videos (Stoll, 2024). In sum, we spend a lot of time watching and processing
videos. Hence, developing and refining theories of how we make sense of media and the role of
eye movements in that process is essential. Video stimuli are characterized by high
spatiotemporal information density, typically presenting over 24 frames per second, which can
exceed the capacity of the human visual system. To manage these limited cognitive resources,
the brain must selectively prioritize specific streams of sensory data for detailed processing. This
is achieved through overt attentional selection, in which eye movements fixate on a smaller
region of the scene. Because this focus on a selective region (foveal information) necessitates the
exclusion of what’s outside that region (peripheral information), our attentional shifts act as a
filter that fundamentally shapes our moment-to-moment understanding of the dynamic scene
(see, e.g., Smith, 2012b).

Subsequently, does your understanding of what happened in a video determine where you
will look next? Generally, after watching a video, viewers develop a similar understanding of the
narrative despite the complexity of the audiovisual stimuli and significant individual differences
among viewers. One potential reason is that, over the last 100+ years, filmmakers have
intuitively developed highly systematic filmmaking techniques to very effectively direct all
viewers' attention to the same places simultaneously (Bordwell et al., 2024). However, these

intuitions have rarely been empirically validated (but see Smith, 2012a; Cutting, 2021).



Similarly, we can also have different narrative experiences despite watching the same
video. Consider the following scenario: your significant other has been watching the movie
Ocean's Thirteen (Soderbergh, 2007) on your couch. You join them on the sofa only towards the
end of the film and see the last 10 seconds of its final scene, as shown in Figure 1. Let us assume
you have not seen this movie before for this example. You see that Brad Pitt's character is at an
airport, walking toward the camera with a little smile. After watching the scene in Figure 1, you
would most likely overtly attend to Brad Pitt in the foreground and predict that he will either take
a flight or leave the airport. If you were to make this prediction, even though you would not be

wrong, your prediction would lack critical information and be incomplete.

Figure 1

Frame from Ocean's Thirteen

On the contrary, your roommate, who has been watching the movie from the beginning,
may have a different prediction and be aware of related critical information. Hence, you both are
looking at the same TV screen, but each understands it differently. In this example, we will say
that you have “jumped-in-the-middle” (i.e., joined late) (Loschky et al., 2015). In my

experimental procedure, you would be considered to be in the No-context condition (as you do



not know the full context of the scene). In contrast, your roommate, who has been watching the
film from the beginning, would be considered as being in the Context condition. The shared
portion of the video you both watch will be referred to as the Common Viewing Period.

Figure 2

Frame from a film clip from Ocean's Thirteen showing what happened before the previous clip.

Let us now briefly show you what your roommate has already learned while watching
from the beginning. Here is a highly condensed description of the context: Brad Pitt's character is
a con man who likes stealing from rich companies to give money to poor people. He has
designed a “special” coin that makes slot machines hit the jackpot. Just before this scene, he
handed out such a coin to a stranger in the background (as shown in Figure 2), so the stranger
could win a fortune. The stranger is near a slot machine. Hence, as your roommate watches the
scene, they will most likely notice the stranger putting a coin into the slot machine in the
background, while Brad Pitt smiles with satisfaction and walks towards the screen. Your
roommate must be predicting that the stranger will win the jackpot any moment now. Hence, you
and your roommate will have different higher-level understandings of the story while watching

the same Common Viewing Period clip, as reflected in your predictions of what will happen next.



Our key question is whether your and your roommate's eye movements show corresponding
differences, or will they be the same? The answer to this question has important implications for
theories of attention and comprehension, as well as real-world applications in mass media and
education.

Based on the literature on eye movements while reading (see, for review, Rayner, 1998),
and while viewing static scene images (see, for review, Williams & Castelhano, 2019; other e.g.,
Hutson et al., 2022; Hutson et al., 2018), differences in event understanding are found to be
associated with differences in attentional selection. One would predict that the dynamic scenes in
film will show the same. However, this prediction assumes that film comprehension and its
attentional control are similar to those of textual or comics-based narratives. As in the scenario
above, one can recreate the jumped-in-the-middle paradigm in a lab setting by having one group
of participants watch the scene from the “middle” without any context, and another group views
the entire scene after reading a highly condensed context. The few studies that have used the
jumped-in-the-middle paradigm with videos to study such differences in event models have
successfully created significant differences in understanding. However, they all showed minimal
or no influence on viewers' attentional selection (Hutson et al., 2017; Loschky et al., 2015). One
such study (Hutson et al., 2017) used the opening scene of Orson Welles' film, Touch of Evil
(Welles & Zugsmith, 1958), and, from now on, I would refer to it as the Touch of Evil dynamic
study. Viewers in the No-context condition jumped in the middle of the clip and saw a couple
walking through city streets, leading to a border crossing. Viewers in the Context condition
watched the scene from the beginning, and knew that a bomb was placed inside a crucial car at
the border crossing, giving them a richer event model. We would expect viewers in the two

conditions to look at different locations on the screen depending on their condition (i.e., the car



with the bomb is “important” to people in the Context condition but not to those in the No-
context condition). However, contrary to expectations, viewers' eye movements were very
similar across the two viewing conditions. This phenomenon, in which differences in eye
movements did not accompany differences in understanding, was called the Tyranny of Film
(Davis et al., 2021; Huff et al., 2014; Hutson et al., 2017; Loschky et al., 2015). Is the Tyranny of
film unique to dynamic stimuli or Hollywood-style edited clips? Does that indicate that moment-
to-moment comprehension in dynamic stimuli will not affect attentional selection under any
circumstances? To address these questions, let's explore comprehension and attention in dynamic

visual narratives.
How do we understand visual narratives?

Visual narratives are composed of smaller events, just as any other narrative. Based on
studies of event comprehension, viewers' understanding of events is theorized to be represented
in terms of event models, mental models that capture the viewer's understanding of the event.
According to the event indexing theory, these event models are made up of various building
blocks known as Event indices (Zwaan, Langston & Graesser, 1995; Zwaan, Magliano &
Graesser, 1995), such as characters, actions, goals, space, time, causation, and emotions
(Magliano et al., 2012). For example, in the Ocean's Thirteen film clip, the stranger in the
background is one of the characters in your roommate's event model.

However, how does one's moment-to-moment understanding of the event develop during
online video viewing? The visual system extracts information (such as the event indices) from
the video, which is then used to create the current event model. Based on the Structure Building
Framework (Gernsbacher, 2013), which is incorporated in the Scene Perception & Event

Cognition Theory (SPECT)(Loschky et al., 2018, 2020, 2025 ), the creation of a new current



event model will be initiated with the presentation of a new video in the viewer's Episodic

Buffer/Long-Term Working memory.
Figure 3
Simplified Scene Perception & Event Comprehension Theory (SPECT) to show influences on

attentional selection.
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The process starts by laying the foundation for the event model, including basic
information such as one or more characters, their actions, and spatio-temporal information.
Viewers will then map new incoming information to the current event model if it is coherent
with the existing foundation. Finally, suppose the incoming information is no longer coherent
with the current event model. In that case, the current event model is moved to long-term
episodic memory, where it becomes a stored event model (Radvansky, 2012), in a process
known as shifting, and a new current event model is created by laying a new foundation (see
Figure 3). SPECT assumes that the stored event model in episodic memory facilitates all three
aspects of the current event model, primarily helping to generate predictions about upcoming
events. Facilitation by the stored event model is evident in studies that used the jumped-in-the-
middle paradigm and found “richer”! and more accurate predictions in the Context condition

(e.g., Hutson et al., 2017; Loschky et al., 2015).
What determines where we will attend next in films?

I will focus only on how the previously stored event model can influence attentional
selection in dynamic visual scenes, as well as on moment-to-moment changes in the current
event model. SPECT predicts that attentional selection is affected by bottom-up factors,
primarily including stimulus features (visual saliency) and medium-specific features, or by top-
down factors, including the current event model and long-term memory (Loschky et al., 2018,

2020, 2025).

! “richer” event model or predictions essentially means that the event model or, the prediction is very detailed.

Hence, “rich” with information.



Bottom-up factors

Visual saliency can capture the viewer's attention irrespective of the stimulus's medium
and the scene's content. Some of the significant visual saliency features that are known to capture
attention are: motion, i.e., moving items attract attention (Carmi & Itti, 2006; Mital et al., 2011;
Theeuwes et al., 1999); blurred items are less salient and rarely attended (Enns & MacDonald,
2013; Peterson 2018); and Animate objects such as people and animals capture attention
(Fletcher-Watson, 2008; Humphrey & Underwood, 2010), especially faces (for example,
Langton et al., 2008). Medium-specific features can also grab attention. One such feature is that,
in still images and edited videos, viewers tend to attend to the screen center, also known as the
center bias (Dorr et al., 2010; Kiimmerer et al., 2017; Tatler et al., 2011).

Note that a current state-of-the-art gaze prediction algorithm, DeepGaze IIE, is attracted
by both low-level visual feature contrast (the essence of visual saliency—Itti & Koch, 2000) and
high-level visual objects, such as human faces and written text (Linardos, Kiimmerer, Press, &
Bethge, 2021). This better reflects the default probability of what human viewers fixate than
what has hitherto been called “saliency.” Nevertheless, the factors influencing such gaze
predictions are far more of a “black box” than the more analytically transparent Itti-Koch type of
saliency. As discussed in Stimulus-based Default Gaze Probability Criterion and Verification of
Default Gaze Probability Criterion, I will use DeepGaze 11E’s default gaze prediction as
representing all stimulus-based (bottom-up) influences on attentional selection.

Top-down factors

Overall, there are many well known and well-studied top-down influences on attentional

selection, for example the role of viewer's task on attentional selection, such as when they were

asked to infer certain specific information from the image other than the story (DeAngelus &



Pelz, 2009; Yarbus, 1967); when asked to take a perspective while watching a scene, for
example, looking at photos of homes from the perspective of either a burglar or a home buyer
(Anderson & Pichert, 1978; Kaakinen et al., 2011); or watching a scene while taking the
perspective of either a detective or an interior decorator (Lahnakoski et al., 2014); or when asked
to draw a map of the scene after watching it (Hutson et al., 2017); or identify the scene depicted
in a video (Smith & Mital, 2013). Apart from that, items in working memory are also shown to
be prioritized for visual attentional selection (Olivers et al., 2006; Soto et al., 2005). However,
my current study will focus on the effect of the event model on attentional selection. As you can
see from the simplified version of SPECT in Figure 3, SPECT predicts the event model to
influence attentional selection. However, as mentioned above, the viewer's event model while
watching films/dynamic stimuli has been shown to have minimal or no influence on attentional
selection, a.k.a., the Tyranny of Film (Davis et al., 2021; Huff et al., 2014; Hutson et al., 2017;
Loschky et al., 2015). Finally, it is unclear whether retrieving the stored event model from Long-
term Episodic Memory affects the attentional control guided by the current event model.
Priority maps and Biased Competition Theory

As I have discussed so far, many factors, both top-down and bottom-up, influence
attentional selection. It is therefore vital to understand that when multiple such factors compete
for attentional selection, what determines where the viewer will end up looking, since you can
only overtly attend to one thing at a time. One theory that explains how these attentional
selection mechanisms work together is the Biased Competition Theory (BCT). BCT proposes that
visual attention is driven by winner-takes-all neural competition among object representations, in
which bottom-up visual information is weighted and filtered at various levels of processing by

top-down modulations (Adeli & Zelinsky, 2018; Desimone & Duncan, 1995; Ptak, 2012; Tsotsos



et al., 1995). Hence, BCT involves the interaction between components I briefly discussed
above: 1) bottom -up competition and 2) top-down bias.

As visual information from a scene enters the brain, it is processed across multiple
retinotopic “feature maps” (Figure 4) that represent basic visual elements, such as color,
luminance, motion, and orientation (Itti & Koch, 2000). These feature maps enter a neural
competition to select a “winner” (eg, red object in a group of blue ones), creating a bottom-up
saliency map. There will also be higher-level stimulus feature maps, such as faces and written
text, which are known to reflexively capture viewers’ attention (Cerf, Frady & Koch, 2009).
Hence, I could refer to the bottom-saliency map containing the winners from both low-level and
high-level stimulus features as default gaze probability maps. If there is no top-down biasing,
then attention should go to the winner solely based on these default gaze probability maps.

However, Biased Competition Theory suggests that feedback from top-down processing,
such as goal setting and task assignments, could bias the default gaze probability maps through
feedback connections (Adeli & Zelinsky, 2018; Hamker, 2004; Tsotsos et al., 1995), weighting
and filtering bottom-up information to prioritize task-relevant information. These biases amplify
task-relevant information, transforming the purely stimulus-based default gaze probability map
into a priority map that dictates the final attentional selection. Priority maps are 2D retinotopic?
maps generated in the Superior Colliculus (Adeli et al., 2017) that represent the spatial mapping
of attentional prioritization across different regions of the input image (Zelinsky & Bisley, 2015).
Greater attentional priority in these maps is reflected in higher activity at that retinal location

(see Figure 4). Hence, according to BCT, goal- or task-biasing has the strongest influence on

2 Associated with various locations on the retina, which will also correspond to various locations in the input image.
Importantly, the spatial relations among these retinal locations, such as left-right, and up-down, are preserved in
various visual processing brain areas that code for a variety of visual features (e.g., color, orientation, motion, etc.).

10



attentional selection. In the absence of such goal-directed maps (for example, when viewers are
engaging in a free-viewing? task), strong visual stimulus features such as motion heavily

influence attentional selection.

Figure 4
Attentional priority maps and how they are influenced by stimulus-based Feature maps

and other Working memory-based top-down factors (Ptak, 2012; p. 503).

Working
memory

Priority
map

Feature
maps

Input
image

Note. The input image is preattentively decomposed into multiple independent feature maps in

the early visual cortex (e.g., spatial frequency, intensity, and color as shown above from left to

3In Free-viewing tasks, participants are asked to just watch the scene without engaging in any secondary-task. They
are essentially free to look at any part of the screen.
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right, respectively). The priority map combines inputs from these feature maps and top-down
signals based on their expectations, behavioral goals, and preferences. The location where the
summation of these inputs from feature maps and top-down signals peaks is prioritized for
attention.

The Scene Perception & Event Comprehension Theory (SPECT) incorporates BCT to
explain how a viewer’s moment-to-moment narrative comprehension dictates where they look.
Traditionally, BCT attributes top-down biases to explicit tasks (e.g., “find waldo”) or prior
schemas. SPECT expands this by proposing that the viewer’s current event model can also exert
this top-down bias (Loschky et al., 2025).

Hence, one potential explanation for the Tyranny of film, based on the Biased
competition Theory, is that the visual salience of motion in films is highly overpowering and
heavily influences the selection of gaze location (Hutson et al., 2022). It has been hypothesized
that this strong influence of motion in films prevents the event model from biasing competition
and affecting attentional selection (Loschky et al., 2015; Hutson et al., 2017). Support for this
hypothesis emerged when a slideshow version of the Touch of Evil opening shot, in the absence
of motion, produced effects consistent with the event model on attentional selection (Hutson et
al., 2022). In contrast, this effect was absent when viewers watched the standard movie clip
(Hutson et al, 2017). Hence, when bottom-up saliency becomes weaker, the event model is more
likely to bias the event-relevant information to win the neural competition for attentional
selection. Also see Smith & Mital (2013) for a similar demonstration of the influence of motion
on gaze in matched static/dynamic scenes. It is also important to note that even with the heavy
influence of motion, tasks and goals have still shown the ability to introduce spatial bias for task-

relevant objects or information in the scene, as discussed previously in the top-down factors
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section (e.g., Lahnakoski et al., 2014; Hutson et al, 2017). Hence, in films, it is possible to
introduce top-down biasing and control attentional selection. However, there are exceptions,
such as Taya et al. (2012), who found no difference in eye movements when observers were
asked to judge who won the points during a short clip of a Tennis match compared to when they

were observing the clip.
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Chapter 2 - Developing a Systematic Approach to Studying the

Effects of Event Models on Attentional Selection in Film Viewing

Most studies testing the effects of the event model on attentional selection used narrative
films created by highly skilled filmmakers who aim to direct your attention to the most important
elements of the narrative. They generally achieve that by prioritizing bottom-up stimulus features
to guide the viewer’s attention rather than relying just on the viewer’s event model, which may
lead to more idiosyncratic viewing. Hence, typically in conventional film clips, there is a strong
association between the high visual saliency of the target and its importance based on the event
model, making the attentional selection of the target very automatic and effortless, which allows
the viewer to continue following the story easily (Smith, 2012a; Smith, 2012b). This will likely
lead the target to be reasonably described as “pop-out” for the film viewer, similar to an
effortless visual search for a highly salient target (Braun, 1998; Wolfe, 2004). In accordance with
that, the robust evidence for the Tyranny of Film from studies using narrative films (Davis et al.,
2021; Huff et al., 2014; Hutson et al., 2017; Loschky et al., 2015) also indicates that visual
salience has a greater priority than event models on attentional selection in conventional films.
Hence, to isolate the top-down effect of the event model on attentional selection, I must find
examples that have a dissociation between bottom-up influences and the event model. I believe
there are situations in which the viewer's event model will likely be prioritized over bottom-up
influences in narrative films. Consider the scene of Ocean's Thirteen (Soderbergh, 2007), where
the filmmaker does not keep the stranger at the slot machine in the background in focus, even
though he is an important character. Moreover, even though the shot is 10 seconds long, the
filmmaker also avoids cutting to a close-up of the stranger in the background to show his

interaction with the slot machine in detail. And probably because this climax shot is only 10s, the
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director is relying on the viewer’s event model solely to guide their attention to a critical
character and not utilizing conventional filmmaking techniques (e.g., pulling camera focus to the
important character, editing between shots, etc.) to create high salience to attract the viewer’s
attention. This is likely for dramatic effect, because the filmmaker may want the viewer to figure
out what will happen next based on what they know happened before, and by doing so, giving
them the same level of satisfaction that Brad Pitt’s character has, who is also aware and proud of
the obvious result of what he just did (i.e., he has allowed the stranger to win the jackpot using
the special coin he gave him).

I believe this scene offers an opportunity to demonstrate how the film viewer's event
model shapes their attentional selection during viewing. Thus, an essential methodological
direction for testing the effect of event comprehension on attentional selection is to develop a
systematic approach to investigating how the viewer's event model influences their attentional
selection in film clips. Here, I propose an approach that could help anyone find examples like the
Ocean’s Thirteen clip, in which there is a dissociation between bottom-up default gaze
predictions and the viewer’s event model. This approach utilizes the jumped-in-the-middle
paradigm where 1) the Context condition viewer's event model for the target information is rich
compared to the No-context condition, hence, potentially strong enough to win the biased
competition for attentional selection; and 2) the bottom-up driven default gaze prediction for the
target information is weak according to a state-of-the art model for predicting fixations, avoiding
“pop-out” of the target, and hence is unlikely to be looked at without a strong event model's

guidance. I discuss these two criteria in detail below.
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The Differential Event Model Criterion (Criteria 1)

A strong event model must differentially prioritize the target of attention. The differences
in event models that do versus do not guide attention to the target need to be measurably distinct
in their event indices (Zwaan & Radvansky, 1998). Such differences in event indices can be
termed differential elements between the two event models (one created when watching the clip
without context, and the other when watching the target film clip with context). Thus, differential
elements are event indices that uniquely enable participants who know the scene's prior context
to make predictions. The differential elements can be identified through a content analysis of the
event model to determine which elements of the scene are important in association with the
differential targets of attention.

I have identified six primary differential elements based on the event indexing model
(Zwaan, Langston & Graesser, 1995; Zwaan, Magliano & Graesser, 1995; Zwaan & Radvansky,
1998) and the Causal Inference Maker model (van den Broek, 1990):

1. Entities are agents/objects/highly delimited locations of interest that are the designated
targets of attention. For example, the stranger in the background using the slot machine in the
Ocean’s Thirteen clip. The correspondence between the target of attention and a specific
entity (animate or inanimate) is very direct, and the existence of such a correspondence might
be a necessary condition for my first criterion. However, it also seems likely that other
differential elements can strengthen the impact of the event model on attentional selection.

2. Goals are the purposes or motivations of an agent, typically the target. However, these can
also be goals of the non-target agents if they are connected to the target of attention. For
example, the goal of Brad Pitt's character in the Ocean’s Thirteen clip is to help others, like

the stranger in the background, to win a fortune.
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3. Temporal Operativity indicates whether the event leading up to the target prediction is still
ongoing. For example, in the Ocean’s Thirteen clip, the stranger is still operating the slot
machine throughout the 10-second clip.

4. Spatial Proximity indicates the closeness of entities in the scene to other entities that can lead
to targeted predictions. For example, in Ocean’s Thirteen, the stranger is close to the slot
machine to operate it.

5. Enabling Features are any feature (other than spatial proximity and temporal operativity) in
the story that enables targeted predictions. For example, in the Ocean’s Thirteen clip, the
coin is a “special” one that always hits the jackpot.

6. Emotions indicate all emotion(s) of the agent(s) relevant for the target predictions. For
example, the expression of gratification on Brad Pitt’s face.

When multiple differential elements emphasize the importance of the target of attention, I
predict that the viewer's event model can substantially influence their attentional selection toward
the target. As discussed in the Future Research Directions section, this is a quantifiably testable
hypothesis.

Low Default Gaze Probability Criterion (Criteria 2)

The target of attention should have a relatively low default gaze probability based on
stimulus features (visual saliency), so it will not reflexively pull the viewer’s attention to itself,
despite having a strong event model. The default gaze probability is determined by both low-
level factors (e.g., motion, color, luminance contrast, or being at the screen center) and some
high-level visual stimulus factors (e.g., faces, text). I checked that several important visual
factors were absent, to reduce the default probability of fixating the target in each film clip, by

finding targets that either were not a person/animate entity (Fletcher-Watson, 2008; Humphrey &
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Underwood, 2010; Langton et al., 2008), or lacked motion (Carmi & Itti, 2006; Mital et al.,
2011; Theeuwes et al., 1999), or were not in the screen center (Dorr et al., 2010; Kiimmerer et

al., 2017; Tatler et al., 2011), or were not in focus (Enns & MacDonald, 2013; Peterson 2018).

Figure 5
Predicted Low Default Gaze Prediction for the different locations in the scene as measured

by the DeepGaze IIE model.

-

Note. Low Default Gaze Prediction for the different locations in the scene as measured by the

DeepGaze IIE model. The warmer, redder colors indicate a higher likelihood that viewers will
fixate on that location, based on stimulus features. Note that the target of attention (yellow box)
has less red shading, indicating potentially a lower probability than many other regions of the
scene, especially Brad Pitt’s face.

As discussed above, any of these factors can reliably attract the viewer's attention to the
target. Not all of the above conditions must be satisfied to achieve the second criterion, so long
as the film clip satisfies some of them. For example, the target of attention in the Ocean’s
Thirteen clip, the stranger at the slot machine, is not in the screen center, not in focus, and has
only limited motion (see Figure 1 and Figure 5). Indeed, a film clip could fail any or all of the

above checks yet be acceptable if the target of attention was one of many such entities, all of
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which similarly failed the same check. For example, in the Cache (Haneke, 2006) clip (see the
middle image in the first row of Figure 6), the targets of attention are people who move,
approach the screen center, and come into focus. Still, they are only two of roughly 100 such
people in the scene who also fail the same checks (see Appendix A, Cache section for details).
At this point, I do not know the relative weights of each of the above conditions. Hence, I have
employed an objective statistical test to determine whether the target of attention has a relatively
low default gaze probability. See Verification of Low Default Gaze Probability Criterion for
details.

Due to the lack of context, the participant will have a weaker event model in the No-
context condition. Hence, based on biased competition, I can expect stimulus-based features to
be the primary determinants of attentional selection, creating a strong association between
default gaze predictions and importance maps (see Figure 7). The default gaze probability map
refers to regions of the scene that influence attentional selection purely on visual grounds. The
importance map refers to the regions that influence attentional selection in the current event
model. However, I do not want visual saliency to reflexively draw the viewer's attention to the
target without the viewer knowing its significance in the event model. This was precisely what
occurred in the Touch of Evil dynamic study (Hutson et al., 2017) and in other studies showing
the Tyranny of Film (Huff et al., 2014; Loschky et al., 2015; Taya et al., 2012). For example, in
the Touch of Evil dynamic study, viewers in the No-context condition, as described in the
Introduction section, still looked equally at the car even when they were unaware of the bomb
inside it, mainly because the car had a high default gaze probability. Hence, as stated in the Low
Default Gaze Probability Criterion, the target of attention should have a relatively low default

probability of fixation compared to the rest of the regions in the scene. As the Ocean’s Thirteen
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video clip (Figure 1) was selected using the Low Default Gaze Probability Criterion, the bottom-

up features alone will be less likely to direct the viewer's attention to the target of attention.

Figure 6

Representative screenshots from all 14 films clips initially identified based on two criteria.

Burnin Cache Code Unknown
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Note. Representative screenshots from the 14 films utilized in the study, arranged alphabetically
from the top left. For Crimson Gold, Spoorloos, and The Fire Within, two versions of each clip
were included to accommodate variations in the start and end points of the common viewing
period, resulting in a total of 17 stimulus clips. Yellow bounding boxes indicate the predefined
targets of attention (AOIs).

A state-of-the-art default gaze probability model (DeepGaze IIE) (Linardos et al., 2021)
predicts that viewers are more likely to look at the main character's face or some of the bright
signboards in the background than to look at the target stranger in the background (see Figure 5).
On the Contrary, all the differential elements are predicted to direct viewers' attentional selection
to the experimental target of attention in the Context Condition, which, if you go back to the
example of Ocean's Thirteen, is the stranger in the background, interacting with the slot
machine. In fact, an importance map was empirically generated from the density of mouse
locations of 30 participants who were given the task of showing the important locations during
the common viewing period based on their understanding (for more details, see the Preliminary
Study 2 section). The importance map showed that only Context participants deemed the
stranger in the background important, whereas No-context participants did not (see Importance
Maps in Figure 7). This shows an example of big differences in event models regarding the
target of attention, as stated in the Differential Event Model Criterion. When the two criteria are
satisfied, the target of attention is not visually prominent enough to automatically attract the
viewer's attention, yet it remains essential for understanding the story. This will create a
dissociation between the default gaze prediction and importance maps. Hence, if the viewers in
the Context condition look at the stranger in the Ocean’s Thirteen example more than viewers in

the No-context condition, it would imply that the event model has won the biased competition
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through the dissociation between stimulus-based default gaze prediction and the viewer's event
model (see Figure 7). Similarly, 17 video clips (including Ocean's Thirteen) (see Figure 6 &
Appendix A for details on these videos and their targets of attention) were initially identified by
me based on these two criteria. After verification processes (discussed below), I ultimately

selected eight clips for my proposed study.

Figure 7

A diagram showing the stimulus-based default gaze prediction map for the Ocean’s Thirteen clip
and its event-based importance map is associated to direct viewer’s current fixation to the same
location in the No-context condition. While they are dissociated in the Context condition to

direct viewer’s current fixation to two different screen locations, there can be only one winner.

Dissociation of stimulus-  Association of stimulus-
based default map and based default map and
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Note. The bottom row shows the Low Default Gaze Prediction heatmap generated using
DeepGaze IIE, indicating locations with the highest likelihood of fixating based on stimulus

features, which should be invariant across the No-context and Context conditions, given that the
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common viewing period is the same. The top row shows the importance map generated from the
density of 30 participants’ mouse movements in Preliminary Study 2, providing empirical
predictions for locations prioritized by the event model. In both heat maps, warmer, redder
regions are predicted to have the highest likelihood of current fixation. The central row
represents the image on the screen. For simplicity, the previous fixations are assumed to be at the
center of the screen, represented by the eye icon. The , red, and arrows indicate the
direction and destination of the shift in attention from the previous central fixation predicted by
stimulus-based features, the No-context event model, and the Context event model, respectively.
The second eye icon indicates my predicted current fixation location when both criteria are

satisfied.
Study Plan

The proposed study aims to systematically provide an existence proof (for example®,
Jones et al., 2018; Larocque et al., 2001) of the effect of the viewer's event model on their
attentional selection while watching commercial film clips. I aim to do so by first establishing a
set of film clips that satisfy both proposed criteria. Here are the two steps I followed to verify
that:

1) Verification of the Differential Event Model Criterion
I employed a two-step verification process to ensure the selected videos satisfy the
differential event model criterion.
1. In the first step, [ wanted to establish that the context manipulation introduced by

my selected videos can lead to differences in event understanding, as predicted. I

* These are couple of examples in Cognitive Psychology that have employed existence proof in their area of
research to show evidence for existence for an effect that previous studies failed to show.
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2)

3)

confirmed this in my Preliminary Study 1, namely, the Prediction and
comprehension task, and the corresponding results are shared in the Preliminary
Study 1 section.

ii.  Inthe second step, I investigated whether these differences in event understanding
also affect viewers' moment-to-moment judgments of what is essential in the
scene. | confirmed that in Preliminary Study 2, namely, the Importance Judgment
Task, and the corresponding results are shared in the Preliminary Study 2 section.

Verification of Low Default Gaze Probability Criterion

In this verification process, I established that the targets of attention during the common
viewing period of my selected videos have relatively low default gaze probability
compared with the majority of screen regions. I confirmed this in the DeepGaze IIE
Study, and the corresponding results are shared in the DeepGaze IIE study section.
Eye-Tracking Study

During these verification processes, any videos identified as failing any of the proposed
criteria, as defined by thresholds, were removed from future analyses. Based on these
verification processes, I selected 8 videos and their 10 targets of attention that met both
proposed criteria. I then ran the proposed Eye-Tracking Study using the selected 8 videos
to capture differences in viewers' overt attentional selection. In this study, I investigated
whether these differences in event understanding would also lead to differences in
attentional selection by tracking participants' eye movements while they watched these

videos.
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Chapter 3 - Preliminary Studies and Analyses to Verify the Two

Criteria

Before checking whether viewers' attention to the target of attention varies with their
understanding of the film clips, I first need to establish that the selected videos indeed satisfy the

two criteria.
Verification of the Event Model Criterion

It is important to note that we can measure differences in viewers' event models in
various ways. Hence, I conducted two preliminary studies to ensure that the selected videos met
the event model criterion and to eliminate those that did not. Preliminary Study 1 (Predictive
Inference Task) used linguistic measures of differences in viewers' event models, based on
written responses to a prediction task that I coded for mentions of the target event indices. In
Preliminary Study 2 (Importance Judgment Task), I used qualitatively different spatio-temporal
measures of viewers' event models. I gave viewers the task of hovering their mouse over the
most important elements in the video clip at each moment and clicking their mouse for
particularly important moments. This method allowed me to bridge differences in viewers' event
models to specific times and places in each film clip, which I can later test for differences in
attentional selection using separate viewers' eye movements.

Preliminary Study 1 (Prediction and Comprehension Task)

I ran a preliminary study to determine whether videos created according to the two
criteria above could lead to differences in viewers' understanding. I addressed the following
research questions in Preliminary Study 1. RQ1) Do these context manipulations create
differences in predictions for each differential element? RQ2) How many videos were

“effective” in creating differences in prediction?
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Figure 8

Experimental design for Preliminary Experimentl (Prediction and Comprehension Task).
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Note. The viewers first watch the No-context videos one by one, and after each video, they give

Repeat for 5 videos Repeat for 5 videos

their predictions and summaries. After watching the five videos in the No-context condition, they
watched the same videos, which are now preceded by the context manipulation clip. Predictions
and summaries are collected again after each clip.

Method. Eighty-three participants received course credit after giving informed consent
(N(females) = 56). Seventeen pairs of silent video clips® from commercial films were selected
based on the two criteria. Each pair of video clips has 1) a Common Viewing Period, and 2) a
context manipulation clip with video and intermittent written descriptions (see Appendix B for
details on the creation of context manipulation clips). Common viewing period clips had an
average duration of 46.35 s, a maximum of 136 s (2 m 16 s), and a minimum of 10 s. Context
clips had an average duration of 338.65 sec (5 m, 38 s), a maximum of 620 s (10 m, 20 s), and a
minimum of 46 s.

Procedure. The experiment was carried out online on Pavlovia. On Average, 20
participants watched each video pair. I presented all videos at 24 fps and used normalized size

scaling to have the video stimulus size scale naturally with each participant’s window size®.

3 The commercial films originally had audio but I removed that to control for any effect of audio on attention, as I
wanted to only focus on the effect of visual features and processing on attentional selection in films.

®In Preliminary Experiment 1, which was an online study, I were more concerned about having the videos presented
fully within the participant’s screen, and not worried about having a fixed stimulus size irrespective of the
monitor/window. In Preliminary Experiment 2, and the Eye-tracking Experiment, I strictly control the stimulus size
to fit the pre-specified monitor size in our laboratory.
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Participants first watched the common viewing period of five film clips in the No-context
condition. After each film clip, I asked participants to write 1) a prediction of what would happen
next, and 2) a summary of what they saw. After that, they rewatched each of the five clips in the
Context condition, with each context video clip followed by its common viewing period video
clip that they had previously seen. Again, they answered the same questions (prediction and
summary) after each clip (see Figure 8).

Analysis. Two independent coders were trained using 20 pilot responses from previous
research assistants who were naive to the study hypotheses. Training continued with iterative
feedback until inter-rater agreement exceeded 80%, at which point the coders began scoring the
experimental responses from Study 1. Coders independently evaluated participants' predictions
of the presence of six differential elements using a standardized codebook (see Table 1 for
details). Each element was initially scored using a binary system (1 = present, 0 = absent).

For clips containing multiple differential elements (e.g., Entity), individual binary scores
were summed to create an aggregate category score. For instance, if a stimulus clip contained
two distinct target entities, a participant mentioning both would receive a total score of 2,
whereas mentioning only one or neither would result in scores of 1 or 0, respectively. A critical
exclusion criterion was also applied to all categories: an element was only scored as present if
the prediction was grounded in the information provided during the common viewing period.
Even if an element (such as an Entity) met the primary coding criteria, it was not rewarded a
point if the prediction clearly ignored the common viewing period and relied solely on broader
video context. This ensured that the scores reflected participants' integration of the specific
events in the common viewing period rather than general narrative context knowledge, which is

especially crucial in the Context condition.
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Table 1

Coding Rulebook for all the differential elements with examples from the Ocean’s Thirteen clip.

Differential Elements

Definition/Criteria

Coding Rules

Examples

Entity

Goal

Temporal Operativity

Person/Object/Place
present in the
prediction

Goals of the agent
included in the
prediction.

An antecedent
event that leads to
the prediction and
is ongoing during
the Common
Viewing Period

1) Is the entity (Person/Object)
mentioned using the exact terminology?
2) If not, is the entity (Person/Object)
mentioned by a different name, but it is
evident from the descriptors or their
actions?

3) If not, is there any direct action or
event mentioned that directly implies
the person/object (i.e., no other
person/object could perform or be
involved in that action or event)?

1) Are any of the actions described in
the predictive inference a clear
implementation of any character’s
predicted differential goals?

2) OR, are any of the outcomes
described in the predictive inference a
clear success, failure, or continuation of
any character’s predicted differential
goals?

3) OR, are there new goals mentioned
in the predictive inference? If yes, is
that new goal a clear update to any
character’s predicted differential goals?

1) Is the temporally operative
antecedent event described directly by
the participant in their prediction, OR as
something leading to the prediction?

2) If not, is the prediction a
continuation or an ending of the
antecedent event?
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The entity is "Stranger at the slot machine":

1) A prediction of "Stranger at the slot machine
hits the jackpot" receives 1 point for using the
exact terminology.

2) A prediction of "Old man who received the
coin hits the jackpot" receives 1 point for using
a different name, but based on the descriptions
and actions, it is clear that the reference is to
the stranger at the slot machine.

3) A prediction of "People gather around the
slot machine to congratulate the jackpot win"
receives 1 point for mentioning the event that
directly implies the stranger at the slot
machine, as no one else could be involved in
that event.

The goal of Brad Pitt's character is "helping the
poor have a chance at winning a fortune":

1) A prediction of "Brad Pitt will help more
poor people win the jackpot" receives 1 point
for mentioning an action that clearly
implements the goal.

2) A prediction of "The coin Brad Pitt gave
helped the poor old man win a fortune"
receives 1 point for mentioning an outcome
that clearly achieves Brad Pitt's differential
goal.

3) A prediction of "Brad Pitt will find a
different way to help the poor" receives 1 point
for mentioning a new goal that clearly updates
Brad Pitt's previous goal.

The temporally operative event is "the stranger
putting the coin and playing the slot machine":
1) A prediction of "He puts the coin in the slot
machine and wins big" receives 1 point for
mentioning the temporally operative event as
the leading incident in the prediction.

2) A prediction of "He wins the jackpot at the
slot machine" receives 1 point for mentioning
the end of the antecedent event.



How the closeness
of different entities
in the scene leads to

Spatial Proximity the prediction

A feature in the
story that enables
prediction is not
included in the
temporal
operativity or

Enabling Features spatial proximity.

Emotion(s) of the
agent(s) relevant for

Emotions the prediction.

1) Is the spatial proximity explicitly
cited (i.e., using phrases like “because”
or “due to0”) as a reason for their
prediction?

2) Is the influence of spatial proximity
implied indirectly but clearly in their
prediction?

3) If not, is the prediction about an
increase or a decrease in proximity?

1) Is the enabling feature directly or
explicitly cited (i.e., using phrases like
“because” or “due to0”) as a reason for
their prediction?

2) Is the enabling feature’s influence
indirectly but clearly implied in their
prediction?

1) Are the agent's emotions relevant to
the prediction mentioned using the
exact words?

2) If not, are the agent's emotions
mentioned using a synonym for the
same emotion?

3) If not, are there any direct actions by
the agents in the predictions that are a
direct result of those emotions?

Spatial proximity is "the distance between Brad
Pitt and the Stranger in the background being
significant,":

1) A prediction of "The Stranger will look for
Brad Pitt after hitting the jackpot because he is
now further away" earns 1 point for directly
citing spatial proximity as the reason for the
prediction.

2) A prediction of "The Stranger looks for Brad
Pitt after hitting the jackpot but can't find him"
earns 1 point for indirectly implying that Brad
Pitt is far enough from the Stranger for him not
to be seen.

3) A prediction of "Brad Pitt will continue
walking away from the Stranger and the
jackpot machine to avoid any suspicion" earns
1 point for indicating a decrease in proximity.

The enabling feature is "The coin is a special
coin designed to hit the jackpot":

1) A prediction of "The Stranger wins the
jackpot because the coin is designed to rig the
slot machine" receives 1 point for directly
citing the coin's "specialty" as a reason for the
prediction.

2) A prediction of "As soon as he uses the coin
in the slot machine, he will win the jackpot"
receives 1 point for implying that the coin's
"specialty" ensures he will certainly hit the
jackpot.

Emotion is "staying cool under pressure":

1) A prediction of "Brad Pitt stays cool under
pressure and walks away unnoticed" receives 1
point for using the exact words to describe his
differential emotion.

2) A prediction of "Brad Pitt stays calm, shows
no outward expressions, and leaves the airport
unnoticed" receives 1 point for using a
synonym of the same emotion.

3) A prediction of "Brad Pitt casually walks out
of the airport without drawing any suspicion"
receives 1 point for mentioning an action that
is a direct result of his differential emotion.

For the Entity category, a score was assigned if a target was mentioned by its exact name,

referred to via clear descriptors, or implied through unique actions or events that only that

specific entity could perform. Goal presence was identified (assigned 1) if the prediction

included actions implementing a character’s goal, outcomes representing the success or failure of
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that goal, or clear updates to previous objectives; otherwise, that goal is considered absent (0).
Temporal Operativity was coded if the participant explicitly cited a temporally operative
antecedent event or if the prediction itself represented a direct continuation or conclusion of that
event.

Criteria for Spatial Proximity required either an explicit citation of proximity as a causal
factor or an unambiguous implication of its influence, including predictions involving a change
in physical proximity. Similarly, Enabling Features were scored if they were explicitly cited as a
reason for a prediction or if their influence was clearly implied within their predictive inference.
Finally, Emotions were recorded if a specific emotion was accurately attributed to the correct
agent using exact terminology or synonyms, or if the participant described an action resulting
directly from that emotional state.

To quantify coding consistency, I assessed inter-rater reliability using Cohen's Kappa
(Cohen, 1960) in the first round of coding. The Cohen’s Kappa varied for each differential
element ranging from good agreement (.40 -.60) to excellent agreement (>.75) (Fleiss et al.,
2003) as reported here in the increasing order of Cohen’s K: Temporal Operativity (K = .44; 89%
agreement), Goal (K = .49; 73% agreement), Enabling Features (K = .60; 94% agreement),
Spatial Proximity (K = .66; 90% agreement), Emotions (K = .68; 89% agreement), and Entity (K
=.83; 92% agreement).In case of differential elements, where Cohen’s Kappa is relatively low, I
have reported raw agreement to show that Kappa may be underestimating reliability despite high
raw agreement due to the low frequency (rarity) of those observed scores (Chicchetti &
Feinstein, 1990). For example, in Temporal operativity, Cohen’s Kappa is at .44, very close to
the poor-agreement cutoff (<.40); however, the inter-rater agreement was 89%, exceeding the

conventional 80% threshold recommended for behavioral research (Hartmann, 1977). Inter-
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rater discrepancies identified during the initial coding phase were resolved through a targeted
second round of coding. During this stage, coders used participants’ clip summaries to provide
the necessary context to disambiguate vague predictions (e.g., clarifying ambiguous pronoun
references such as 'he' or 'she'). Any remaining disagreements following the second round were
adjudicated through consensus meetings moderated by me. In these sessions, coders compared
their respective justifications and collaborated to reach a final agreed-upon score for each

instance. Final inter-rater agreement reached 100% following the moderated adjudication phase.

Figure 9

The Average number of each differential elements present in the predictions for both conditions.
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Note. The Context condition has a significantly higher expected count for all the differential

elements in the participant’s prediction than the No-context condition for all the differential
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elements. Error bars are equal to +/- 95% Confidence Intervals. All values are back-transformed
from the original model’s log scale.

Results. RQ1: I ran six individual multilevel Poisson regressions in which the condition
(No-context vs Context) predicted the number of instances of each differential element, based on
the coding data (see Appendix C for parameter estimates). I also controlled for random intercepts
for each video and for random intercepts and slopes that varied by condition and participant.
Context manipulations led participants to identify significantly more differential elements in the
Context condition than in the No-context condition (see Figure 9). None of the six models
showed significant overdispersion’. Thus, viewers used all six differential elements to make
predictions based on their event model.

RQ2: I identified which video pairs most effectively induced differential event models
among viewers. For that, I calculated the fotal increase in differential elements for each
participant (the sum of the increases in the number of each differential element from their No-
context prediction to their Context prediction). I then ran a linear mixed-effects model to predict
the total increase in differential elements, treating Video now as a fixed effect and accounting for
participant-level variability via a random intercept. To ensure robust stimulus selection, I applied
a conservative statistical criterion: I selected only those videos for which the lower bound of the
95% Confidence Interval (CI) for the marginal mean was greater than 1. This threshold ensures
that, after accounting for random variance, I can be 97.5% confident that the average participant

experienced a total increase of at least one differential element in that video. Based on this

7 To check for overdispersion (see Appendix 3 for dispersion ratio calculated using performance (Liidecke et al.,
2019) package in R) I plotted the frequency distribution standardized deviance residuals, in which I found that there
were very few residuals beyond -2/+2 interval for all the poisson regression models. Similarly, overdispersion was
also checked based on computing the square root of the penalized residual sum of squares divided by n, the number
of observations (scaled parameter) where all of the computed values were between 0.75 and 1.4, which were the
recommended values (Blmeco, 2022).
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criterion, 10 of 17 videos were retained for subsequent analyses (see Appendix D). As illustrated
in Figure 10, the Context event models for these 10 videos were substantially richer (i.e., with a
higher number of differential elements) than their No-context counterparts, spanning multiple

differential elements (see Appendix E for radar charts of the excluded videos).
Figure 10

Radar charts depicting the differences in the average number of differential elements
represented in viewers’ predictions in Context and No-context conditions for the 10 videos

selected from Preliminary Experiment 1 for future analyses.
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Note. Each axis of the hexagon in the radar plot represents a differential element. Each hexagon
ring represents the count of differential elements with an increment of 1, where the innermost

ring represents the value 0 for all differential elements and the outer ring represents the count of
5. These plots show how participants' event models differed across these differential elements in
the Context (b/ue region) and No-context (maroon region) conditions. The green area represents
the total possible differential elements the participant could have included in their predictions,

highlighting the maximum values they could have obtained for each differential element in each

video. The area covered by the Context conditions for all ten videos is always greater than that
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covered by the No-context conditions, indicating the extent of richness in their context event
models across all six differential elements.
Preliminary Study 2 (Importance Judgment Task)

When watching a movie, the viewer's current event model determines what and where the
most critical information is on the screen from moment to moment. Event indices in the viewer's
current event model in working memory are highly prioritized in comprehension and memory
(Radvansky & Zacks, 2014; Zwaan & Radvansky, 1998). These event indices could direct
attentional selection to the relevant spatial locations on the scene represented by the target of
attention. This is because the Biased Competition Theory (Adeli & Zelinsky, 2018; Desimone &
Duncan, 1995; Tsotsos et al., 1995) predicts that the perceptual representations of these indices
require sustained, prioritized activation to be retained in working memory (Loschky et al., 2025).
Importance maps from event models may help me empirically identify the spatial regions
prioritized for attentional selection, namely the priority map. Preliminary Study 2 investigates
whether these differences in event comprehension also change viewers' judgments of the most
important piece of information at each moment in the common viewing period.

Research Question. Do differences in event comprehension change what viewers judge
as important times and locations in a film narrative?

Event Model Importance Hypothesis. The viewer's event model specifies the
meaningful/relevant information in the scene; hence, differences in the viewer's event models
prioritize different spatial locations as important, leading participants to create empirically
generated importance maps using their mouse movements. In the Context condition, participants

will consider the targets of attention to be among the most important information on the screen.
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In comparison, they will fail to identify the target of attention as important in the No-context
condition.

Null Hypothesis. The differences in event models will not change the importance of any
information in the scene. Namely, there will be no significant differences between the important
information judged in the No-context condition and the Context condition.

Stimuli. 10 pairs of silent video clips were selected using the results of Preliminary Study
1 for this study. For these 10 pairs, Common Viewing Period clips had an average duration of
44.7s, a maximum of 136s (2 m, 16 s), and a minimum of 10s. Context clips had an average
duration 0of 319.9 s (5 m, 19.9 s), a maximum of 620 sec (10 m, 20 s), and a minimum of 46 s.
These commercial films were shot in various aspect ratios ranging from 1.66:1 to 2.39:1 (see
Appendix F for detailed video specifications). As the videos will be shown on a screen with a
16:9 aspect ratio, all videos were converted to a “letterbox” format by adding black borders
above, below, or on the sides, depending on the original aspect ratio. This is done to avoid
altering the original aspect ratio, ensuring that the pixels are not stretched and that the physical
width and height remain the same. Hence, all the video files were presented in the MP4 format
and had a resolution of 1920 x 1080 pixels.

Method. The procedure is similar to Preliminary Study 1 (see Figure 11). The only
difference was that after the common viewing period (either in the No-context or Context
condition), I asked the participant to rewatch only the common viewing period and complete the
Importance Judgment Task. I presented a practice video at the beginning of the experiment to
familiarize the participant with the task. Using the 10 pairs of silent video clips selected based on
the Event Model Criterion and the results of the predictive inferences in Preliminary Study 1,

Study 2 measured spatiotemporal differences in viewers' event models for the common viewing
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period in the No-context and Context conditions. Participants (N = 60) repeated the same
procedures as Study 1 (first viewing the No-context condition Common Viewing Period, then
making a prediction; later watching the Context manipulation video + Common Viewing Period,
followed by answering prediction questions again). However, after making their predictions,
viewers were asked to watch the common viewing period again and use their mouse (visible on-
screen as a four-sided arrow) to 1) track the most important person/place/thing at each moment,
and 2) click at particularly important moments. I advised them to follow/stay on that information
as long as it remained important, and to switch to new information as it became important. After
each video clip was in the Context condition, I also asked participants whether they had seen the
movie at any time before this experiment.

Analyses. | removed participants’ responses from video clips in which they reported
having seen the movie before this experiment. However, I still included their responses from the
other video clips in the analyses. I removed a total of 7 responses: 3 from the Community video,
2 from Dogtooth, and 1 each from Ocean's Thirteen and Mr. Robot.

Target Areas of Interests Analyses. Dynamic rectangular Areas of Interest (AOIs) were
created around the targets of attention to selectively analyze mouse movements to those AOIs in

the Importance Judgment Task. I generated them semi-automatically using the free online

software Computer Vision Annotation Tool (CVAT) (https://github.com/cvat-ai/cvat.git)
(Sekachev et al., 2020), a commonly used interactive video and image annotation tool in
computer vision (Mary T Intel, 2019). I created rectangular bounding boxes around the target of
attention for each video, which were propagated across subsequent frames for relatively static
AOISs or were automatically tracked using CVAT’s Deep Neural Networks (DNNs). I then

inspected these regions of interest for each frame. I manually corrected them to ensure the
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correct targets of attention were annotated and that they were entirely enclosed within the
rectangular boxes. After this annotation, CVAT produces an output with the x-y coordinates of
the top left corner (xmin, ymin) and bottom right corner (xmax, ymax) of the Target AOIs across

all frames in pixels.

Figure 11
Experimental Design for the Importance Judgment Task.
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Note. Participants go through the Practice block first, then the No-Context block, and then the
Context block. In each block, they watch a video and answer the prediction questions at the end.
After the predictions, they are told to perform the Importance Judgment Task using their mouse
cursor while the common viewing period clip is played back. They will go through five videos in
each block.

Frame Order. Target AOIs may enter and exit the screen multiple times during the
common viewing period, or may not be present at certain periods within it. To account for that, I
will only consider the Frames with AOIs for any AOI-based analyses. Also, instead of using the

standard Frame Index (Frame number in the order of appearance for each video), I will use
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Frame Order, which is the frame number in the order of appearance while indexing only the
frames where the AOI is present. For example, if in the common viewing period video the AOI
is absent for the first 10 frames and only appears from the 11th frame, Frame Order will start
numbering from the 11th frame as 1 and will not count any subsequent frames where the AOI is
absent.

Results. As I have used participants' mouse locations to identify the importance of
specific regions on the screen, the importance of a given Target AOI can be measured by
analyzing the total time the mouse cursor spends within that AOI across video frames in which
that AOI is present.

Proportion of Time Spent within AOIs. 1 measured the importance of the target AOIs by
the time the participant spends using the mouse cursor within them. I used fotal time rather than
a measure similar® to the proportion of fixations on AOIs, which is commonly used in eye-
tracking studies, because participants were instructed to hover and follow the most important
person/place/thing with their mouse. In eye-tracking studies, saccades between fixations within
an AOI are commonly ignored because minimal visual information is extracted during saccades
due to saccadic suppression (Burr, Marrone & Ross, 1994; Dorr & Bex, 2013). However, in the
Importance Judgment Task, the participant's mouse location indicates an important location on
the screen, unless they quickly shift between locations to signal a shift in importance. I could
also have differentiated between this quick mouse movement during a shift in importance and

mouse movement when following a moving object on the screen by identifying a threshold

8 Based on other studies, a stay/stop is a period of time during which the user does not move the mouse or scroll. A
stay can be calculated using a minimum threshold of 220ms—if the stop is less than 220ms, then the mouse event will

be considered as the continuation of the previous mouse action (Milisavljevic et al., 2021).
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mouse speed. However, the mouse importance judgment is a unique meta-cognition task, with
few direct comparisons in the literature; hence, identifying and setting such a threshold will
require verification. Therefore, I have not made that distinction in the current analyses, as it
would represent only a small fraction of the entire dataset.

I analyzed the proportion of time spent within Target AOIs by converting each
participant's mouse location data (x, y coordinates) over time into a binomial variable indicating
whether a miss or a hit occurred. A value of 0 (miss) was assigned if the cursor's location at that
moment was outside the AOI, and a value of 1 (hit) was assigned if the cursor was within the
AOL After that, I ran a multilevel binomial logistic regression where mouse hit probability was
the dependent variable. | was mainly interested in whether the Condition (Context vs No-
context), Frame Order (as a proxy for time), and their interaction affected each participant’s
mouse hit probability. I initially included a maximal random-effect structure in the model, as
recommended by Barr et al. (2013); however, the maximal model failed to converge. Hence, to
control for Type I error inflation while avoiding the convergence and singularity issues
frequently associated with maximal random-slopes models, I employed a Complex Random
Intercept (CRI) structure (Scandola & Tidoni, 2024). The random-effects structure included a
basic random intercept for the AOI grouping factor, as well as complex random intercepts
representing the residual variance of AOI and Participant interacting with Condition (Context vs
No-context). Finally, Frame Order was included as a random slope for each grouping term (see
Appendix G for the detailed model selection process). Now, using this random-effect structure, I
also ran a nested model comparison to determine which fixed effects provided the best fit for
predicting mouse hit probability. I found that the best model was a multilevel binomial logistic

regression with just Condition (categorical: Context, No-context) predicting the probability of
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mouse hits on each frame, which was also better than the Null model (° (1, N=60)= 17.14, p <
.001). Adding frame order as a predictor did not improve the model fit compared to the condition
only model (y* (1, N=60) = 0.56, p = .46). Furthermore, adding an interaction between frame
order and condition also did not improve the model (° (1, N=60)= 2.34, p =.13) (see
Appendix G for complete model comparisons). Hence, only the condition appears to have a

substantial effect on the importance of the target AOI.

Table 2
Parameter Estimates for the Multilevel Binomial Logistic Regression Predicting AOI Hit
Probability.
95% CI for OR
Variable B SEB) Z  Significance(p) OR
Lower Upper
Intercept -3.09 0.30 -10.26 <001 0.05
Condition (Context) 1.35 0.23 5.78 <001 3.89 2.46 6.17

Note: Condition was effect coded (No-context = -1; Context = 1).

The parameter estimates for the best model (i.e., the model with mouse hit probability
predicted by Condition) are shown in Table 2. Based on the model, there was a significant main
effect of condition predicting the probability of AOI mouse hits (B =1.36,z=5.78, p <.001).
More importantly, participants were more likely to hit the target AOIs in the Context condition
(M = .150, SE = .048) than in the No-context condition (M = .011, SE =.004) (see Figure 12).
Thus, context manipulation influenced viewers' judgments of important screen locations. These
results further confirm that my 10 video pairs meet the Differential Event Model criterion for

strongly reducing the Tyranny of Film.
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Figure 12

Estimated marginal means of the condition (Context vs No-context) from the multilevel binomial.
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Note. Error bars are equal to +/- 95% Confidence Intervals. All values are back-transformed from
the original model’s logit scale.

Furthermore, to identify whether individual target AOIs in each video satisfied the event
model criterion, I calculated each participant's overall proportion of AOI mouse hits for each
AOI and condition. A target AOI was deemed to have satisfied the Event model criterion if the
mean proportion of AOI mouse hits for the Context condition was significantly higher than the
No-context condition across all 30 participants for that target AOI. I ran separate paired t-tests
for each condition and target AOI to test this, setting the threshold for the AOI satisfying the

Event Model Criterion to t < 0 (i.e., Context > No-context) and p < .05 (see Figure 13 & Table
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3). Based on this test, 13 of 15 selected target AOIs from the 10 videos satisfied the event model
criterion, while only 2 failed (see Table 3). I will not use the two failed targets of attention in the

following eye-tracking study, as neither meets the first criterion.

Figure 13
Graph showing the proportion of Hits by the mouse for each Target Area of Interest, averaged
across participants.
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Context condition (5/uz¢ bars) is higher than the No-context condition (Red bars) are deemed to

satisfy the Event Model criterion.
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Table 3
Table showing paired t-test comparisons of the Proportion of AOI Mouse Hits between No-
context and Context conditions for each Target AOI for 30 participants to test the Event Model

criterion.
No-context Context E\(’:erni:elgggel
Video Target Area of Interest » . » . df t Y/ Satisfied

(t<0 & p<.05)

Burning Boyfriend 0.29 0.26 0.67 022 29 -6.62  <.001 Yes
Burning New Guy 0.26 0.22 0.16 0.16 29 2.18 .038 No
Cache Adopted Brother Son 0.004 0.01 0.56 024 29 -12.60 <.001 Yes
Cache Main Character Son 0.005 0.01 0.18 0.14 29 -6.70 <001 Yes
Code Unknown  New Beggar Woman and Kid 0.07 0.10 0.17 0.12 29 -4.08 <.001 Yes
Code Unknown Potential New Begging Spot 0.001 0.003 0.0003 0.002 29 -1.44 .161 No
Community Window 0.00 0.00 0.20 020 29 -5.38 <001 Yes
Dogtooth Car Trunk 0.01 0.02 0.36 024 27 -7.67  <.001 Yes
Drive Suspicious Car 0.03 0.10 0.20 0.19 29 -4.33  <.001 Yes
Mr Robot Security Personnell 0.01 0.04 0.09 0.15 28 -2.74 011 Yes
Mr Robot Security Personnel2 0.02 0.02 0.07 0.11 28 -2.19 .037 Yes
Oceans Thirteen  Stranger at the Slot Machine 0.005 0.02 0.36 022 28 -8.66 <.001 Yes
The Fire Within ~ Gun 0.02 0.05 0.23 028 29 -3.86  <.001 Yes
The Passenger Rebel Sitting 0.01 0.04 0.18 0.14 29 -6.46  <.001 Yes
The Passenger Rebel Standing 0.05 0.13 0.24 0.19 29 -4.59 <001 Yes

Note: The p-values in bold are statistically significant with p <.05. The threshold for the AOI
satisfying the Event Model Criterion is set to be both #<0 (i.e., Context > No-context) and p <
.05. The shaded cells are those that failed the Event Model criterion.

Verification of Low Default Gaze Probability Criterion

To test the Low Default Gaze Probability Criterion, I analyzed the Common Viewing
Period video clips using the state-of-the-art DeepGaze IIE saliency algorithm (Linardos et al.,
2021). This has allowed us to determine a priori whether the targets of attention have relatively
low predicted gaze probability densities. Deepgaze IIE saliency maps will also be 2-D
probability distributions indicating how likely participants are to look at a location at any given
time, based on stimulus features and deep learning of eye movement data (similar to the one
shown in Figure 5). Saliency maps are the standard terminology in computer vision; however, I

will refer to them as Default Gaze Prediction Maps going forward for the reasons cited earlier.
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DeepGaze IIE Study

The DeepGaze IIE model predicts a fixation density P(X = (x,)|/) over possible fixation
location X = (x,y), given a frame I. Hence, when you run the DeepGaze IIE model on a given
video, it produces log(P(X]])) for every pixel location, X, represented by (x,)) coordinates in the
I'™ frame, and you will get similar values for all the frames in the video. I converted all output
values for each pixel in each frame to the exponential of the DeepGaze IIE output to obtain the
exact probability of fixating at each pixel (i.e., P(X|/))°. The probability of fixating on a
rectangular target AOI, given the (Xmin , Ymin) 18 the top left corner and (Xmax , Ymax) 1s the bottom
right corner, should be the probability of fixating in any of the pixels within the bounds of this
AOL In other words, it should be the summed probability of pixel (Xmin , Ymin) Or the adjacent
pixel (Xmint1 , ymin) or the next pixel (Xmint2 , ymin), and so on, for all the pixels bound within the
rectangular AOL

P(AOIN) = P(((Xmin » Ymin) UXmin + 1, ymin) U.....U(%max -1, Ymar) UXmax, Ymax))|)

When you consider the probability of the union of multiple events (4, B, C, etc.) given
another event (D) in probability algebra, you use the formula: P((4UBUC)|D) = [P(A|D) +
P(B|D) + P(C|D)] — [P((ANB)|D) + P((ANC)|D) + P(BNC)|D)] + P((ANBNC)|D), where U
represents the union (or “or””) and N represents the intersection (or “and”) between events;
P(4|D) means the probability of event 4 occurring given that event D has already happened.
However, since I expect the center of the fixation to be only one pixel location at a given time, I
would assume that the probability of fixating at any one pixel X; is mutually exclusive from any

other pixel X. If two events A and B are mutually exclusive then the intersection of those events,

% Note that these probability values are small with average values on the order of 106, This is expected since this
indicates the probability of the fixation being centered at that specific pixel out of the total number of 2,073,600
pixels (i.e., 1920 x 1080).
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P(ANB) = 0, hence, for the above equation I can assume all the intersection terms to be zero and
P((4UBUC)|D) =P(4|D) + P(B|D) + P(C|D) — [0 + 0 + 0] + 0 = P(4|D) + P(B|D) + P(C|D).
Hence, I can rewrite the equation for the probability of fixation within an AOI as follows:
P(AOI) = P((Xmin » Ymin)|D) + P((Xmin + 1, Ymin) [) + cerece. + P((Xmin = 1, ymin) |I) +P((Xmax, Ymax) |I)
or

(X*max-Ymax)
PAOIIN= ) PEOID (1)

X=XminYmin)

Hence, I calculated the default probability of fixating within an AOI for each Frame / by
summing the individual probabilities of all pixels within that AOL. I also verified this calculation
by summing the probabilities of all the pixels (i.e., 2,073,600) within each frame and confirmed
that they all added up to 1. Hence, the current method I used to test the Low Default Gaze
Probability criterion involves creating an AOI for each target of attention. Importantly, these are
the same AOIs used in Preliminary Study 2. Then, using DeepGaze IIE, I calculated the overall
default probability of gaze (i.e., the predicted probability of the participant’s gaze landing within
that AOI given a particular frame) of a given target of attention using the above-mentioned
Equation 1.

Note that this second criterion is absolute, unlike the Differential Event Model criterion.
Since the common viewing period is identical across the Context and No-context conditions, it
cannot be determined by comparing the two. To test this criterion, I need to establish that the
target of attention's default gaze probability does not stand out from the rest of the frame. I can
estimate this by comparing the default probability value for fixating on the Target AOI to the
random baseline distribution of probability values for AOIs of the same shape and size in that

frame. To derive the random distribution, I placed the AOI rectangle at a random location on the
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screen. | then calculated the resultant aggregate probability within the frame at that new location
using the same DeepGaze IIE default gaze probability map (Equation 1). I then repeated that
1,000 times. The probability values from the 1,000 iterations would now represent an estimate of
the random baseline distribution of the default gaze probability values for an AOI of the same

size for that video frame. Now, I can do that for all the frames in each video.

Figure 14
Frame by Frame Default Gaze Probability Prediction for the Ocean's Thirteen common viewing

period by DeepGaze IIE along with the baseline distribution measures.

Video = Oceans Thirteen; AOI = Stranger at the Slot Machine

DeepGaze l[E prediction
Baseline Upper Fence

___________________ Baseline mean

\
”””””””””” Baseline Maximum

| Upper & Lower Baseline CI
Y
I
\

Gaze probability and baseline distribution measures
4

______

1 6 11 17 23 29 35 41 47 53 59 65 71 77 83 89 95 102 110 118 126 134 142 150 158 166 174 182 190
Frame Order

Figure 14 graphs the DeepGaze IIE predicted default gaze probability for the Ocean's
Thirteen target of attention, the Stranger at the Slot Machine, and the corresponding random
baseline distribution statistics for each frame of the common viewing period. This figure shows
how the target AOI's default gaze probability compares to the baseline distribution for random
AOQIs of the same shape and size. If the corresponding target of attention AOI stands out from the
rest of the distribution, then I could say that DeepGaze IIE predicts our target of attention to be

conspicuous, and hence, a priori, fails the second Criterion. I tested this by identifying the upper
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fence'® for outliers (3rd Quartile of the random distribution + 1.5*(Inter-Quartile Range))
(Tukey, 1977) and checking whether the default gaze probability of the target of attention was
above the upper fence or not (i.e., whether it was an outlier or not). If it was clearly below the
fence line, the target AOI's predicted gaze probability did not stand out from the rest and, hence,
can be considered inconspicuous, satisfying criterion 2 for that frame. I can make the same
comparison for all frames. If my target AOIs are below the upper fence (i.e., not outliers)
throughout the majority of frames of the corresponding video, then I could accept those AOIs as
having, a priori, satisfied the predicted Low Default Gaze Probability criterion. As shown in
Figure 14, the AOI's predicted default gaze probability for this attention target is almost always
well below the upper fence. You can see what happens for other videos in Appendix H. Although
a frame-by-frame comparison of the default gaze prediction and upper fence could help predict
moment-to-moment differences in eye movements, I need to look at their averages to identify
which individual target AOIs in each video satisfy the Low Default Gaze Prediction Criteria.
Figure 15 collapses the data in Figure 14 across all frames for each AOI, and shows the
average predicted gaze probability in red and the upper fence in blue for each AOI across all 10
film clips. Here I can see that, taken as a whole, the Stranger at the Slot Machine AOI is indeed
well below the upper fence, and would thus be predicted, a priori, to be inconspicuous, thereby
meeting Criterion 2 for greatly diminishing the Tyranny of Film. The visual inspection of Figure
15 is supported by Table 4, which shows paired t-tests for each AOI and its corresponding upper

fence across all 10 film clips. I set the threshold for the target AOI satisfying the Low Default

10 Normally, the probability is compared to the random baseline mean to determine whether the likelihood of the
predicted event happening is better than chance. However, most of my Target AOIs are people or objects which the
DeepGaze 1IE is already designed to assign higher likelihood than the rest of the screen including an object
recognition component (Linardos et al., 2021; Kiimmerer & Bethge, 2023). Moreover, studies have shown that the
probability of fixating on people in free-viewing of dynamic scenes is always greated than chance (e.g., Smith &
Mital, 2013).
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Gaze Prediction criterion to be t<0 (i.e., Baseline Upper Fence > Default Gaze Prediction) and p
<.05 (see Figure 15 & Table 4). Figure 15 and Table 4 show that most AOls, a priori, meet
Criterion 2. Nevertheless, this set of a priori default gaze prediction probabilities shows that two
of the 10 film clips fail to meet Criterion 2: Burning (both AOIs failed) and The Fire Within (the
single gun AOI failed). Additionally, one of the two AOIs in The Passenger failed (the standing
rebel), while the other (the sitting rebel) managed to slip through. Based on these analyses, I
must reduce my set of 10 film clips (13 Target AOIs) that previously passed Criterion 1 to 8 film

clips (10 Target AOIs), which also passed Criterion 2.
Figure 15

Graph showing the Average predicted gaze probability of each AOI based on DeepGaze IIE
estimation and baseline upper fence averaged across all the frame orders in that particular

video.
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Note. The error bars are equal to +/- 95% Confidence Intervals. The Target AOIs where the

Default Gaze Prediction (Red bars) is lower than the Baseline Upper Fence ( bars) are

deemed to have satisfied the a priori low default gaze prediction criterion.

Table 4
Paired t-test comparisons between the Default Gaze Prediction and the Baseline Upper Fence
for each Target AOIs for all the Frames with AOIs present in the video to test the low default

gaze probability criterion.

Default Gaze Baseline Default Gaze
Video Target Area of Interest Al;redicti;; I]J‘];per Fe:;)e df t P g;lttles;::‘;l

(t<0 & p<.05)
Burning Boyfriend 0.02 0.01 0.01 0.004 441 31.78 <.001 No
Burning New Guy 0.22 0.03 0.10 0.02 458 99.23 <.001 No
Cache Adopted Brother Son 0.05 0.03 0.07 0.04 1800 -60.82 <.001 Yes
Cache Main Character Son 0.02 0.01 0.05 0.02 1818 -67.79 <.001 Yes
Code Unknown New Beggar Woman and Kid 0.13 0.11 0.18 0.08 268 -6.01 <.001 Yes
Code Unknown  Potential New Begging Spot 0.09 0.04 0.27 0.05 807  -115.15 <.001 Yes
Community Window 0.06 0.004 0.09 0.01 360 -89.42 <.001 Yes
Dogtooth Car Trunk 0.15 0.03 0.32 0.03 206 -147.31 <.001 Yes
Drive Suspicious Car 0.11 0.04 0.14 0.02 134 -7.84 <.001 Yes
Mr Robot Security Personnell 0.09 0.03 0.12 0.09 820 -15.87 <.001 Yes
Mr Robot Security Personnel2 0.03 0.01 0.08 0.03 706 -44.11 <.001 Yes
Oceans Thirteen  Stranger at the Slot Machine 0.06 0.04 0.17 0.13 190 -16.73 <.001 Yes
The Fire Within ~ Gun 0.04 0.003 0.01 0.001 338 266.58 <.001 No
The Passenger Rebel Sitting 0.03 0.01 0.04 0.03 125 -3.67 <.001 Yes
The Passenger Rebel Standing 0.05 0.05 0.06 0.05 277 -1.07 .286 No

Note. The p-values in bold are statistically significant with p <.05. The threshold for the AOIs
satisfying the Default Gaze Criterion is set to be ¢ <0 (i.e., Baseline Upper Fence > Default Gaze
Prediction) and p <.05. Cells in bold are the ones that failed the criterion.

Thus, based on the three preliminary studies, two for Criterion 1 (the event model), and
one for Criterion 2 (default gaze prediction), I was able to select eight videos that I predict will
lead to a dissociation between the stimulus-based default gaze prediction and event-based
importance map. This brings us to the key unanswered question I will investigate in this

proposed dissertation study. Will the dissociation between the Default Gaze Prediction Maps
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and the viewer's event model, as measured by both comparisons of differential elements (event

indices) and Importance Maps, lead to differences in overt attention, namely eye movements?
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Chapter 4 - Eye-Tracking Study

My results from Preliminary Study 1 show that 10 of my selected videos yield different
predictive inferences in the Context and No-context conditions. Likewise, my results from
Preliminary Study 2 show that, in the Context and No-context conditions, those 10 videos lead
viewers to prioritize different screen information from moment to moment. The results of
Preliminary Study 1 & 2 show that the 10 videos meet Criterion 1, creating differential
understanding and prioritizing the target of attention during the common viewing period in the
Context and No-context conditions. Finally, my results from Preliminary Study 3 using the state-
of-the-art gaze prediction algorithm, DeepGaze IIE, show that 8 of the 10 videos meet Criterion
2, with a low default probability that the targets of attention are fixated. Hence, in the final Eye-
Tracking Study, I aim to test whether these differences in event comprehension - specifically
how the current event model in the working memory prioritizes differential information -
influence the overt attentional selection of targets. I can measure overt attentional selection using
eye-tracking.

Attentional Selection Hypotheses

Event Model Hypothesis

The viewer's eye movements (i.e., attentional selection) will change as their
understanding of the narrative (i.e., comprehension) develops. Based on this, I expect two sub-
hypotheses: A) Participants will attend to the target of attention more whenever they watch the
common viewing period after watching the Context manipulation (Context condition) than when
they watch the common viewing period without any Context (No-context condition). B) I also

expect an interaction between the Condition and Frame Order, where the probability of fixating
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the target AOI for all Context conditions will increase with increasing frame order, but decrease,
or reach a plateau, during No-context viewing!!.

Tyranny of Film Hypothesis

Despite strengthening the event model using the Differential Event Model Criterion and

minimizing stimulus-based features using the Low Default Gaze Probability Criterion, the
presence of motion may still drive attentional selection; namely, the viewer's eye movements
will always be driven by bottom-up features, and, despite differences in comprehension, they
will remain the same. More specifically, since these stimuli are designed not to draw the
viewer’s attention to the target, in both Context and No-context, participants will not look at the
target much. Hence, contrary to what I predicted in the Event Model Hypothesis, the Tyranny of
Film Hypothesis will predict that there will be no difference in eye movements during the

common viewing period between Context and No-context viewing conditions.

Methods

Participants
I recruited 53 undergraduate students from General Psychology courses who participated
in exchange for course credit. Data from nine participants were excluded from the final analysis

for the following reasons: poor calibration or loss of eye-tracking (5), falling asleep during the

! This hypothesis was initially generated based on preliminary analyses from Study 2; however, those initial models
did not control for Type I error because complex random effect structures—specifically those including random
slopes for Frame Order—failed to converge. These preliminary results suggested a significant interaction between
time and condition, indicating that target importance increased rapidly over time in the [Context] condition, whereas
it reached a plateau in the No-context condition. More recently, by employing a Complex Random Intercept
approach to resolve these convergence issues, [ was able to implement more robust model structures. Contrary to the
preliminary findings, the updated results from the Importance Judgment Task do not support the initial prediction of

a Frame order-by-condition interaction.
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task (3), and failing to maintain position on the chin-rest (1). This resulted in a final sample of 44
participants. To ensure statistical power, I targeted a minimum of 40 valid participants per video.
I employed a stopping rule to continue recruitment until this threshold was met, accounting for
excluded or missing data. All participants were provided with informed consent under a protocol
approved by the Kansas State University Institutional Review Board. Before the experiment,
visual acuity was assessed using the Freiburg Visual Acuity and Contrast Test (FrACT).
Inclusion required a minimum acuity of 20/30 (Bach, 2006). Although all recruited participants
met this requirement, these screenings ensured they had sufficient visual acuity to maintain the
validity and accuracy of their data.

Sample Size rationale. I had to base my power analysis on other related data because 1
did not run a pilot study for the proposed experiment. Moreover, I could not find any other study
than Hutson et al. (2017) that used the jumped-in-the-middle paradigm and showed an effect of
the viewer's event model on eye movements in film; thus, it is not directly comparable for power
analyses. Apart from the 8s portion of the Houston et al. (2017) Touch of Evil study, any other
research that has shown an effect of viewers' event models on their attention selection using a
jumped-in-the-middle paradigm or a similar paradigm under special viewing conditions different
from naturalistic video clip viewing was excluded. One such special viewing condition was a
fixed-duration slideshow!? version of the Touch of Evil video clip (Hutson et al., 2022). Another
special condition was a self-paced pseudo-film/slideshow!? viewing condition using short silent

film clips (Cabaias, 2024).

121 frame every 3 seconds is picked from the videos and each frame was presented for 3 seconds in the original
order in film. Hence, the overall viewing time of the video remained the same.

131 out of every six frames were selected from the videos and participants used their key presses to move through
the frames at their own pace. This often produces a relatively smooth animation effect, but it is completely
dependent on the speed with which the participant continually presses their button (which provides a novel
dependent variable—the inter-button-press-interval).
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For that reason, I chose the Importance Judgment Task mouse data from Preliminary
Study 2 to estimate the predicted effect and run power analysis simulations. The rationale behind
using the Preliminary Study 2 data for power analyses is two-fold. First, I wanted to estimate the
number of participants needed to replicate similar differences in event-based importance for the
selected 8 videos and 10 target AOIs. Second, I expect the effect of the condition and its
interaction with frame order on mouse hit probability to resemble the probability of eye
movement fixations within the AOIs'*. I focused on 1) the main effect of Condition and 2) the
interaction between Condition and Frame Order for the current power analyses. Nevertheless,
mouse movements in the Importance Judgment Task are based on a meta-cognitive task, so |
expect them to be both more deliberate and slower than eye movements. Hence, the effect |
found on the Importance Judgment Task study is likely more pronounced than I would expect
with eye movements. Hence, the Smallest Effect Size of Interest (SESOI) (Albers & Laken,
2018; Kumle et al., 2021) would be much lower than the current effect sizes found in the mouse-
based Importance Judgment Study (Preliminary Study 2).

To determine the percentage of the Importance Judgment Task’s effect size I can expect
to find in the Eye-Tracking Study, I turn to the only previous study showing an effect of the
event model on attentional selection while watching a film clip (Hutson et al., 2017). This is
based on post-hoc analyses of the first 8 seconds of seeing the target of interest (a car, which

only those in the Context condition had previously seen and knew had a bomb in its trunk)

14 Note: Initial power analyses were based on a simpler random effect structure due to convergence issues. While
those earlier models may have inflated Type I error—yielding a significant interaction between Frame Order and
Condition not found in the final model—the primary sample size was determined by the main effect of Condition.
Since this main effect remains similar and significant under the more robust Complex Random Intercept (CRI)

approach, the original power analyses remain valid.

54



during the common viewing period of the Touch of Evil opening scene. Hutson et al. (2017)
found that the participants in the Context condition who showed the expected differences in their
understanding had a higher proportion of fixations on the target of attention (N = 65, M = 0.098,
SD = 0.086)(i.e., the car with the bomb in the trunk) than the No-context participants (N = 62, M
=0.054, SD = 0.078). I then compared the effect size, measured as Cohen’s ds for between-
subject designs, reported in Hutson et al. (2017) (d; = 0.535), with the effect sizes for each of the
Target AOIs' in the Preliminary Study 2 (Importance Judgment Task study). I found that this
effect size from Hutson et. al. (2017) was roughly 64% and 66% smaller than the median effect
sizes, measured as Cohen’s d,,,/? for repeated measures, of the 10 Target AOIs (d,, = 1.46 and
dm = 1.57) in Preliminary Study 2 (see Appendix I for effect sizes for all AOIs). Hence, a
conservative rule of thumb could be to calculate the sample size needed to detect an effect that is
only 65% of the effect found in the Importance Judgment Task mouse study.

Hence, I considered 65% of the fixed-effect coefficients (B) for all predictors of mouse
hit probability from Preliminary Study 2 as my Smallest Effect Size of Interest (SESOI) to
determine the number of participants required for the current study. For the power analysis, |
employed the mixed power Package in RStudio (Team, 2022), as suggested by Kumle et al.
(2021). Based on a multilevel binomial logistic regression from Preliminary Study 2, I conducted

power simulations using 100 iterations with both the same parameter estimates from Preliminary

15 Hutson et. al. (2017) effects were based on just one video with one Area of Interest (i.e.,the car with the bomb in
the trunk) and post-hoc ANOVA analysis with Tukey’s HSD comparisons. Hence, comparing this effect to
individual effect sizes of each target of attention in preliminary experiment 2 would be the simpler and
straightforward comparison.

16 Cohen’s d for repeated measures (Cohen, 1988), is the standardized effect size calculation used for within-
subjects data which enables comparing effects across within and between-subjects (see Appendix 8 for more

details).
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Study 2 (data-based) and parameter estimates reduced by 65% for all predictors (SESOI). Based
on the results of this power analysis, a sample size of n =40 and a 65% smaller effect size will
still provide statistical power> 80% for both the Condition and the Condition x Frame Order
interaction. Hence, 40 participants per video should provide sufficient statistical power to detect
significant differences in the proportion of fixations on target AOIs (alpha = .05) in a within-
subjects design.
Materials

I used the eight pre-selected videos with 10 target AOIs that satisfied criteria 1 and 2 in
the Eye-Tracking study. For these 8 video pairs, the Common Viewing Period clips have an
average duration of 49.5 s, ranging from 10 s to 136 s (2 min, 16 s). Context clips have an
average duration of 289.13 s (4 min, 49.13 s), a maximum of 620 s (10 min, 20 s), and a
minimum of 46 s. These commercial films were shot in various aspect ratios ranging from 1.66:
1 to 2.39: 1. As the videos were run on a screen with a 16:9 aspect ratio, all the videos were
converted to a “letterbox” format by adding black borders below and above, or on the sides,
depending upon the original aspect ratio. This is done to avoid altering the original aspect ratio,
ensuring that the pixels are not stretched and that the physical width and height remain the same.
Hence, all the video files were presented in the MP4 format and have a resolution of 1920 x
1080. I played all the videos at 24 fps and displayed them on the same screen used in Preliminary
Study 2, namely, the l[iyama G-master 27-inch screen with a 1920 x 1080-pixel resolution.
Hence, the videos filled the entire screen natively.
Data Recording

I recorded all eye movements using an SR Research Eye-Link 1000 eye tracker, which

tracks participants' eyes using the dark pupil and corneal reflection to estimate gaze at 1,000 Hz.

56



Subjects viewed videos with a forehead and chin rest to minimize sudden head movements by
the participant. I performed calibration and subsequent validation at the beginning of every
experimental session. I used a nine-point calibration procedure, which was further validated by
ensuring an average spatial error of less than 0.5 degrees of visual angle (dva) and a maximum
error of less than 1 dva, as recommended by Holmqvist and Andersson (2017).
Study Design

The eye-tracking study employed a within-subjects jumped-in-the-middle design (Figure
16) similar to the Preliminary Study 1 & Preliminary Study 2. The within-subject design enables
one to control for any individual differences in attentional selection, such as differences due to
cultural background (Chua et al., 2005; Masuda & Nisbett, 2001), working memory capacity

(Unsworth & Engle, 2007; Unsworth et al., 2004), and so on.

Figure 16

Within-subject jumped-in-the-middle paradigm for the Eye-Tracking study. Their eyes will be
tracked while they watch the videos.

Practice

Prediction
Who, What, When,

Where, Why, and
How

Repeat for 8 videos Repeat for 8 videos

In this within-subject study, participants first watched the No-context version of all 8
videos while their eye movements were tracked. After each video, the participant would give
their predictions for what would happen next. After the No-context block of eight videos, the
viewers watched each of the common viewing period videos again, this time only after watching

each video's context video. The within-subject design also tests a causal effect for the Context
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manipulation by employing a longitudinal comparison (time 1 vs. time 2) rather than a
correlational effect between subjects.

To counterbalance any effect of viewing order (i.e., videos they see last in the sequence
of 8 videos could be affected by fatigue or learning), in each of the conditions, I also have eight
different orderings of the videos, also known as video sets (see Appendix J to see the order of
videos in each set). I designed this counterbalancing scheme using the Latin square based on
Williams design (Williams, 1949). Hence, Participants were randomly assigned to one of the

eight video sets, ensuring that each video set had 5 participants (i.e., 5 x 8 video sets = 40 total).
Procedure

As mentioned before, I pseudo-randomly assigned participants to one of the eight video
sets. All participants watched a practice video (the common viewing period of the Touch of Evil
opening scene used in Hutson et al. (2017)) to familiarize them with the prediction task and to
provide feedback on how rich I want their predictions to be. I told all participants they would
watch video clips to understand them better while I tracked their eye movements. Each trial in
each group began with a drift check, during which the participant was presented with a central
fixation point (similar to the one used in the calibration and validation processes). They needed
to press the spacebar while looking at the fixation point to start the video. Whenever participants'
fixation locations during these drift checks are not within 2 degrees visual angle (dva) of the
central fixation, I recalibrated them before proceeding to reduce calibration drift (i.e., a
calibration spatial offset that increases over time).

Participants were presented with the common viewing period for one of the videos (No-
context block) after the practice. Before each common viewing period, a central fixation cross

flashes on and off at a rate of 60 ms per half-cycle, 4 times in a row, for a total of 480 ms (i.e., 4
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x 120 ms =480 ms). This should produce oculomotor capture of their gaze, ensuring that all
participants start each common viewing period from the same central fixation location. After
they finished watching each common-viewing-period video, they were asked, “What will happen
next?” This was followed by prompts to disambiguate any vague responses by providing probing
questions about who, where, when, why, and how regarding their prediction. After that, they
repeated the same process for the following 7 videos. The order in which these eight videos are
presented to them was based on the video-order counterbalancing set they were assigned to at the
beginning of the study (see Appendix J for the video order in each set). Once they finish this No-
context block, I give them a short break to avoid fatigue.

After the break, they were presented with the Context manipulation videos for the same
set they had watched in the No-context block, in the same order. After they watched the first
Context manipulation video, they saw the same flashing central fixation cross as in the No-
context block before the common viewing period for that video began. After watching the
common viewing period, I ask them the same “What will happen next?”” prediction question,
together with the same follow-up probing questions as in the No-context block. I asked them an
extra question in this block: “Have you seen this film clip anytime before this experiment?” to
which they can answer “Yes” or “No”. After these questions, they repeated the same process for
the remaining seven videos. The videos presented in the Context block were in the same order as
the No-context block, to maintain the same time gap between the first and second viewings of
the common viewing periods across videos. After this block, I debriefed the participant and

credited them for their participation.
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Data Cleaning measures

To test the event model's effect in the jumped-in-the-middle paradigm, I need to ensure
that the participant’s No-context viewing is a true control and that they were not familiar with the
video before this experiment. Hence, for participants who reported having seen a video clip
before the experiment, I excluded their eye movements for that clip only from my analyses.
Based on that, I removed a total of 9 responses: 4 from the Ocean’s Thirteen video, 3 from the
Drive video, and 2 from Community and Mr. Robot. 8 more responses were also removed for
having a data loss rate > 20% for a video due to blinks or loss of track (Komogortsev et al.,
2010). Finally, I also used a conservative cutoff of removing fixations below 40ms and above
3,000ms to clear eye movements that could be due to tracker error (similar to the cleaning

procedure in Hutson et al., 2022), still retaining 98% of fixations for analyses.

Data Variables

Proportion of fixations within AOIs

To compare the time spent within the target AOIs, I compared the proportion of fixations
within AOIs, a standard measure used in previous studies (e.g., Hutson et al. 2017, Hutson et al.
2022). Moreover, as mentioned before, minimal visual information is gathered during saccades
due to saccadic suppression (Burr, Marrone & Ross, 1994; Dorr & Bex, 2013), so saccades
within AOIs do not indicate visual processing of that region. Hence, only fixations were
considered in AOI analyses. I analyzed the proportion of time spent within AOIs similarly to the
mouse hit probability in Preliminary Study 2, which is by converting each participant’s fixation
location data on each frame, where the Target AOI is present, to a 1 (hit) if the fixation in that
frame 1s located within the Target AOI, or 0 (miss). Based on this data, I can run multilevel

binomial logistic regression models where the dependent variable is the probability of fixating
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the Target AOI (i.e., AOI fixation hit probability). Details for various regression models to be
run using this variable are listed in the analysis plan section.

To account for the probability of fixating on target Areas of Interest (AOIs) by chance -
given both their screen area and inherent spatial viewing biases - I employed a spatial
permutation procedure (adapted from Smith & Mital, 2013). For every frame containing a target,
I generated a random baseline distribution of fixation hits using a Monte Carlo simulation (1,000
iterations). In each iteration, a surrogate AOI was created by sampling a random spatial location
while maintaining the exact dimensions (width and height) of the observed target AOI for that
specific frame. To establish a population-level estimate of viewing behavior, I pooled all
fixations from both the Context and No-context conditions. I then calculated the proportion of
fixations within the surrogate AOI coordinates across all 1,000 iterations. This generated a
spatial baseline that accounts for the physical size of the AOIs and systematic gaze tendencies,
such as the center bias (Dorr et al., 2010; Kiimmerer et al., 2017; Tatler et al., 2011). While AOI
size and frame duration varied across videos, the grand mean of this random fixation hit
probability (M =.031, SD = .069) is utilized as the control baseline. Finally, the observed
fixation proportions for the actual target AOIs were compared against this permuted distribution
to determine statistical significance.

A priori Predictions from Preliminary Studies

Stimulus-based Default Gaze prediction (P(D)). The a priori estimate for the stimulus-
based Default Gaze prediction (P(D)) is simply the default gaze probability for a given AOI and
frame order in the video, calculated as the sum of the individual default gaze probabilities of all

pixels within that AOI. The probability of each pixel in a frame is already estimated using the
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DeepGaze IIE algorithm in Preliminary Study 3. For multilevel regression analyses, these values
will be scaled and centered to standardize the unit change in both a priori predictions.
Event-based Importance prediction (P(I)). The a priori estimate for the event-based
Importance is the proportion of mouse hits (P(I)) on a given AOI for each frame order, averaged
across the 30 participants from Preliminary Study 2. This has already been estimated in
Preliminary Study 2. For multilevel regression analyses, these values will be scaled and centered

to standardize the unit change in both a priori predictions.

Analysis Plan

Proportion of fixations within AOIs

I analyzed the proportion of time spent within AOIs when the Target AOI is present by
converting each participant’s fixation location data on each frame to a 1 (hit) if the fixation in
that frame is located within the Target AOI, or 0 (miss). Based on this data, I ran a multilevel
binomial logistic regression where the dependent variable is the probability of fixating the Target
AOI (i.e., AOI fixation hit probability). The random effect structure for the full model, which
includes condition, frame order, and their interaction as predictors, was selected using a Complex
Random Intercept (CRI) approach (Scandola & Tidoni, 2024) to prevent pseudoreplication (i.e.,
inflation of degrees of freedom) and reduce the risk of Type I errors. This method, according to
Scandola & Tidoni (2024), also reduces singularity and non-convergence issues caused by
overparameterization. The full-CRI model yielded a singular fit; I removed the CRI with the
lowest variance, as recommended by Scandola & Tidoni (2024) (see Appendix K for details).
The resultant final full random-effects structure included basic random intercepts for my
grouping factors (AOI and Participant), as well as complex grouping terms representing the

residual variance of AOI and Participant interacting with Condition. Finally, the continuous
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variable of Frame Order was included as a random slope attached to the AOI, AOI:Condition,
and Participant:Condition grouping terms.

Now, keeping this random effect structure constant, I compared nested models to test
various hypotheses, starting with the Tyranny of Film (null) hypothesis, represented by a null
model with only an intercept and the pre-selected random effect structure. To test the event
model hypothesis, [ added Condition (Context vs No-context) as a predictor and compared the
model performance to the null model. The nested models are then tested using a likelihood-ratio
test to identify the best-fitting model for the fixation-hit probability data and to reject the null or
alternative hypotheses. The effects of frame order (time) on viewers’ likelihood of fixating the
target were further tested by first adding Frame Order and then adding the interaction between
the Condition and Frame Order as predictors to the model. A likelihood ratio test was run at each
step.

Relative Weights of stimulus-based default gaze probability and event-based
importance

In this analysis, I again used the probability of fixating target AOIs as the dependent
variable to estimate how well my a priori predictions fared against participants' ground-truth
attention to the target. More importantly, this analysis allows us to assess the relative
contributions/weights of my a priori probability of fixation estimates from Stimulus-based
Default Gaze predictions and Event model-based AOI Importance (mouse hit) probability. To
estimate the relative weights participants' gaze has given to these two a priori estimates, I ran
multiple hierarchical multilevel logistic regressions predicting the probability of fixating the
Target AOIs to evaluate how adding each a priori estimate improves the model's estimates of the

dependent variable.
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However, by design, the condition variable is highly correlated with the mouse hit
probability estimates. In preliminary study 2, I already found that the mouse hit probability is
highly dependent on condition: participants had significantly more mouse hits on the target
during the Context condition than during the No-context condition. Hence, these will lead to
strong multicollinearity issues in the model if I were to consider both Condition and mouse hit
probability as predictors in the same model. Moreover, I am primarily interested in comparing
the relative weights of the default gaze probability and mouse hit probability, rather than how the
a priori predictions interact with the Condition. Hence, I ran two separate model comparisons
and analyses for the Context and No-context data. Given the systematic selection of the clips, I
already expected a low rate of fixations to the target during the No-context condition. Moreover,
the importance of the target is expected to be uninformative for predicting fixations to the target,
given the poor event model they would have in the absence of context. I still primarily looked at
the No-context condition gaze data to see whether saliency could still predict the small number
of fixations to the target. In other words, I can examine whether the target's relatively low
saliency influences participants who end up looking at it during the No-context condition.

I kept the same random-effect structure, selected as the best for the proportion of fixation
analyses; however, I now omitted the condition slopes for both AOIs and participants, since
models for each condition are run separately. Hence, the random-effect structure I kept constant
across nested model comparisons includes random intercepts for each participant and each Video
and AOI combination (as some videos have multiple AOIs), along with random slopes for frame
order varying by both participant and Video and AOI combinations. I started the hierarchical
regression comparison with the Base model, in which the predictors of Fixation Hit Probability

are only the intercept and the aforementioned random effects. I then added Default Gaze
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Prediction (P(D)) as a new predictor to the Base model to create the second model, namely the
Base + Stimulus Features model. 1 evaluated whether it improved the Base model. The third and
final model, namely Base + Stimulus Features + Event Importance model, was run by adding the
Event-based Importance prediction (P(I)) as the new predictor. I then again compared the new
model with the previous model using a likelihood ratio test and checked whether the new model
improved the model fit. These steps remain the same for both Context and No-context datasets. |
expected the best model in both cases to be the Base + Stimulus Features + Event Importance
model, as both a priori predictions are expected to predict viewers’ attention to the target.
Importantly, the fixed-effect coefficients of the best model provide estimates of the relative
contributions of stimulus-based and event-based predictions to attention in both the Context and

No-context conditions.

Results

Proportion of fixations within AOIs

Based on the event model hypotheses, I predicted that participants would make a greater
proportion of fixations to the target AOIs in the Context condition than in the No-context
condition. In contrast, the Tyranny of Film (null) hypothesis would predict no effect of the
condition. A likelihood ratio test reveals that the model'” (see Table 5) with condition as fixed
effects provided a better fit to the AOI fixation hit probability data compared to the Tyranny of
film model (° (1, N=44) = 11.12, p <.001), indicating strong evidence against the Tyranny of
film hypothesis in favor of the event model hypothesis. Planned pairwise comparisons indicated

a significant effect of condition; participants were 5.71 times more likely to fixate on the target

17 No significant overdispersion (dispersion ratio = 0.415, p = .128) detected using performance package (Liidecke
etal.,2019) in R.
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when in the Context condition than in the No-context condition (OR =5.71,z=4.21, p <.001).
Hence, when both criteria are satisfied, the participants will look less at the target when they are
not aware of its importance (No-context: P(target fixation)'® = .014, SE = .005) and will shift
their attention to the target after seeing the context and know its importance (Context: P(target
fixation) =.077, SE =.023) (see Figure 17b).

Table 5
Parameter Estimates for the Multilevel Binomial Logistic Regression Predicting AOI Fixation

Hit Probability.

95% CI for OR

Variable B SE(B) V4 Significance(p) OR
Lower Upper
Intercept -3.35 0.25 -13.50 <.001 0.03
Condition (Context) 0.87 0.21 4.21 <.001 2.39 1.59 3.59

Note: Condition was effect coded (No-context = -1; Context = 1).

Analysis of raw fixation distribution revealed that the target AOIs attracted significantly
more attention in the Context condition than expected by chance. Across all frames and videos,
the raw proportion of fixation hits in the Context condition (M = .111, SD = .097) was
significantly higher than the permuted random baseline (chance) for AOIs of same size (M =
.031, SD = .069), as indicated by the mean Z-score (z = 2.26, p = .01). While in No-context
condition (M = .030, SD = .053), the proportion of fixations within AOIs remained at chance (z =
0.16, p = .43) suggesting that the target AOIs in No-context condition did not attract attention
beyond what would be expected by chance (see Figure 17a). Hence, these comparisons indicate
that the visual features of the target AOI are insufficient to drive the viewer’s attention beyond

what is expected given its size and position in the No-context condition. In the Context

18 Estimated marginal mean probability of fixating the target AOI based on the multilevel logistic regression model
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condition, participants looked at the target because it was important for comprehension,

regardless of AOI size, location, or visual features.
Figure 17
Raw average and multilevel binomial logistic model estimated fixation hit probability on target

AOIs of the condition (Context vs No-context).
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Note. The error bars are equal to +/- 95% confidence intervals. The horizontal brown line and the
dotted lines represent the random probability of fixating the target and the +/-95% confidence
interval of that permuted random distribution. The observed differences between raw and model-
estimated means result from the generalized multilevel model’s use of partial pooling, which
applies shrinkage to item-level estimates. Because my AOIs exhibited large variance in fixation
hit probability, raw means were susceptible to skew from atypical items; however, model-
Estimated Marginal Means (EMMs) provide a more robust, generalizable estimate of the
condition effect by downweighting the influence of these outliers (Gelman & Hill, 2006). While
these EMMs serve as the basis for inferential testing, the raw means are retained in the above
visualizations primarily to compare specific AOI performance against random-chance levels.

I also hypothesized that participants’ likelihood of fixating on the target could increase
over time on the video (frame order) as their predictions became more imminent, and that this

rate of increase could vary across conditions. However, adding frame order as a predictor did not
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improve the model fit compared to the condition-only model (y° (1, N=44) = 1.81, p=.18).
Furthermore, adding an interaction between frame order and condition also did not improve the
model (¥ (1, N=44) = 3.37, p = .07) (see Appendix L for complete model comparisons).
Hence, only the event-model condition appears to have a substantial effect on attentional
selection. At the same time, the probability of fixating the target did not increase or decrease
over time during the AOI's presence in the common viewing period video. This is probably
because there is a lot of variance in the random slopes for frame order (7;; = 12.90, SD = 3.79),
indicating that the rate of change in proportion of fixation with frame order varied a lot across
target AOIs within the different conditions. Moreover, as you can see in the raw proportion of
fixation hits on target over time for the Ocean’s Thirteen clip in Figure 18, the proportions of
fixation hits fluctuate over time, and there is not a unidirectional change with frame order. If time
in the video is not causing the increase or decrease in the likelihood of fixating the target, then
what is modulating these fluctuations in fixations-to-target probability over time? There will be
some systematic fluctuations in probability values due to changes in the size of the dynamic
target AOI across frame order; however, those large changes will be the same across the a priori
predictions, as their respective calculations were made using the same AOIs. Hence, when
controlled for these variations with frame order, I should be able to measure the relative impact
of each a priori prediction. In fact, in Figure 18, you can see that a priori prediction seems to
modulate together with Fixation hit probability, especially in the Context condition. In the
Context condition, you can see that changes in Importance prediction also align mostly with
changes in the Fixation hit probability. In No-context, the overall proportion of fixations to the
target is very low. Still, I can at least see a major common peak in both the Default Gaze

Probability and Fixation hit probability around frames 25 to 45 in the common viewing period
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video. I can statistically measure these influences using the relative weights of the a priori

predictors in a multilevel logistic regression aimed at predicting fixation hits to the target.
Figure 18

Frame by Frame changes in the raw average probability values of fixation hit probability and
the two a priori predictions (Default Gaze Prediction and Importance Prediction) in the

Ocean’s Thirteen clip for both Context and No-context viewing.
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Note. The fixation hit probability goes up and down over time; the large dips found in all three

curves indicate large changes in AOI size or entry/exit of the AOI. Beyond that, you can see that
the changes in Importance prediction (dotted lines) roughly accompany changes in Fixation hit
probability in the Context condition ( lines). For default gaze probability (dashed lines),
there is one major peak in the No-context (Red lines) that matches with the only major peak in
Fixation hit probability around the Frame Order of 25 to 45. See Appendix M to see the same

comparison for all other AOIs.
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Relative Weights of stimulus-based default gaze probability and event-based
importance

For Context condition, I found that AOI fixation hit probability predictions compared to
the Base model (only intercept and random effects) improves with the addition of the default
gaze probability (y° (1, N=44) = 1135.35, p <.001), which is further improved by the addition
of the AOI importance probability (v (1, N = 44) = 824.15, p <.001) (see Appendix N for
detailed model comparisons). This indicates that the best model is the Base + Stimulus Features

+ Event Importance model®

, meaning that both a priori predictions provide meaningful
contributions to predicting fixations to the target AOIs. Based on this model, both the Importance
prediction (B = 0.40, p <.001) and the Default gaze prediction (B = 0.25, p <.001) were
significant unique predictors (Table 6, for details). For a one-standard-deviation change in
Importance prediction (M = .28, SD = .24), the odds of looking at the target increase significantly
by 49% (OR = 1.49, SE = 0.02), which, on average, corresponds to a 3.12% increase in the
fixation hit probability. Similarly, for every 1 standard-unit increase in Default gaze prediction
(M = .05, SD = .05), the odds of a fixation hit increase significantly by 29% (OR = 1.29, SE =
0.01), which, on average, is an increase of 1.98% in the fixation hit probability.

To determine which a priori prediction had a greater relative impact on fixation hits on
target, I compared the standardized regression coefficients using the emmeans package (Lenth &
Piaskowski, 2017). A direct comparison of the slopes revealed that the effect of Importance

Prediction was significantly stronger than that of default gaze prediction (48 =0.14,z=7.28, p

<.001) (see Figure 19a). Hence, event-based importance is a strong predictor of participants’

1 No significant overdispersion (dispersion ratio = 0.685, p = .496) detected using performance package (Liidecke
etal., 2019) in R.
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gaze to the target during the Context condition, and has a stronger influence on attentional
selection than stimulus-based default gaze probability. This indicates top-down biasing of gaze
competition during film viewing when both criteria are satisfied.

Table 6
Parameter Estimates for the two separate Multilevel Binomial Logistic Regressions for each

condition, where a priori predictions are predicting the AOI Fixation Hit Probability.

95% CI for OR

Condition Variable B SE(B) zZ Significance(p) OR
Lower Upper

Context

Intercept -2.64 0.26  -10.09 <.001

Importance prediction (P(I)) 0.40 0.01 28.25 <.001 1.49 1.45 1.53

Default gaze prediction (P(D)) 0.25 0.01 23.35 <001 1.29 1.26 1.32
No-context

Intercept -4.41 033 -13.24 <.001

Importance prediction (P(I)) 0.04 0.01 3.88 <.001 1.04 1.02 1.07

Default gaze prediction (P(D)) 0.31 0.01 26.30 <001 1.37 1.34 1.40

Note: Both a priori predictions, such as stimulus-based default gaze prediction and event-based
importance prediction, are scaled and centered.

For the No-context condition, I also found that the complete Base + Stimulus Features +
Event Importance model still provided a better fit to the data than the model with only default
gaze prediction as a predictor (y2(1, N =44) = 14.22, p <.001). Furthermore, the default gaze
prediction only model was better than the Base model (° (1, N=44)= 757.13, p <.001) (see
Appendix N.for detailed model comparisons). Based on the Base + Stimulus Features + Event
Importance model?’, the default gaze probability has a strong effect on the likelihood of looking
at the target (OR = 1.37, SE = 0.02, p <.001), where one standard deviation change in default

gaze prediction (M = .05, SD = .05) increases the odds of fixating the target by 37%, which is on

20 No significant overdispersion (dispersion ratio = 0.194, p = .2) detected using performance package (Liidecke et
al., 2019) in R.
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average is an increase of 0.7%?! in the fixation hit probability. It is important to note that the
Odds Ratio of the default gaze probability on attention in the No-context condition is slightly
higher than the Context condition (OR = 1.29, SE = 0.01), indicating a stronger influence of
stimulus-based features on viewers’ attention to the target during the No-context viewing (see

Figure 19b).
Figure 19
Effect size (Odds Ratio) of both a priori predictions on predicting AOI fixation hit probability for

each condition, Context and No-context separately.
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Note. The error bars are equal to +/- 95% confidence intervals. The effect size, measured as an
odds ratio, indicates the rate of change in the odds of fixating the target for a 1-standard-unit
(SD) increase in the a priori predictions. Finally, the dotted line indicates no change in fixation

hit probability.

2! The seemingly small average change in predicted probability (0.7%)—despite a higher Odds Ratio for the No-
context condition—is a known artifact of the logistic regression’s sigmoid geometry. Because the sigmoid curve is
flattest at its extremes, the marginal change in probability depends heavily on the baseline position. In my data, the
No-context condition lies in the lower 'tail' of the curve (95% CI: 2.6-2.8%), where the slope is nearly horizontal.
Conversely, the Context condition (95% CI: 12.4-12.8%) sits further up the curve's steeper section. Consequently, a
high Odds Ratio in the No-context condition results in a smaller absolute probability shift than a lower Odds Ratio

would in the Context condition.
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Finally, while the model indicated a statistically significant positive association between
importance prediction and target gaze, the effect size was minimal. A one-standard-unit increase
in Importance prediction (M = .01, SD = .03) resulted in only a 4% increase in the odds of a
target hit (OR = 1.04, SE = 0.01, p <.001). When transformed to the probability scale, this effect
yielded a significant average marginal slope close to zero (Slope = 0.001, z =2.78, p = .005),
corresponding to an average of 0.1% increase in fixation hit probability. A direct comparison of
the slopes revealed that the effect of default gaze prediction was significantly stronger than that
of Importance prediction in the No-context condition (4B =0.27,z=16.73, p <.001).

In conclusion, I have a contrasting pattern between the Context and No-context
conditions. In the Context condition, importance prediction has a relatively greater influence on
fixations to the target than the default gaze probability. In No-context, the default gaze
probability has a stronger influence on attention to the target than the minimal influence of
importance prediction. These trends indicate the successful dissociation of bottom-up stimulus-
based default gaze prediction from event-based importance predictions for attentional selection

of the target.
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Chapter 5 - Discussion

Many people might assume that viewers' eye movements are influenced by their moment-
to-moment comprehension as they watch films or TV. Surprisingly, several recent studies have
shown evidence of the Tyranny of film, namely that big differences in comprehension
nonetheless produce nearly identical gaze patterns (Davis et al., 2021; Huff et al., 2014; Hutson
et al., 2017; Loschky et al., 2015). This study has asked whether this is true for all directed
videos, or whether there are specific conditions under which differences in event comprehension
lead to differences in attentional selection. The answer to this question has important
implications for theories of the relationship between comprehension and attention (e.g., Loschky
etal., 2018, 2020, 2025) and has real-world applications in mass media and education.

My results have shown that when there is a target of attention that satisfies both of the
two proposed criteria, namely, 1) differential prioritization of the target based on the context
(Differential Event Model Criterion), and 2) low default gaze probability of the target, then the
viewer’s event model can influence attentional selection, breaking the Tyranny of film.

My results from the Eye-Tracking Study showed that, once participants in the Context
condition became aware of the importance of the target of attention, they were more likely to
look at the target than when in the No-context condition. Preliminary Study 2, which used the
mouse-based Importance Judgment Task, showed that participants in the Context condition
perceived the target as more important than in the No-context condition, aligning with the gaze
results in the Eye-Tracking Study. In Preliminary Study 3, I showed that the targets of attention
have relatively low default gaze probability and do not stand out from the rest of the scene,
thereby verifying the Low Default Gaze Probability criterion. Importantly, the Eye-Tracking

Study found that this was also reflected in the gaze data: participants in the No-context condition,
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who lacked strong event-model guidance, only looked at the target at a frequency expected by
chance. Hence, as predicted previously in my Figure 7, in the No-context condition, satisfying
the Low Default Gaze Probability Criterion means that the stimulus features should not
reflexively draw viewers’ attention to the target, and that their impoverished event-model should
likewise lack the prior knowledge needed to direct their attention to it. Conversely, in the
Context condition, once the target of attention’s moment-to-moment importance increases,
satisfying the differential event model criteria, a dissociation between stimulus-based features
and event-model-based importance is created. This opens the opportunity for the event model to
influence attention to the target, and my Eye-Tracking Study showed that it did.

In both Preliminary Study 2 and the Eye-Tracking Study, time did not emerge as a
significant fixed effect. This suggests that neither the perceived importance of the target nor the
likelihood of fixating upon it increases or decreases monotonically as a function of its duration
on screen. Instead, temporal trajectories appear highly AOI-specific: while some targets showed
a strong increase in attention and importance over time, others declined or remained stable.
These results indicate that temporal changes are unique to individual AOIs, necessitating follow-
up content analyses to identify specific patterns in event model and gaze behavior. Although I
initially hypothesized a monotonic relationship, these findings suggest that the influence of time
may be non-monotonic—potentially following a quadratic, sinusoidal, or inverted-U curve.
Furthermore, clip-based differences in the timing of shifts in event-model relevance and default
gaze probability may be obscuring global temporal effects. Consequently, my findings
demonstrate that fluctuations in the likelihood of looking at a target are modulated more
effectively by moment-to-moment changes in default gaze probability and situational importance

than by the mere duration of the target AOI's on-screen presence.
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In the Eye-Tracking Study, in the No-context condition, the default gaze probability had
a moderate effect on the likelihood of fixating the target. A naive assumption would hypothesize
that stimulus-based default gaze features have the same effect on attention across conditions.
However, in the Context condition, the default gaze probability was again a moderate predictor
of fixations to the target, but this time that influence was reduced compared to the No-context
condition; specifically, the event-based importance was now a stronger predictor and was
calculated to have a higher weight compared to the default gaze probability. The above results
are consistent with the Biased Competition Theory (Adeli & Zelinsky, 2018; Desimone &
Duncan, 1995; Tsotsos et al., 1995 ), which employs a winner-take-all approach where an
increase in the influence of the top-down event model factor will lead to a decrease in the
relative influence of stimulus-based bottom-up features. This is especially true when bottom-up
stimulus-based features are dissociated from top-down influences, as accomplished in this study
by verifying, in Preliminary Studies 1-3, that both hypothesized criteria for reducing the Tyranny
of film are met. Thus, when the event model is richer and has a top-down prioritization of the
target, the importance map modulates viewers’ attention to the target. However, in the No-
context condition, without any strong event-model biasing toward the target, their bottom-up
default gaze probability becomes the primary factor driving attention to the target. In this
condition, the viewer is still likely constructing a default event model of the primary character(s)
and events, which influences gaze toward those key components. Furthermore, the creation of
this default event model is initially heavily influenced by bottom-up factors, leading to high
congruence between top-down and bottom-up influences. However, this default event model
often does not include the target of attention and results in showing only a minimal effect of

Importance on attention to the target during the No-context condition.
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Broader Application of the Current Method of Breaking the Tyranny of Film

The current set of studies provides a method for breaking the Tyranny of film. This could
therefore be used with a new set of videos by following a similar procedure. Methods used to
achieve Criteria 1 and 2 can be used to identify and create new videos, and new additions to the
criteria can also be employed to test new hypotheses. The experiment results should be
interpretable as long as Criterion 1 (Differential Event Model Criterion) helps to create a
“strong” and measurable event model that points to the target of attention, and Criterion 2 (Low
Default Gaze Prediction Criterion) minimizes the visual saliency of the target of attention one
way or another; any other controlled changes should be workable. One can run Deep Neural
Network-based default gaze probability maps of the selected videos to confirm whether the
dissociation of the theoretically-driven target of attention (mostly linked to the differential
elements) is inconspicuous. One can also use the threshold I used in this study, where I compared
the default gaze probability values to the upper fence of the random baseline distribution to
determine its conspicuity. However, this threshold could be made either conservative or liberal.
It may need further refinement based on follow-up studies involving the clips/AOIs that failed
the Default Gaze Criterion selection, or other studies involving other videos. I have developed
the two criteria above for situations in which I believe pre-existing film clips can be used to
demonstrate the impact of the viewer's event model on their attentional selection. I propose that
future studies use existing film clips or, even better yet, create experimenter-generated films that
adhere to these criteria.

Moreover, Importance maps, with further validation, could be used to empirically
identify what viewers' event models consider essential in a visual narrative, especially in

dynamic images. Point-click maps have already been used to generate static narratives and
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stimuli to produce “importance” maps (Hutson et al., 2018; Kim et al., 2017). However, to my
knowledge, no previous empirical method can help identify what is important in a dynamic scene
based on the viewer's event model (i.e., their moment-to-moment understanding). Suppose that
the importance map can effectively filter default gaze prediction maps, thereby improving their
gaze movement predictions in the Context condition. In that case, it could also imply that

importance maps can be a practical way to identify priority maps for event model processes.
Event model and default gaze congruence spectrum of videos

Imagine a spectrum in which the right end consists of film clips in which event-model-
driven biasing is fully congruent with the targets or locations of highest default gaze probability.
Films at this end of the spectrum feature event-relevant targets that are also the most visually
salient, typical of most conventional cinema, where filmmakers successfully direct attention to
emphasize narrative importance, leading to the Tyranny of Film phenomenon. I could claim that
this end of the spectrum represents high guidance, characterized by explicit attentional direction
by the creator.

By contrast, the left end of the spectrum consists of clips in which event-model
influences are fully incongruent with default gaze patterns. Films at this end feature event-
relevant targets that are among the least salient objects or locations in the scene. This end also
includes clips where the filmmaker intentionally allows the viewer to explore the scene to find
relevant targets; my selected videos fall into this category. These stimuli can be said to have low
guidance. While most videos lie between these extremes, the level of congruence between event-
model priority and default gaze prediction decreases from right to left.

My Low Default Gaze Probability criterion identifies the boundary on this spectrum

beyond which an event-model-relevant target, when prioritized, can successfully influence

78



attentional selection. While the examples considered here are film clips, I hypothesize that this
spectrum applies to all dynamic stimuli. For instance, CCTV or amateur footage likely lies at the
far-left end, where event targets are not necessarily the most salient items. This is why news
editors or documentary filmmakers often add explicit visual cues, such as a red circle or arrow.
By adding these cues, they are essentially shifting the clip from the incongruent end of the
spectrum toward the congruent end.

This spectrum may also explain why naturalistic stimuli have been particularly successful
in exhibiting event-model effects on attention. For example, Wahlheim et al. (2022) used videos
of everyday activities with presumably equal default gaze probabilities. The effect of the event
model was demonstrated through viewers' attention to a target versus an alternative item (e.g., an
actor placing a key in a doorknob vs. a deadbolt) based on prior knowledge. In this case, the
elements were designed not to differ in salience; therefore, neither would reflexively draw
attention without prior knowledge. Consequently, such stimuli would likely meet my second
criterion.

While I have not yet tested this hypothesis using DeepGaze IIE, these examples satisfy
my first criterion, i.e., viewers differentially prioritize targets based on their stored event model.
By extrapolation, it is possible that these two criteria—Differential Event Model and Low
Default Gaze Probability—could be generalized to all previous research showing event-model
effects on attention in moving images. A subsequent meta-analysis of such studies could confirm
whether these criteria serve as a universal framework for understanding top-down attentional

selection across all filmic and non-filmic media.
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Role of familiarity

One of the advantages of this study is its within-subject design, which allows for causal
inference about the relationship between context and attentional selection and controls for
individual differences (Chua et al., 2005; Masuda & Nisbett, 2001; Unsworth & Engle, 2007;
Unsworth et al., 2004). However, the same design could also introduce a caveat: participants will
watch the common viewing period twice, first without context and second with context. Hence,
familiarity with the common viewing period during the second viewing could influence viewers.
Viewing the common viewing period a second time influences eye movements (Dorr et al.,
2010). Even if it does not explain eye movements to the target AOls, it could still influence
viewers’ overall eye movements and thus reduce or increase the frequency of fixations to the
targets. Participants in the repeated-viewing condition will show less attentional synchrony than
during their first viewing. Namely, participants tend to look at similar locations during their first
viewing. However, during repeated viewing, they tend to look at different parts of the scene and
explore it more (Dorr et al., 2010). For this reason, conducting a future study using a between-
subjects design could eliminate that issue and would therefore be a good idea. Our laboratory is

currently doing that.
Role of individual differential event elements in attentional selection

Based on this research, I foresee clear future research directions for exploring the effects
of the event model on attentional selection across both theoretical and applied sciences. The
results of Eye-Tracking Study 4 showed an apparent effect of the event model on attentional
selection for my selected videos. In doing so, it has provided an existence proof that
understanding events in certain conditions can overcome the Tyranny of Film and influence

attention selection, even in commercial film clips. Future studies can be designed to investigate
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the underlying necessary and sufficient conditions for breaking the Tyranny of Film. For
example, one can explore how crucial each differential element is for creating differences in
attentional selection. Can the effect be just an agent effect (Hutson et al., 2017), namely, does the
participant attend primarily to a character or object newly introduced in the Context condition? If
so, the attentional effects should persist even after removing other event indices from the event
model. Researchers can test the agent effect by comparing eye movements between two groups
of participants, with one group receiving the same context manipulation as in the current study.
The second group could have the context manipulation video frames randomized across 1s bins
(for example, Dorr et al., 2010), so it would be very difficult to understand the entire context
(hence, difficult to identify many other differential elements other than the entities, particularly
time, goals, causality, and temporal operativity). Still, they will have enough visual exposure to
the differential entities to identify them (and probably also locations, actions, and emotions) in

the common viewing period.
Implications for filmmaking and viewers’ attentional modulation

Famous film director/screenwriter Alexander Mackendrick, in his book On film-making:
An introduction to the craft of the director, said: “What a film director really directs is the
audience’s attention” (Mackendrick & Cronin, 2005, p. 200). Over time, many filmmakers have
perfected this art of directing attention to highlight what’s important to a story and to de-
emphasize what’s not. They employ various techniques to achieve this, including visual
composition, ensemble staging, focus pulls, camera movements, sudden character movements,
etc. (Bordwell et al., 2024). These create strong synchronization across viewers’ eye movements.
As their attention is typically stimulus-controlled by the filmmakers, this produces effortless,

primarily attentionally passive viewing for the audience. This close link between what’s
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important to the film’s narrative and the most attention-grabbing scene elements could be a
major reason why studies in the fields of scene perception, and event comprehension—using
conventional film clips—tfailed to show any strong effects of the event model on attention known
as the Tyranny of Film (Hutson et al., 2017; Loschky et al., 2015). Although the Tyranny of Film
seems to be the norm in many well-directed films, many filmmakers also choose not to actively
guide viewers' attention, instead allowing them to explore the scene freely. Specifically, Austrian
director Michael Haneke has stated that he prefers to “...give the spectator the possibility of
participating. The audience completes the film by thinking about it; those who watch must not be
just consumers ingesting spoon-fed images” (Conrad, 2012).

In the clips used in the current study, the filmmakers placed strong emphasis on the target
by establishing context. Still, they provided little or no visual emphasis on it during the common
viewing period, thereby allowing the viewer’s event model to fill in the gaps. This approach was
most effective for time-sensitive events, analogous to Hitchcock's hypothetical practice of setting
a bomb's timer at the scene's outset to build suspense. If the event trigger is clearly emphasized
early on, the filmmaker can step back, allowing the viewer’s understanding to focus attention on
the target in anticipation of the outcome. For example, as discussed before in the Ocean’s
Thirteen clip, the filmmaker earlier in the film shows a lot of emphasis on the special coins and
their impact on slot machines by showing the tactics employed by Brad Pitt’s character to slyly
give the coin to a stranger and show the clear effect of its use on the slot machine by showing a
stranger winning big. This helps establish the cause-and-effect relationship between the special
coin and hitting the jackpot, which should now be stored in the viewer’s working memory and
later in their long-term episodic memory. Later, a few seconds before the start of the common

viewing period, the filmmaker initially drew the audience’s attention to the transfer of the special

82



coin to the stranger by Brad Pitt, by showing that interaction in close-up. However, for the next
10 seconds in the common viewing period, the director decided to stay back and do nothing more
to draw the viewer’s attention to the stranger in the background. The filmmaker, in fact, moved
the camera farther, reducing the target's default gaze probability. However, since the viewer’s
episodic memory contains the previous event with the coin and its effects, they can anticipate
what will happen next. They can shift their attention to the stranger in the background
occasionally to verify their prediction. For some videos used in the current studies, maintaining a
consistent visual composition or camera perspective when the target was introduced in the
context provided a schema for the location, enabling viewers to locate the target later without the
filmmaker explicitly guiding their visual attention. Low visual emphasis on the target during the
primary (common viewing period) clip can be achieved by placing the target off-center, out of
focus, with limited motion, or by surrounding it with numerous distractors. When these methods
are used wisely, the filmmaker can draw the viewer into actively participating in creating the
narrative—encouraging them to make inferences, recognize dramatic irony, and anticipate
suspenseful outcomes. Moreover, it provides a deeper understanding of how filmmakers can
control attention, or, conversely, allow viewers to direct their attention to narrative content. This
has perhaps been nowhere more clearly shown than in the final static-camera long shot from
Haneke’s Cache (Haneke, 2006) used in the current study, which notoriously allowed, and
required, the film viewer to guide their own attention. In fact, the scene from Cache was a
touchstone for the entire study and had one of the largest effect sizes of any clip, despite having
targets that were noticed by only 62% of participants. This is because participants have to put
effort into finding targets in a crowd. Still, once they find them, they tend to give their undivided

attention to those targets (see Appendix A, Cache section, for target AOIs and videos).
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Chapter 6 - Conclusion

The present study demonstrates that the Tyranny of Film can be reduced and that a
stronger role for event comprehension in directing attention can be achieved when two criteria
are satisfied by the video clips. From the results, I conclude that when there are minimal bottom-
up stimulus-driven or medium-specific effects on attention to a particular target on the screen,
the event model's prioritization of that target can still influence viewers’ gaze toward it.
Additionally, it indicates that any research on attentional selection using found-footage film, or
indeed any dynamic stimuli, must ensure a clear separation of stimulus-based effects from top-
down influences on relevant locations or object features, so that their individual impacts can be
distinguished in the findings. This study makes important theoretical contributions by providing
a robust test of SPECT and demonstrating that attentional selection during dynamic stimuli
should be understood as an interaction between the strength of bottom-up influences, such as
motion in the stimuli, and top-down influences, such as event model prioritization, to predict
where viewers will fixate. If bottom-up effects are very strong, the influence of top-down event
models is negligible or cannot be separated from them. Conversely, if top-down influence is
dominant, attention can be directed even toward less salient objects. Furthermore, it offers a
deeper insight into how filmmakers can guide attention or enable viewers to focus on narrative
content themselves. Future research can explore where the thresholds of these criteria lie, which
components of the event model are most critical in attentional selection, and how to model
attention by predicting potential interactions between viewers’ understanding and stimulus

features.
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Appendix A - Videos and their targets of attention

Burning??

This clip is from Burning (Chang-dong, 2018), a South Korean Psychological Thriller. In
this clip, there are two Targets of Attention: the “Boyfriend” in the Background and the “New

Guy” seated at the dining table. See the still from its Common Viewing Period, where the yellow

bounding boxes mark the targets of attention.

You can see the No-context version (i.e., common viewing period) here.

You can see the Context manipulation here.

22 Not selected for Eye-tracking study but used in Preliminary studies 1,2, & 3
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https://drive.google.com/file/d/1ChUxZEOVxj8S1XCPxyCMibx5DiofLcWT/view?usp=sharing
https://drive.google.com/file/d/1H8Er2LVomPxdQaAB-2B2OYCsVwAuCZyi/view?usp=sharing

Cache®

This clip is from Cache (Haneke, 2005), a French Thriller. In this clip, there are two
Targets of Attention: the Adopted Brother Son, the older boy on the left, and the Main Character

Son, the younger boy on the right. See the still from its Common Viewing Period, where the

yellow bounding boxes mark the targets of attention.

You can see the No-context version (i.e., common viewing period) here.

You can see the Context manipulation here.

23 Selected for Eye-Tracking Study
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https://drive.google.com/file/d/1JNSsm1XNQdpKtyWdtkJkrtyI_fxzQHcK/view?usp=sharing
https://drive.google.com/file/d/1ocGADfGpiKmHHQceiz6HB-Y1DZBHkq2d/view?usp=sharing

Code Unknown?*

This clip is from Code Unknown (Haneke, 2000), a French drama. In this clip, there are

two Targets of Attention: the first shot is the New Beggar Woman and Kid, and the second shot

is the Potential New Begging Spot. The yellow bounding boxes mark the targets of attention.

24 Selected for Eye-Tracking Study but only one target AOI used, New Beggar Woman and Kid.
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You can see the No-context version (i.e., common viewing period) here.

You can see the Context manipulation here.

98


https://drive.google.com/file/d/12eBGfTZSeG2HWVfc5yGDGoF-dU8Hv21V/view?usp=sharing
https://drive.google.com/file/d/1vRBV5K6AIp9mK7DAnnnpetjfl9sD5HUY/view?usp=sharing

Community?

This clip is from Community, Season 3, Episode 7 (2011), an American sitcom. In this
clip, there is only one target of attention: the half-open right-side window in the background. The

yellow bounding boxes mark the targets of attention.

11 (_!". I
1
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You can see the No-context version (i.e., common viewing period) here.

You can see the Context manipulation here.

25 Selected for the Eye-Tracking Study.
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https://drive.google.com/file/d/1bSs-c9yJIu4z3E4x4hXEL_l9rmuU3B8d/view?usp=sharing
https://drive.google.com/file/d/1qV27V0FYsQsF1Jg-84xnCw6e0ywZrqw6/view?usp=sharing

Crimson Gold Version 1 & Version 22¢

This clip is from Crimson Gold (2003), an Iranian Crime drama. This video had two
versions that varied in when the common viewing period started; version 1 started a little earlier

than version 2. In these clips, there is only one Target of Attention: the man in the center talking

to the taxi driver. The yellow bounding boxes mark the targets of attention.

You can see the No-context version 1 (i.e., common viewing period) here.
You can see the Context manipulation version 1 here.
You can see the No-context version 2 (i.e., common viewing period) here.

You can see the Context manipulation version 2 here.

26 Both versions, not selected for Preliminary Study 2 & Eye Tracking Study, used in Preliminary Studies 1.
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https://drive.google.com/file/d/14fWfdGr-5DTgrhbiX8LMoiL-XCFuE2Vl/view?usp=sharing
https://drive.google.com/file/d/1FEqOdRKsCS3Upmo6seuYkIpt-YreCr5X/view?usp=sharing
https://drive.google.com/file/d/1ogPmulmlicpKZQ10SVULmmzcuRKrV-JE/view?usp=sharing
https://drive.google.com/file/d/1GXy2a88zXLjPyc7nXM1atwXqpNkZPUwI/view?usp=sharing

Dogtooth?’

This clip is from Dogtooth (2009), a Greek absurdist psychological drama. This video has

only one target of attention: the car trunk. The yellow bounding boxes mark the targets of

attention.

You can see the No-context version (i.e., common viewing period) here.

You can see the Context manipulation version here.

27 Selected for the Eye-Tracking Study
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https://drive.google.com/file/d/1TwDTOmyQIiDbwVXnCeZHNgyK93Ntw5Xv/view?usp=sharing
https://drive.google.com/file/d/1mbkRwdL590so80byZ_vZAbk1AEDS947T/view?usp=sharing

Drive?®

This clip is from Drive (2011), an American action drama. This video has only one target

of attention: the suspicious car parked in the background. The yellow bounding boxes mark the

targets of attention.

You can see the No-context version (i.e., common viewing period) here.

You can see the Context manipulation version here.

28 Selected for Eye-Tracking Study
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https://drive.google.com/file/d/1rLGPPv8MjGra0PUlT1MIhRhmOkw_5mpa/view?usp=sharing
https://drive.google.com/file/d/1GkTyn5dbOMlL0YuArRGUJYGU9bmR5w-d/view?usp=sharing

Mr. Robot*

This clip is from Mr. Robot, Season 3, Episode 5 (2017), an American thriller drama
television series. This video has two targets of attention, both of which represent the security

personnel standing and discussing in the background. The yellow bounding boxes mark both

targets of attention.

You can see the No-context version (i.e., common viewing period) here.

You can see the Context manipulation version here.

2 Selected for Eye-Tracking Study
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https://drive.google.com/file/d/1STjyDiEzDhD1eyaOYYwY5n2GpEykiSc4/view?usp=sharing
https://drive.google.com/file/d/14C-ltTc4By3B9f7jDDHpLjjn9nEzgwBM/view?usp=sharing

Ocean’s Thirteen’

This clip is from Ocean’s Thirteen (2007), an American heist thriller. This video has only

one target of attention: the stranger at the slot machine in the background. The yellow bounding

boxes mark the targets of attention.

You can see the No-context version (i.e., common viewing period) here.

You can see the Context manipulation version here.

30 Selected for Eye-Tracking Study
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https://drive.google.com/file/d/1SWth2_bxHIeGdWVwdULxrur35DdR5WRq/view?usp=sharing
https://drive.google.com/file/d/1llPqHiWituY-bl3MzP0CkIGQK9seHZgt/view?usp=sharing

Revanche?!

This clip is from Revanche (2008), an Austrian thriller. This video has only one target of

attention: the photo of the woman on the table. The yellow bounding boxes mark the targets of

attention.

You can see the No-context version (i.e., common viewing period) here.

You can see the Context manipulation version here.

31 Not selected for both the Preliminary Study 2 and Eye-tracking Study. Only used for Preliminary Study 1.
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https://drive.google.com/file/d/1m0Dp80iv6cNTR4noecsUdBMkqau39_vz/view?usp=sharing
https://drive.google.com/file/d/15NzLF39pQjm3wxTI5NEfgXMdDolgm8LO/view?usp=sharing

Spoorloos Version 1 & Version 23

This clip is from Spoorioos (1988), a Danish horror/crime thriller. This video has only
one target of attention: the kidnapper sitting in the background. The yellow bounding boxes mark
the targets of attention. The only difference between the versions is that the common viewing

period ends earlier in version 2 than in version 1.
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You can see the No-context version 1 (i.e., common viewing period) here.
You can see the No-context version 2 (i.e., common viewing period) here.

You can see the Context manipulation version 1 & 2 here.

32 Both versions not selected for both the Preliminary Study 2 and Eye-tracking Study. Only used for Preliminary
Study 1.
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https://drive.google.com/file/d/1mIICf9TnYSXM70K5XoeophncfzGgYosU/view?usp=sharing
https://drive.google.com/file/d/1zRzr4oagBXzknfWgn9JBimZaCcYqt5vT/view?usp=sharing
https://drive.google.com/file/d/1K3Xx0FAwtOAUDasp1lXwQvvR0UrLeLdh/view?usp=sharing

The Fire Within Version 133 & Version 234

This clip is from The Fire Within (1963), a French drama. This video has only one target
of attention: the gun on the bedside table in the background. The yellow bounding boxes mark
the targets of attention. The only difference between the versions is that the common viewing

period ends earlier in version 2 than in version 1.
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You can see the No-context version 1 (i.e., common viewing period) here.

You can see the No-context version 2 (i.e., common viewing period) here.

You can see the Context manipulation version 1 & 2 here.

33 Not selected for both the Preliminary Study 2 and Eye-tracking Study. Only used for Preliminary Study 1.
3 Not selected for Eye-tracking study but used in Preliminary studies 1,2, & 3
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https://drive.google.com/file/d/1PQGAc07JZYxAn5DYA2L5U86HdebyrGr4/view?usp=sharing
https://drive.google.com/file/d/15GQELxhR-UnViq-pOfp3vx-wO_ZJTwyd/view?usp=sharing
https://drive.google.com/file/d/1y1o9DUxZcHmZ8_KiufnS9TWr0IMeS1Ah/view?usp=sharing

The Passenger>®
This clip is from The Passenger (1975), an Italian drama thriller. This video has two
targets of attention: the standing rebel on the left and the sitting rebel on the right. The yellow

bounding boxes mark the targets of attention.

You can see the No-context version (i.e., common viewing period) here.

You can see the Context manipulation version here.

35 Selected for the Eye-tracking Study but only one Target was used, the sitting rebel.
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https://drive.google.com/file/d/1bURR1YR_jT8a_s6woLwvyd7yKZZ0z8ct/view?usp=sharing
https://drive.google.com/file/d/1D7s53utyj1l2OQ8KMgckaiH5Tm9jBeOv/view?usp=sharing

The Secret in Their Eyes*¢

This clip is from The Secret in Their Eyes (2009), an Argentinian crime thriller. This
video has one target of attention, the person in the right corner of the screen. The yellow

bounding boxes mark the targets of attention.
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You can see the No-context version (i.e., common viewing period) here.

You can see the Context manipulation version here.

36 Not selected for both the Preliminary Study 2 and Eye-tracking Study. Only used for Preliminary Study 1.
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https://drive.google.com/file/d/1SsdhcUxC-mNKkU1XQMWBluUJnKUKQ6Vl/view?usp=sharing
https://drive.google.com/file/d/11ZXPel-KpDM5UyuM7L1l1sgjpU_cPNbz/view?usp=sharing

Appendix B - Schema for Steps in Creating a Context Manipulation

a. Find a movie clip meeting the two criteria of
i. having an animate or inanimate entity, or an innocuous location, but
ii. it suddenly becomes very important to the story after a period of time in which
it had seemed completely unimportant.

b. Analyze and list out the set of differential elements that contrast with

1. before, when your event model suggested that the entity or location was
completely unimportant, and

ii. after, when your updated event model made you realize that the entity or
location was very important. That is your Target of Attention.

c. Check if there is an important action or event involving the Target of Attention that
could be predictively inferred even if it were not shown. If so, that is your predictive
inference.

d. Write a summary of the minimal narrative that includes all of the differential
elements, but stops just before the predictive inference should occur.

e. Find footage from the video that conveys all, or most, of the differential elements.

1. In cases in which you either
1. cannot find footage that conveys one or more of the differential
elements, or
2. cannot do so without spending too much time,
3. convey that information as text (i.e., intertitles).
a. Insuch cases, try to be as concise and informative in conveying
those missing differential elements as possible.
b. Present the intertitles for the amount of time predicted to be
necessary to read them, based upon subtitle reading time rules.

f. Check to make sure that you do not explicitly verbalize the importance of the target
of attention in your intertitles. That importance should be determined solely by the
differential elements in your updated event model.

g. Pilot test your pilot No-context condition, and elicit a predictive inference. Then try
again after showing your Context manipulation. Do you get large differences in
correct versus incorrect predictive inferences? If so, then your manipulation of Event
Models may be successful. Otherwise, revise your Context video and intertitles as
needed.
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Appendix C - Preliminary Experiment 1 Parameter Estimates

Table 7
Parameter Estimates for all six independent Multilevel Poisson Regression, predicting the

average rate/expected count of each differential element in viewers’ predictions.

Dispersion

Condition Variable B SE(B) z Significance(p) Ratio Chisq P

Entity 0.71 476.52 1
Intercept 1.17_ 0.17  -7.02 <.001
Condition (Context)  0.99 0.08 12.46 <.001

Goals 0.79  502.208 1
Intercept 1.03: 0.11 -8.99 <.001
Condition (Context) 1.08 0.08 13.14 <.001

Enabling Features 0.46 284.94 1
Intercept 3.1(; 0.47 -6.65 <.001
Condition (Context) 1.01 0.15 6.84 <.001

Temporal Operativity 0.63 417.37 1
Intercept 1.03- 0.14 -7.21 <.001
Condition (Context) 0.53 0.06 8.19 <.001

Spatial Proximity 0.68 455.782 1
Intercept 1.85- 0.21 -8.78 <.001
Condition (Context) 0.79 0.10 8.01 <.001

Emotions 0.54 253.68 1
Intercept 2.35- 0.38  -6.22 <.001
Condition (Context) 1.11 0.15 7.43 <.001

Note: Condition was effect coded (No-context = -1; Context = 1).
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Appendix D - Selecting Effective Videos

Figure 20

Model estimated marginal means for the total increase in differential elements for all 17 video
clips. The dotted red vertical line represents our conservative statistical criterion, marginal
mean greater than 1. We selected only those videos where the the lower bound of their 95%

Confidence Interval (CI) for the marginal mean was greater than this line.

The secretin their eyes - .

Video Name

Burning -

1

Total increase in differencial elements(marginal means)

As shown in the figure above, the bars that crossed the line were removed from future
studies. Here they are: Crimson Gold V1, Crimson Gold V2, Revanche, Spoorloos V1, and
Spoorloos V2. Both versions of The Fire Within were above the red line, and they were very
comparable in terms of marginal means; hence, we went with the version where the percentage

of people mentioning the target in the No-context was the lowest.
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Appendix E - Radar Charts for “ineffective” clips

Figure 21
Radar charts depicting the differences in the average number of differential elements
represented in viewers’ predictions in Context and No-context conditions for the videos not

selected (“ineffective” clips) from Preliminary Experiment 1 for future analyses.
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As shown in the radar plots above, there is significant overlap between Context and No-

context, suggesting little difference in their event models across all 6 elements.

Figure 22
Radar charts depicting the differences in the average number of differential elements
represented in viewers’ predictions in Context and No-context conditions for The Fire Within

Version 1 clips from Preliminary Experiment 1.
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The Fire Within Version 1 satisfied our selection criteria, and Version 2 also satisfied
them, as the lower bound of its 95% Confidence Interval (CI) for the marginal mean was greater
than 1. We ended up not selecting this version only because the number of differential elements
was higher in the No-context condition; as you can see, the maroon region is larger than the

smallest hexagon in the plot.
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Appendix F - Video Specifications

Table 8
Video specifications for the 10 videos used for verification in Preliminary Studies 2 & 3.
Cqmn-lon Context Common
. Viewing . . # of ..
. Native . Manipulation Viewing
Video . Period . Target .
Aspect Ratio . Duration Period
Duration AOIs
(s) # of Frames
(s)

Burning 235:1 19 498 2 466
Cache 16:9 86 620 2 2080
Code Unknown 1.85:1 136 254 2 3275
Community 16:9 15 46 1 361
Dogtooth 235:1 18 196 1 452
Drive 235:1 36 139 1 864
Mr Robot 16:9 34 477 2 822
Oceans Thirteen 2.39:1 10 140 1 243
The Fire Within 1.66: 1 32 388 1 441
The Passenger 1.85:1 61 441 2 1465

Note: The shaded videos were used in the final Eye-tracking study.
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Appendix G - Complex Random Intercept Selection and Nested

Regression for Mouse Hit Probability Models.

Table 9
Model comparisons to find the best random-effect structure for a multilevel logistic regression,
where Condition, Frame order, and their interaction predict Mouse hit probability to the target,

based on Preliminary Study 2.

Model Label Model random effect structure description AlC BIC Convergence?  Singular?

(1 + Frame order|Participant) +
(1 + Frame order|Participant:Condition) +
(1 + Frame order|AOI) +
Model 1 (1 + Frame order|AOI:Condition) 307285.5 307466.9 No Yes

(1|Participant) +
(1 + Frame order|Participant:Condition) +
(1 + Frame order|AOI) +
Model 2 (1 + Frame order|AOI:Condition) 307283.5 307442.2 No Yes

(1 + Frame order|Participant:Condition) +
(1 + Frame order|AOI) +
Model 3 (1 + Frame order|AOI:Condition) 307281.5 307428.9 Yes No

Note: Following the approach proposed by Scandola & Tidoni (2024), the model selection

process started with a full Complex Random Intercept (CRI) model (Model 1) and iteratively
removed the CRI with the lowest variance until a nonsingular fit was achieved. Here, Model 3
was nonsingular and converged successfully, and it was used as the final random-effect structure

for logistic regression models predicting Mouse hit probability at the target.
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Table 10
Nested model comparison for hypothesis testing and finding the best model fit for Mouse hit

probability using multilevel logistic regressions, based on Preliminary Study 2.

Label Model Description df AIC BIC logLik  Chisq Ddf p

1+

(1 + Frame order|Participant:Condition) +

(1 + Frame order|AOI) + -
Null Model (1 + Frame order|AOI:Condition) 10 307296 307409 153638

Condition +
(1 + Frame order|Participant:Condition) +
(1 + Frame order|AOI) + -
Event Model (1 + Frame order|AOI:Condition) 11 307280 307405 153629 17.14 1 <.001

Condition + Frame order +
(1 + Frame order|Participant:Condition) +
(1 + Frame order|AOI) + -
Event + Frame Order Model (1 + Frame order|AOI:Condition) 12 307282 307418 153629 0.56 1 456

Condition*Frame order +
(1 + Frame order|Participant:Condition) +
(1 + Frame order|AOI) + -
Full Model (1 + Frame order]AOI:Condition) 13 307281 307429 153628 2.34 1 126

Note: The random effect structure is the same across all models: it includes a basic random

intercept for the grouping factor of AOI, as well as complex random intercepts representing the
residual variance of AOI and Participant interacting with Condition (Context vs No-context).

Finally, Frame Order was included as a random slope attached to each of these grouping terms.
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Appendix H - Graphs for Frame Order and Gaze Probability

Figure 23
Frame by Frame Default Gaze Probability Prediction by DeepGaze IIE for the Boyfriend AOI in

Burning common viewing period along with the baseline distribution measures.
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Figure 24
Frame by Frame Default Gaze Probability Prediction by DeepGaze IIE for the New Guy AOI in

Burning common viewing period along with the baseline distribution measures.
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Figure 25
Frame by Frame Default Gaze Probability Prediction by DeepGaze IIE for the Adopted Brother

Son AOI in Cache common viewing period along with the baseline distribution measures.
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Figure 26

Frame by Frame Default Gaze Probability Prediction by DeepGaze IIE for the Main Character

Son AOI in Cache common viewing period along with the baseline distribution measures.
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Figure 27
Frame by Frame Default Gaze Probability Prediction by DeepGaze IIE for the New Beggar

Woman and Kid AOI in Code Unknown common viewing period along with the baseline

distribution measures.
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Figure 28

Frame by Frame Default Gaze Probability Prediction by DeepGaze IIE for Potential New
Begging Spot AOI in Code Unknown common viewing period along with the baseline
distribution measures.
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Figure 29
Frame by Frame Default Gaze Probability Prediction by DeepGaze IIE for Window AOI in

Community common viewing period along with the baseline distribution measures.
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Figure 30
Frame by Frame Default Gaze Probability Prediction by DeepGaze IIE for Car Trunk AOI in

Dogtooth common viewing period along with the baseline distribution measures.
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Figure 31
Frame by Frame Default Gaze Probability Prediction by DeepGaze IIE for Suspicious Car AOI

in Drive common viewing period along with the baseline distribution measures.
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Figure 32
Frame by Frame Default Gaze Probability Prediction by DeepGaze IIE for Security Personnell

AOI in Mr. Robot common viewing period along with the baseline distribution measures.
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Figure 33
Frame by Frame Default Gaze Probability Prediction by DeepGaze IIE for Security Personnel2

AOI in Mr. Robot common viewing period along with the baseline distribution measures.
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Figure 34
Frame by Frame Default Gaze Probability Prediction by DeepGaze IIE for Gun
Within common viewing period along with the baseline distribution measures.
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Figure 35
Frame by Frame Default Gaze Probability Prediction by DeepGaze IIE for Rebel Sitting AOI in

The Passenger common viewing period along with the baseline distribution measures.
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Figure 36
Frame by Frame Default Gaze Probability Prediction by DeepGaze IIE for Rebel Standing AOI

in The Passenger common viewing period along with the baseline distribution measures.
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Appendix I - Power Analysis Effect Size Comparisons

Table 11
Cohen’s d for repeated measures was calculated separately for each Target AOI in Preliminary

Study 2.

No Context Context
Video Target Area of Interest df t ) r drm
M SD M SD
Cache Adopted Brother Son 0.004 0.01 0.56 024 29 -12.60 <.001 18 2.99
Cache Main Character Son 0.005 0.01 0.18 0.14 29 -6.70  <.001 17 1.60
Code Unknown  New Beggar Woman and Kid 0.07 0.10 0.17 0.12 29 -4.08  <.001 12 0.97
Community Window 0.00 0.00 0.20 020 29 -5.38 <001 .00 1.47
Dogtooth Car Trunk 0.01 0.02 0.36 024 27 -7.67  <.001 .04 2.02
Drive Suspicious Car 0.03 0.10 0.20 0.19 29 -433 <001 .03 1.13
Mr Robot Security Personnell 0.01 0.04 0.09 0.15 28 -2.74 011 .04 0.72
Mr Robot Security Personnel2 0.02 0.02 0.07 0.11 28 -2.19 037 .10 0.57
Oceans Thirteen  Stranger at the Slot Machine 0.005 0.02 0.36 022 28 -8.66  <.001 .01 2.27
The Passenger Rebel Sitting 0.01 0.04 0.18 0.14 29 -6.46  <.001 12 1.57
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Appendix J - Video set order

If there is a carry-over effect from the previous video they watched (either in a context or
a No-context block) on their prediction and attention on the current video, then we want to
balance those carry-over effects. They are balanced using the Williams design, a generalized
Latin square (Williams, 1949). Hence, we are counterbalancing the effect of the order in which
the videos are presented to the participants. However, this method controls only for first-order
carry-over, i.e., all videos are preceded by one of the other 7 videos or none (i.e., it is the first
video in the order) at least once, as shown in the Latin square below. Moreover, this method
ensures that all the videos are presented in. For example, if you notice the Latin square below,
the letter A representing a video is presented in all 8 positions across the 8 video sets.

Here is the suggested 8x8 Williams Latin Square, where each row corresponds to one of
the 8 video sets, and each column corresponds to the position in the order in which videos will be
presented in a block. And each cell represents the video to be presented at that position.

Video Set A: 12837465

Video SetB: 23148576

Video Set C: 34251687

Video SetD: 45362718

Video SetE: 56473821

Video SetF: 6 7584132

Video SetG: 78615243

Video SetH: 81726354

Each alphabet represents a video clip, and here is the mapping of the letters and videos,

which is currently just assigned based on their alphabetical order:

133



1 — Cache
2 — Code Unknown

3 — Community

4 — Dogtooth
5 — Drive
6 — Mr. Robot

7 — Oceans Thirteen

8 — The Passenger

Each of these video sets was pseudo-randomly assigned to the participants along with the
4 groups. Hence, the 40 participants in a group gave at least 5 participants each in one of the

video sets listed above.
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Appendix K - Selecting Random Effect Structure for Fixation Hit

Probability

Table 12
Model comparisons to identify the best random-effect structure for a multilevel logistic
regression, where Condition, Frame order, and their interaction predict the target fixation hit

probability, based on the Eye-tracking Study.

Model Model random effect structure
Label description AIC BIC Convergence?  Singular?

(1 + Frame Order|Participant) +
(1 + Frame Order|Participant:Condition) +
(1 + Frame Order|AOI) +
Model 1 (1 + Frame Order|AOI:Condition) 168684.4 168860.7 Yes Yes

(1|Participant) +
(1 + Frame Order|Participant:Condition) +
(1 + Frame Order|AOI) +
Model 2 (1 + Frame Order|AOI:Condition) 168682.4 168836.7 Yes No

Note: Following the approach proposed by Scandola & Tidoni (2024), the model selection

process started with a full Complex Random Intercept (CRI) model (Model 1) and iteratively
removed the CRI with the lowest variance until a nonsingular fit was achieved. Here, Model 2
was nonsingular and converged successfully, and it was used as the final random-effect structure

for logistic regression models predicting the target fixation hit probability.
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Appendix L - Nested Model Comparison for Hypothesis Testing for

Table 13

Fixation Hit Probability

Nested model comparison for hypothesis testing and finding the best model fit for Fixation Hit

Probability using multilevel logistic regressions, based on the Eye-tracking Study.

Label

Model Description

daf

AIC

BIC logLik X Adf P

Null Model

Event Model

Event + Frame Order Model

Full Model

1+

(1|Participant) +

(1 + Frame order|Participant:Condition) +
(1 + Frame order|AOI) +

(1 + Frame order|AOI:Condition)

Condition +

(1[Participant) +

(1 + Frame order|Participant:Condition) +
(1 + Frame order|AOT) +

(1 + Frame order|AOI:Condition)

Condition + Frame order

(1|Participant) +

(1 + Frame order|Participant:Condition) +
(1 + Frame order|AOI) +

(1 + Frame order|AOI:Condition)

Condition*Frame order

(1|Participant) +

(1 + Frame order|Participant:Condition) +
(1 + Frame order|AOI) +

(1 + Frame order]AOIL:Condition)

[\

14

168689

168680

168684

168682

168810  -84334

168812 -84328 11.12 1 <.001

168827  -84329 1.81 1 179

168837  -84327 3.37 1 .067

Note: The random effect structure is the same across all models:

included basic random

intercepts for my grouping factors (AOI and Participant), as well as complex grouping terms

representing the residual variance of AOI and Participant interacting with Condition. Finally, the

continuous variable of Frame Order was included as a random slope attached to the AOI,

AOI:Condition, and Participant:Condition grouping terms.
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Appendix M - Frame-by-frame changes in the raw average
probability values of fixation hit probability and the two a priori

predictions.

Figure 37

Frame by Frame changes in the raw average probability values of fixation hit probability and
the two a priori predictions (Default Gaze Prediction and Importance Prediction) of the Adopted
Brother Son AOI in the Cache clip for both Context and No-context viewing.
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Figure 38

Frame by Frame changes in the raw average probability values of fixation hit probability and
the two a priori predictions (Default Gaze Prediction and Importance Prediction) of the Main
Character Son AOI in the Cache clip for both Context and No-context viewing.
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Figure 39

Frame by Frame changes in the raw average probability values of fixation hit probability and
the two a priori predictions (Default Gaze Prediction and Importance Prediction) of the New
Beggar Woman and Kid AOI in the Code Unknown clip for both Context and No-context
viewing.
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Figure 40

Frame by Frame changes in the raw average probability values of fixation hit probability and
the two a priori predictions (Default Gaze Prediction and Importance Prediction) of the Window
AOI in the Community clip for both Context and No-context viewing.
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Figure 41

Frame by Frame changes in the raw average probability values of fixation hit probability and
the two a priori predictions (Default Gaze Prediction and Importance Prediction) of the Car
Trunk AOI in the Dogtooth clip for both Context and No-context viewing.
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Figure 42

Frame by Frame changes in the raw average probability values of fixation hit probability and
the two a priori predictions (Default Gaze Prediction and Importance Prediction) of the
Suspicious Car AOI in the Drive clip for both Context and No-context viewing.
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Figure 43

Frame by Frame changes in the raw average probability values of fixation hit probability and
the two a priori predictions (Default Gaze Prediction and Importance Prediction) of the Security
Personnell AOI in the Mr. Robot clip for both Context and No-context viewing.
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Figure 44

Frame by Frame changes in the raw average probability values of fixation hit probability and
the two a priori predictions (Default Gaze Prediction and Importance Prediction) of the Security
Personnel2 AOI in the Mr. Robot clip for both Context and No- context viewing.
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Figure 45

Frame by Frame changes in the raw average probability values of fixation hit probability and

the two a priori predictions (Default Gaze Prediction and Importance Prediction) of the Rebel

Sitting AOI in the The Passenger clip for both Context and No- context viewing.
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Appendix N - Nested Model Comparison to Test the Relative

Influence of Stimulus and Event Model

Model details
Base Model: 1 + (1 + Frame order|AOI) + (1 + Frame order|Participant)

Base + Stimulus Model: Default Gaze Prediction + (1 + Frame order|AOI) + (1 + Frame

order|Participant)

Base + Stimulus + Event Model: Default Gaze Prediction + Importance Prediction + (1 + Frame

order|AOI) + (1 + Frame order|Participant)

Table 14
Nested multilevel logistic regression model comparison for hypothesis testing and finding the
best model fit for Fixation Hit Probability using Default Gaze Prediction and Importance

Prediction as predictors.

Condition Model Description df AIC BIC logLik 1’ Adf p
Context

Base Model 7 119440 119512 -59713

Base + Stimulus Model 8 118306 118389 -59145 1135.35 1 <001

Base + Stimulus + Event Model 9 117484 117577 -58733  824.15 1 <001
No-context

Base Model 7 47494 47566 -23740

Base + Stimulus Model 8 46739 46822 -23362  757.13 1 <001

Base + Stimulus + Event Model 9 46727 46820 -23354 14.22 1 <001

Note: The random-effect structure is the same across all models: random intercepts for each
participant and AOI, along with random slopes for frame order varying by both participant and

AOL
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