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ABSTRACT

Understanding how people form appraisals under uncertainty is a foundational
challenge for social cognition research. Naturalistic stimuli are a powerful tool for
modeling these processes, but the cognitive and neural dynamics that govern real-time
appraisal during complex narratives remain underexplored. Across three studies, this
dissertation investigated how individuals dynamically appraise social and non-social
ambiguity using a 45-minute episode of a murder mystery drama. In the first fMRI study,
participants continuously rated their certainty regarding a primary character’s guilt. Neural
synchrony during this appraisal task was examined via inter-subject correlation and sliding
window approaches, revealing temporally dynamic, content-sensitive neural alignment in
social-cognitive networks. The second study extended this design behaviorally, examining
the structure and variability of hypothesis generation across individuals. The third study
manipulated appraisals directly, instructing participants to assess the informativeness of
scenes in relation to a guilt hypothesis. Integrating these findings, the dissertation
demonstrates that stimulus complexity and interpretive framing jointly modulate appraisal
synchrony, and that these processes are supported by distributed regions in the default
mode, salience, and attentional networks. These findings advance our understanding of
how people resolve social ambiguity in real time and highlight the value of continuous self-
report and dynamic brain-behavior alignment in naturalistic settings. Implications for

social inference and real-world decision-making are discussed.
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CHAPTER 1

INTRODUCTION

The Ubiquity and Relevance of Uncertainty in Social Cognition

Whether encountering strangers for the first time or making decisions about long-
trusted friends, social situations are often rife with uncertainty. This uncertainty can stem
from incomplete information (Fiske, 1992), conflicting cues (Clark et al., 2018), or
unpredictability in others’ intentions, emotions, or future behavior (Fiske, 1992; Vives &
FeldmanHall, 2018; Ybarra et al., 2010). Uncertainty may sometimes be easier to recognize
and quantify from non-social sources - like actuarial risk assessments or betting odds - than
from social sources (Ellsberg, 1961; Hertz et al., 2020; Kahneman & Tversky, 1978)
because others may not disclose their emotions, goals, or beliefs (Frith & Frith, 2012).
Even when cues are available, they may be inconsistent or subtly contradictory, creating
conflict and uncertainty about the other’s state of mind (Dovidio & Gaertner, 2000).
Prejudice, for example, can involve a complex layering of conflicting cues (e.g., polite
language paired with dismissive tone) that render others’ intentions both ambiguous and
cognitively demanding to interpret (Clark et al., 2018). Further complicating matters,
others’ behavior is often unpredictable (Kahneman & Tversky’, 1978), especially in
contexts featuring strategic decision-making or limited communication, where actors may
conceal or withhold information to gain advantage (Neys et al., 2011). Individuals are left
to reason under ambiguity rather than risk in such cases, as no clear probabilities can be

assigned to possible outcomes (Deutsch, 1960; Hertz et al., 2020). These features (i.e.,



partial observability, mixed signals, and behavioral indeterminacy) make social uncertainty
a persistent and cognitively demanding challenge in many situations.

Dealing with such uncertainty is an unavoidable reality of daily life, and its
consequences are far-reaching. Social uncertainty in particular evokes aversive and
distressing affective states (Birrell et al., 2011; Kagan, 1972), and psychologically-typical
adults reliably demonstrate ambiguity avoidance in both economic (Ellsberg, 1961; R. Li
et al., 2015; Trautmann et al., 2008) and interpersonal contexts. For example, individuals
will incur personal costs to reduce uncertainty about how others will respond to their
actions (Hertz et al., 2020). Uncertainty-elicited distress can rise to the level of clinical
significance as well; particularly in individuals with anxiety, depression, and post-
traumatic stress disorder (Carleton et al., 2012; Fetzner et al., 2013; Oglesby et al., 2016).
Intolerance of uncertainty is a transdiagnostic feature of numerous psychiatric conditions,
including anxiety, depression, PTSD, schizophrenia, and autism spectrum disorders, where
uncertainty can become dysregulating and contribute to maladaptive appraisals and
behaviors (Carleton et al., 2012; Fujino et al., 2016; Morriss et al., 2019). Even in non-
clinical populations, lower tolerance of uncertainty predicts greater emotion regulation
difficulties (Shu et al., 2021). Developmentally, adolescence marks a particularly sensitive
period, during which heightened social uncertainty is linked to poor regulation, peer
susceptibility, and risky decision-making (Chu et al., 2019; Sutter et al., 2013; Tymula et
al., 2012). Adolescent responses to ambiguity diverge from those of adults (Blankenstein
etal., 2016; R. Li et al., 2015), and chronic exposure to social uncertainty in youth predicts

later vulnerability to anxiety and depression (Pagliaccio et al., 2022).



Given its profound impact on affect, decision-making, development, and
psychopathology, understanding how people perceive, appraise, and resolve social

uncertainty is a central challenge for psychology and neuroscience
Limitations of Conventional Experimental Approaches

Much of what is known about social uncertainty has been derived from economic
paradigms such as the Trust Game or Ultimatum Game, in which participants engage with
real or fictitious partners to make discrete, incentivized decisions (Alds-Ferrer et al., 2012;
Alos-Ferrer & Farolfi, 2019). These tasks offer considerable experimental control and are
useful for probing constructs like reciprocity, fairness, and belief updating (Brudner et al.,
2021; Delgado et al., 2005; Fareri & Delgado, 2014). However, they are ultimately limited
in their ability to model the ecologically valid, real-world contexts in which social
uncertainty naturally arises. For instance, these tasks typically isolate individual trials, limit
interaction to well-defined rules, and constrain participants’ choices to simple economic
outcomes- features not mirrored in the open-ended, dynamic, and multimodal nature of
real-life social cognition (Friedman & Gustavson, 2022; Levy et al., 2021).

People often make social judgments through continuous appraisal of complex
stimuli, often integrating information from multiple sensory modalities and over extended
timescales. For example, interpreting whether someone is lying or whether a character is
trustworthy unfolds gradually as the listener sifts through facial expressions, vocal
intonation, background context, and evolving narrative details (Lauharatanahirun et al.,
2021). These situations rarely come with known outcome probabilities or clearly defined
options. Instead, they allow a broad set of possible interpretations and outcomes, which

must be inferred and updated in real-time based on new evidence (Deutsch, 1960;



FeldmanHall & Shenhav, 2019). Trial-based paradigms, by contrast, lack temporally
layered narratives, nuanced interpersonal dynamics, and evolving motivations, and they
don’t require resolving ambiguity over time as in everyday social interactions (Nastase et
al., 2020). Despite this, many studies of social cognition continue to rely on highly
structured tasks with minimalistic stimuli, measuring judgment outcomes in response to
isolated and often decontextualized social cues (FeldmanHall & Shenhav, 2019;
Lauharatanahirun et al., 2021). The strong causal inference and high replicability afforded
by these approaches come at the expense of ecological validity. Naturalistic stimuli (e.g.,
narrative-based videos) offer a compelling alternative (Hari et al., 2015).

These stimuli enable researchers to approximate the dynamic, multimodal
environments in which social cognition naturally unfolds, preserving temporal structure,
social complexity, and contextual richness (Antony et al., 2021; Chen et al., 2017; Heusser
et al., 2021; Mitchell et al., 2021; Song et al., 2021). Critically, video paradigms retain
some of the experimental control characteristic of traditional designs, while incorporating
more authentic complexity and temporal continuity (DuPre et al.,, 2020; Liberty S.
Hamilton et al., 2020; Sonkusare et al., 2019). Video stimuli elicit strong subjective
experiences (Westermann et al., 1996), evoke vivid sensory and emotional representations
that mirror our own experiences (Goldberg et al., 2014; Saariméki, 2021), and foster high
engagement while yielding data that are readily comparable across individuals (Gross &
Levenson, 1995; Hutcherson et al., 2005; Jadskeldinen et al., 2022). As such, they are well-
suited for studying complex phenomena like social appraisal, empathy, and shared
attention (Hasson et al., 2004; Hasson, Furman, et al., 2008; Hasson, Landesman, et al.,

2008).



Thus, investigating the neural and behavioral dynamics of social uncertainty may
require experimental designs that more closely mirror the environments in which

uncertainty naturally arises.
Social and Non-Social Sources of Uncertainty

Uncertainty arises across a wide range of cognitive domains, including
interpersonal inference (e.g., “Am I being told the truth?”’) and perceptual ambiguity (e.g.,
“Was the traffic light red or yellow?”) (Blankenstein et al., 2016; Fairley et al., 2022;
FeldmanHall & Shenhav, 2019). While both types of uncertainty are subject to appraisals,
they differ in their sources and the cognitive strategies used to resolve them. Non-social
uncertainty is often grounded in sensory ambiguity or probabilistic reasoning, and can
frequently be modeled with well-characterized tasks such as perceptual discrimination,
statistical inference, or reward maximization (Blankenstein et al., 2016; Ellsberg, 1961; F.
Liet al., 2015). Some of the earliest applications of drift diffusion modeling, for example,
relied upon appraisals of brightness and darkness within pixel patches (Ratcliff, 1978,
2002). In contrast, social uncertainty involves interpreting others’ hidden intentions,
emotions, or future behavior, making it more difficult to quantify or externally verify, as
previously noted (FeldmanHall & Shenhav, 2019). Despite the ubiquity of social
uncertainty in everyday life, few studies have directly compared how people form certainty
judgments across social vs. non-social domains, particularly using complex and naturalistic
stimuli.

Emerging evidence suggests that social and non-social uncertainty rely on partially
dissociable neural circuits, reflecting distinct underlying cognitive processes.

Neuroimaging studies have shown that social certainty judgments recruit the inferior



frontal gyrus (IFG), ventrolateral prefrontal cortex (VIPFC), precuneus, and anterior insula
(AI) - regions often implicated in theory of mind, emotional salience, and social reasoning
- whereas non-social ambiguity tends to engage the intraparietal sulcus (IPS), a region
associated with perceptual integration and numerical estimation (Fairley et al., 2022;
Martinez-Saito & Gorina, 2022). These differences may reflect the distinct demands
imposed by the two domains: non-social tasks often emphasize quantifiable features and
unimodal inputs, while social tasks demand inferential reasoning, reliance on prior
schemas, and interpretation of ambiguous multimodal cues (Ma et al., 2022; Martinez-
Saito & Gorina, 2022). However, these results primarily reflect findings from well-
controlled, trial-based paradigms and may capture only a narrow set of regions involved in
uncertainty appraisal, compared to the richer, more context-dependent appraisals made in
daily life.

As a result, our understanding of how people generate, update, and regulate
uncertainty in response to complex social and non-social information remains limited.
Developing more ecologically valid frameworks to examine the cognitive and neural
architecture of domain-specific and domain-general uncertainty is critical.

The Role of Interpretive Perspectives in Uncertainty Resolution

Uncertainty rarely exists in a vacuum; instead, individuals make sense of
ambiguous information through the lens of interpretive hypotheses, shaped by prior beliefs,
expectations, emotional state, and contextual framing. These interpretive perspectives
guide attention, shape emotion regulation, and influence how individuals construct
meaning over time, especially when faced with dynamic and complex social stimuli. Even

when presented with identical inputs, observers often arrive at markedly different



conclusions, a phenomenon underscored by the Rashomon effect and demonstrated
empirically through variability in neural and behavioral responses during naturalistic tasks
(Finn et al., 2018; Yeshurun et al., 2017).

Recent work has shown that interpretive divergence is not merely noise, but reflects
systematic differences in schema activation and information valuation. For example,
Yeshurun and colleagues (2017) found that giving participants different interpretive frames
prior to a story significantly altered neural synchrony in higher-order areas, including the
default mode network, suggesting that shared interpretive frameworks align cognitive
processing across individuals. Similarly, Finn et al. (2018) demonstrated that individual
differences in trait paranoia modulated synchrony and theory-of-mind-related activation
during an ambiguous social narrative, highlighting the role of dispositional biases in
shaping real-time social cognition. Relatedly, Bacha-Trams et al (2017) showed that even
cultural background can influence functional network reconfiguration during narrative
listening, further supporting the idea that internal frameworks, whether primed or intrinsic,
fundamentally structure how we interpret ambiguous content.

To examine how interpretive perspectives influence uncertainty appraisals, |
conducted a study in which participants were assigned roles designed to bias their
interpretation (Mitchell et al., In Preparation). These roles were stimulus-relevant; either
friend of the victim, friend of the accused, or detective. Participants provided continuous
certainty ratings regarding a target character’s guilt while watching short, temporally
segmented clips. These simple role assignments alone significantly shaped how subjects
appraised information. For example, detectives and friends of victims were significantly

more certain in their conclusions than friends of the accused. Friends of victims also



reached firmer conclusions more rapidly than both detectives and friends of the accused.
Furthermore, using a proxy for informational updating (i.e., area under the curve), I found
that all of the roles responded similarly to clarifying information (i.e., information lacking
ambiguity), but that ambiguous information was interpreted as uncertainty-resolving
significantly more often among friends of the accused than friends of the victims. These
results suggest that interpretive perspective not only biases initial expectations but also
filters the perceived informativeness of subsequent evidence, leading to divergent

uncertainty trajectories even in response to shared stimuli.
Appraisal And Neural Synchrony Within Diverging Perspectives

Complex social and cognitive experiences are inherently multidimensional,
unfolding dynamically over time and shaped by an individual's unique expectations, goals,
and prior knowledge. Such processes often elude traditional univariate neuroimaging
approaches, which focus on mean activation levels and assume homogeneity across
individuals. In contrast, pattern-based multivariate techniques such as Intersubject
Correlation (ISC) provide a powerful framework for capturing how similar patterns of
neural activity evolve across individuals exposed to shared stimuli (Hasson et al., 2004;
Nastase et al., 2019). Because these analyses track correlated temporal patterns rather than
mean signal intensity, they are especially sensitive to subtle or distributed neural dynamics,
detecting consistent regional fluctuations that traditional univariate methods may overlook
(Kriegeskorte et al., 2008; Popal et al., 2019).

ISC offers a window into synchrony - the degree to which two or more individuals
exhibit similar patterns of neural, physiological, or behavioral activity over time in

response to the same information. High intersubject neural synchrony is thought to reflect



shared cognitive and emotional processing, with prior work linking synchrony to
cooperation, empathy, agreement, and perspective-taking (Kinreich et al., 2017,
Lahnakoski et al., 2014; Lu & Hao, 2019; Xu et al., 2020). Conversely, diminished
synchrony has been observed in clinical populations, including individuals with autism
spectrum disorder (Lyons et al., 2020) and anxiety disorders (X. Li et al., 2021), suggesting
that synchrony can serve as a neurobiological marker of alignment or misalignment
between individuals' internal representations of socially and emotionally meaningful
content.

ISC is well-suited for analyzing narrative videos because it provides a model-free
window into shared processing dynamics across individuals while respecting the temporal
and contextual complexity of the stimulus (Antony et al., 2021; Hasson, Furman, et al.,
2008). Rather than requiring explicit stimulus annotation or response modeling, ISC
synchrony captures when individuals converge in their interpretations, attentional focus, or
emotional responses during complex, naturalistic experiences. As such, synchrony serves
as an index of normativity, consensus, and generalizability, especially when explicit task
structure is minimal. By revealing when and where participants spontaneously align,
synchrony highlights emergent properties of shared cognition and affect that are reliably
evoked across observers, even in complex, naturalistic settings which may be difficult to
specify a priori.

ISC is most often applied to passive viewing paradigms, during which subjects
observing stimuli often without direction and without making explicit responses or
judgments. Naturalistic viewing paradigms elicit complex, subjective appraisals that are

often context-dependent and idiosyncratic (Ma et al., 2022), but these appraisals are rarely



measured concurrently with neural activity. Most studies examine how neural synchrony
correlates with downstream outcomes, such as later decision-making or memory recall,
rather than directly indexing the appraisal process itself (Levy et al., 2021). This represents
a missed opportunity, particularly when studying phenomena like uncertainty, where
moment-to-moment assessments may fluctuate widely across individuals. Without
accurately extracting and reliably modeling both stimuli features (Simony & Chang, 2020)
and the subjective experiences of participants (Saarimiki, 2021), researchers must assume
or infer the presence (or absence) of these higher-order cognitive assessments or reactions.
Manual and automated annotation approaches solve some of the issues for documenting
tangible stimuli features (de la Vega et al., 2022). However, standardizing the capture of
subjective experiences is uniquely challenging and comparatively less developed
(Jadskeldinen et al., 2022).

Recent work has advocated for the integration of continuous behavioral sampling
with ISC analyses in dynamic, socially meaningful tasks (Levy et al., 2021; Mauss et al.,
2011; Mitchell et al., 2025). Continuous self-report rating approaches have been used
extensively beyond neuroimaging as a high-resolution representation of subjective
experiences (Fredrickson & Kahneman, 1993; Jeremy Peterman & Peterman, 1940;
Levenson & Gottman, 1983; but see Ruef & Levenson, 2007 for a review). These
approaches transform a passive viewing experience (i.e., observing with no direction or
while collecting any explicit appraisal metric) into an active process (i.e., observing while
completing a continuous appraisal task) by giving subjects an explicit question to consider
or instructions to follow while watching the stimulus. These guidelines likely narrow focus

and circumscribe cognition (Hutcherson et al., 2005) relative to passive viewing
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paradigms, allowing researchers to gain a window into a specific subjective assessment at
the cost of allowing subjects to entertain a wider berth of subjective questions.
Consequently, active viewing paradigms may yield greater experimental control at the cost
of less ecological validity than passive viewing paradigms. However, researchers have
expressed concern that the act of rating itself may fundamentally alter the cognition, and
thus neural activity, occurring while subjects view a stimulus (Jdaskeldinen et al., 2022;
Nummenmaa et al., 2012; Saarimiki, 2021), akin to that demonstrated in the affective
labeling literature. Support for this concern is mixed, though, as the literature often cited
either did not use continuous ratings and dynamic stimuli (Lieberman et al., 2007; Taylor
et al., 2003) or contrasted significantly different viewing conditions (Borja Jimenez et al.,
2020; Hutcherson et al., 2005) confounding the act of rating with differences in instruction
(i.e., differences may stem from being given a focus rather than rating itself). The affective
labeling literature itself may provide evidence contrary to this interpretation, as non-
affective labeling via gendering (Lieberman et al., 2007) or other descriptors (Lieberman
et al., 2011) often fails to demonstrate similar consequences as affective labeling upon
one’s self-reported evaluations (Torre & Lieberman, 2018). Other studies found minimal
disruption to experiential and physiological measures while expressively engaged
(Hutcherson et al., 2005; Mauss et al., 2005; Wagner et al., 2020). Furthermore, my
examination contrasting active and passive viewing without confounding rating and
instruction differences found subtle differences in activation and synchrony in some low-
level sensory and attention regions, but failed to demonstrate consistent substantive

differences in higher-order cognitive networks (Mitchell et al., 2025).
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There are several advantages or strengths that expressive engagement - capturing
continuous self-report ratings during first exposure to a stimulus — might offer, particularly
when studying long, complex, or socially dynamic experiences. Retrospective evaluations
often suffer from fatigue, memory distortion, and hindsight bias, especially when
participants must recall subtle, ambiguous, or fleeting aspects of an experience
(Jadskeldinen et al., 2022; Stasiak et al., 2023). These limitations are amplified when
stimuli unfold over extended periods or involve information-rich social interactions, where
real-time judgments may be shaped by idiosyncratic attentional patterns and expectations
(Fayn et al., 2021; Jadskeldinen et al., 2022). Andric and colleagues (2016) observed
differences in network configurations of neural activity between repeated showings of the
same stimulus, suggesting that higher-level neural processing differs considerably even
when explicit ratings of subjective experiences look similar. Passive and reflective (i.e.,
watching a stimulus once without rating and rewatching again later while continuously
rating) techniques often fail to preserve the nuanced, evolving nature of appraisals that
occur in response to uncertainty or ambiguity. For example, surprise or fear may be
difficult to replicate during post-hoc ratings due to information asymmetry between initial
and repeated exposures (Stasiak et al., 2023). Expressive engagement, by contrast, retains
the fidelity of initial responses and avoids confounds introduced by memory decay or
interpretive reconstruction. Furthermore, for stimuli that naturally prompt hypothesis
generation - such as ambiguous narratives or mystery-based content - the cognitive
demands of passive viewing may already resemble those of active engagement. That is,
participants may spontaneously attend to the same features or questions that expressive

paradigms explicitly ask them to rate. Thus, expressive engagement not only provides a

12



richer and more accurate account of subjective appraisal dynamics, but also enhances the
interpretability of neural data by aligning it with the time course of evolving judgments.
Neural synchrony during social narrative comprehension may thus reflect not just
shared sensory input, but shared appraisal trajectories; the ways in which individuals
converge (or diverge) in how they understand, evaluate, and respond to complex, uncertain
situations. By coupling time-resolved self-reports (e.g., moment-by-moment certainty
ratings) with naturalistic fMRI data, researchers can identify not just where participants’
brains synchronize, but when that synchrony aligns with shared subjective appraisals. This
approach enables a novel extension of ISC: rather than treating synchrony as an outcome,
it becomes a predictor of interpretive convergence, allowing for direct mapping between

brain activity and shared psychological states over time.
The Moderating Role of Stimulus Complexity and Informativeness

Complex social and cognitive experiences unfold over time in response to dynamic,
multidimensional inputs. Rather than operating uniformly across a stimulus, appraisal
processes are likely to fluctuate in relation to the evolving structure and meaning of the
input. Two key properties of naturalistic stimuli, complexity and informativeness, provide
powerful proxies for quantifying this variability in cognitive demands. Entropy, broadly
defined as the unpredictability or uncertainty within an event (Shannon, 1948), reflects the
complexity or ambiguity of available information, while informativeness captures the
diagnosticity of an event for resolving a particular hypothesis or interpretive frame
(Deutsch, 1960; FeldmanHall & Shenhav, 2019). Recent research suggests that these

dimensions dynamically shape perception, attention, and memory, and may play a critical
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moderating role in structuring when and how interpretive synchrony emerges across
individuals.

In both perceptual and cognitive domains, entropy has been shown to influence
subjective experience and neural engagement. For instance, visual arrays with low color
entropy are perceived as more numerous than high-entropy arrays, suggesting that more
structured, coherent inputs can bias magnitude estimation (Qu et al., 2022). In the auditory
domain, individuals can detect and discriminate entropy in tone sequences, with consistent
perceptual thresholds emerging across listeners (Zhu, 2023). In a neuroimaging context,
entropy has been shown to modulate hippocampal engagement: sequences with high
temporal unpredictability (i.e., high entropy) elicit stronger anterior hippocampal
activation, reflecting the brain’s sensitivity to contextual uncertainty during learning
(Strange et al., 2005). These findings demonstrate that entropy is not only behaviorally
relevant but also recruits memory and predictive processing systems when information is
less structured and more ambiguous.

Interpretation may be informed by heuristics or schemas rather than deliberative
analysis under these complex conditions. For instance, when details of a crime are unclear,
individuals tend to incorporate schema-consistent errors into their recollections that align
with their existing expectations (Tuckey & Brewer, 2003). Similarly, when sentences are
structurally ambiguous, readers use narrative-based heuristics (e.g., noun—verb—noun
scripts) to infer missing information and resolve meaning (Dwivedi et al., 2018). These
findings align with dual-process models which argue that when stimuli are unclear or
cognitive resources are limited, individuals default to fast, heuristic shortcuts informed by

prior knowledge or expectation (Chaiken & Ledgerwood, 2012). When evidence is
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insufficient, people may allow schemas or heuristics to fill informational voids, thus
increasing synchronization among those already sharing the same perspective.

At the same time, informativeness (i.e., the degree to which an event clarifies an
evolving hypothesis) has been shown to amplify attention, memory encoding, and
behavioral alignment, as well. In naturalistic paradigms, individuals tend to synchronize
more strongly in their neural responses (Nastase et al., 2019; Yeshurun et al., 2017) and
social judgments (Mitchell et al., In Preparation) when stimuli contain diagnostic social
information, such as morally charged or emotionally pivotal moments. Supporting this,
event boundaries, plot twists, and character revelations in narrative contexts consistently
evoke greater intersubject correlation and memory consolidation (Baldassano et al., 2017;
Chen et al., 2017; Heusser et al., 2021).

These findings suggest that appraisal synchrony is not temporally uniform but
rather emerges most robustly at moments of high entropy (where multiple interpretations
compete) and high informativeness (where interpretations can be resolved). Entropy and
informativeness thus jointly shape how individuals parse complex stimuli, determining the
degree to which their attention, memory, and evaluative processes converge. By explicitly
modeling these stimulus properties, researchers can better understand the temporal
dynamics of shared interpretation, as well as the cognitive architecture that supports

flexible and coordinated meaning-making under uncertainty.
Contributions of the Present Work

In this dissertation, I propose a novel approach for studying how people form,
update, and converge upon social and non-social judgments under uncertainty in

ecologically valid contexts. Across three studies, I integrate continuous self-report,
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interpretive framing manipulations, intersubject correlations, and time-resolved modeling
of stimulus complexity to capture the evolving nature of social and non-social appraisal in
response to naturalistic video narratives. This work introduces methodological advances,
including a sliding window approach to quantifying appraisal synchrony, manipulations to
shape interpretive hypotheses, and the application of hierarchical linear modeling to assess
the associations between concurrent intermodal synchronies (i.e., neural and appraisal
synchrony) over time. Furthermore, I investigate how the brain-behavior relationship
between neural synchrony and appraisals is moderated by both internal and external
contextual factors. Critically, I demonstrate that social appraisals reliably cluster into
unique perspectives, that subjects synchronize appraisals over time within perspective, that
informational complexities and weights have differing effects upon intersubject appraisal
synchrony, that social and non-social appraisals synchronize broad neural networks and
recruit both domain-specific and domain-general circuitry that is sensitive to stimulus
complexity. These findings suggest that synchrony is not a static marker of shared
experience but a dynamic index of interpretive coherence that is modulated by both top-
down framing and bottom-up stimulus complexity. Together, this research pushes the field
beyond traditional trial-based or post-hoc paradigms and provides a richer, temporally-
sensitive account of how individuals make sense of ambiguous, socially-relevant situations

as they unfold.
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CHAPTER 2

METHODS

Participants and Study Overview

Across three studies, I recruited a total of 178 participants to examine how
individuals form, update, and align social and non-social appraisals during naturalistic
decision-making. All participants were fluent English speakers with normal or corrected-
to-normal vision and hearing, free of self-reported psychological, neurological, or

developmental disorders, and provided informed consent in accordance with protocols

approved by the relevant Institutional Review Board.

fMRI Appraisal Expression Study. Thirty-five participants (20 female, 15 male;
age range: 1844 years, M = 24.5, SD = 5.5; median age: 22 years) completed an fMRI
study at Temple University between May 2022 and June 2023. Participants were recruited
from the greater Philadelphia area. Five individuals were excluded for excessive head
motion (1), prior familiarity with the stimulus (1), non-compliance (1), or incomplete data
due to technical issues (2). The final sample included 4 left-handed individuals; handedness
was not used as an exclusion criterion but was documented and included as a covariate
where appropriate. Approximately 54.3% of the sample identified as non-Hispanic White,
5.7% as Hispanic White, 31.4% as Asian, and 8.6% as Black. MRI experience varied, with
11 participants reporting no prior scans and 5 reporting five or more prior scans.
Participants were compensated $25 per hour for a two-hour visit.

Participants viewed a 45-minute episode of a naturalistic murder mystery drama

while undergoing functional neuroimaging. Each participant continuously rated how much
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each moment of the episode contributed to their appraisal of the guilt of a primary character
(“expressive viewing”) for one half of the episode and passively considered the same
question without rating (“reflective viewing”) for the other half (Mitchell et al., 2025)
(Figure 1). Assignment of which half received expressive versus reflective engagement
was pseudorandomized across participants. In a separate run, participants also completed
an analogous non-social task in which they continuously rated their certainty about relative

luminance changes while watching a different episode from the same series.

REFLECTIVEVIEWING  EXPRESSIVE VIEWING

“Is Character X guilty of the crime?”  “Is Character X guilty of the crime?”

Viewing while evaluating a Viewing while providing
specific focus, without real-time ratings of a

providing real-time ratings specific focus during initial
during initial exposure. exposure.

Figure 1. Reflective and Expressive Viewing Participants engaged in two distinct
modes of viewing while undergoing fMRI. In the Reflective condition, participants
passively considered the focal question (e.g., appraising a character’s guilt) without
providing any explicit response. In the Expressive condition, participants
continuously reported their appraisals (e.g., via a rating scale), requiring them to
externalize their moment-to-moment interpretations.

These time-varying continuous ratings reflect appraisal trajectories (i.e., subjective,
evolving evaluations of stimulus content, whether moral (e.g., a character’s guilt) or
perceptual (e.g., brightness)). Although the term "appraisal" is often situated within

affective science, here I adopt its broader cognitive meaning: the dynamic evaluation of
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unfolding information under conditions of uncertainty. Appraisal, as classically defined
(Folkman & Lazarus, 1986; Smith & Ellsworth, 1985), describes the process by which
individuals assess the significance of a stimulus relative to their goals and well-being. In
our paradigm, continuous ratings, whether assessing moral judgments such as guilt and
innocence or perceptual qualities like luminance contrast, reflect appraisals that are
subjective (person-specific), dynamic (changing over time), interpretive (shaped by
internal models of the situation), and cognitively mediated (not simple reflexive responses).
These characteristics map directly onto appraisal as a psychological process.

This design enabled us to disentangle neural dynamics related to active appraisal
expression, while also probing for generalizable mechanisms of information processing
across social and non-social domains.

Sparsely Sampled Social Appraisal Study. Ninety participants (45 female, 45
male; age range: 18—65 years, M = 37.6, SD = 12.8; median age: 36 years) completed a
web-based behavioral study between January and May 2025. Participants were recruited
via Prolific and screened for high prior task approval rates (=95%), current residence in the
US or UK, and no hearing or language difficulties. Of the 105 individuals initially
recruited, 15 were excluded for failing attention checks (3), reporting prior familiarity with
the stimulus (4), or non-compliance, defined as low response variability across timepoints
based on the standardized first derivative of their rating timecourse (8). The final sample
was 73.3% non-Hispanic White, 6.7% Hispanic White, 6.7% Asian, and 11.1% Black.
Participants completed the study in approximately 75 minutes and were compensated $10

per hour.
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This study employed a sparse sampling approach - a design in which data are
collected intermittently rather than continuously (Hasson et al., 2012; Sonkusare et al.,
2019) - to measure appraisals about multiple characters at selected moments throughout a
naturalistic video. The design prioritized breadth over temporal resolution, aiming to assess
how viewers maintained and revised complex hypotheses under ambiguity. Complex
appraisals may be interdependent (e.g., suspicion toward Jonathan’s wife, Grace, may
decrease belief in Jonathan’s guilt), or uncorrelated (e.g., viewers may “hedge their bets”,
maintaining and updating competing hypotheses over time rather than committing to a
single interpretation). These strategies may reflect implicit social comparisons and context-
dependent bias in evaluative processing (Fiske et al., 2007; Nisbett & Wilson, 1977) or be
in line with resource-rational or Bayesian models of social inference (Gershman et al.,
2015; Jern et al., 2014), respectively. This design allowed us to model simultaneously-held,
multidimensional appraisals. By tracking a broader berth of information at fewer
timepoints, rather than a single focus with high resolution, I can better assess how decision-
makers respond to the complexity and ambiguity signals inherent in the naturalistic stimuli.

Social Appraisal Manipulation Study. Twenty-three participants (12 female, 11
male; age range: 23—60 years, M = 37.9, SD = 10.8; median age: 33 years) completed a
separate online study in May 2025 designed to evaluate how top-down framing shapes
moment-to-moment appraisal. Thirty-three participants were recruited via Prolific, with 10
excluded due to technical issues (3) or non-compliance as defined by the same response
variability criterion used in the sparse sampling study (7). The final sample was 60.7%

non-Hispanic White, 13.0% Hispanic White, 13.0% Asian, and 8.7% Black.
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In this study, participants were explicitly told that a specific character was the
perpetrator before viewing the stimulus - effectively providing a “spoiler” - and then asked
to continuously rate the strength of the evidence supporting that character’s guilt. This
design allowed us to examine how individuals integrate new information through the lens
of a strong prior belief and offered a high-resolution, dynamic measure of appraisal

congruence with the stimulus.
Experimental Design and Task Procedures

Stimulus Overview. All studies employed the same core stimulus: a 44 minute 34
second episode of the HBO murder mystery series The Undoing (Episode 4, original
airdate: 11/15/2020). This episode was selected for its strong narrative arc,
multidimensional character development, and progressive revelation of morally and legally
relevant information - features well-suited for studying evolving appraisal processes under
conditions of uncertainty. The episode was edited to remove two scenes featuring sensitive
or potentially offensive dialogue and to obscure a brief moment of gore; these changes
preserved narrative continuity while minimizing potential distress or distraction. Stimulus
delivery varied across studies depending on condition-specific manipulations but was
preceded in all cases by a briefing that included narrative context and character
background. For social judgment tasks, characters’ names, photos, and prior context were
presented in a counterbalanced order to avoid lateral or sequential bias.

Task Design - fMRI Appraisal Expression Study. Participants first completed a
brief training exercise to ensure fluency with the MR-compatible response device, which

was operated using the right hand. This practice task mirrored the structure of the main
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experiment and served to stabilize performance; a necessary step given that continuous
self-report tasks often exhibit a learning curve in early trials (Kimberley et al., 2008).

The primary task divided the stimulus into two equal halves (22 minutes, 17
seconds each) and presented it sequentially across two functional runs (Figure 2A). Prior
to viewing, participants were pseudo-randomly assigned to one of two conditions using
dynamic allocation, which weighted assignment probabilities to balance prior enrollments.
Each participant continuously rated their certainty in a character’s guilt or innocence for
one half of the episode (expressive condition), and watched the other half without
providing input but while considering the same evaluative judgment (reflective condition)

(Figure 2B).

Is Jonathan guilty?

C I
N

§ £

S e 4 A - 4
— 2 . ’
LA 1 8 5 5 0B 08 08 8 0 R 0B 0 B |

“‘. - 100% Certain
Surprise
l E% Free Recall _
)
Individual (= -
Difference a &'\
Measures

Figure 2. Task Design A) Subjects completing the fMRI Appraisal Expression Study
completed 4 functional runs and a several individual difference measures. B) During
the social runs, subjects watched one half of the stimulus expressively and the other
reflectively, consistently considering and/or rating their appraisals regarding whether
the target character, Jonathan, was guilty of the accused crime.

During the expressive condition, participants used a two-button interface to adjust

a horizontal, bipolar scale displayed beneath the video. The scale ranged from 100% certain
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of guilt (left pole) to 100% certain of innocence (right pole), with the default starting
position set to 0% (undecided). Pressing the index-finger button shifted the scale leftward
by 5%, while the middle-finger button moved it rightward by the same increment. Of the
final sample, 20 participants rated the first half of the episode, and 15 rated the second.

Following the social appraisal task, 30 participants completed an additional
functional run targeting non-social certainty judgments. Five subjects had completed a
different non-social task and are excluded from these analyses (See Appendix).
Specifically, they continuously rated the perceived luminance of each video frame in a 5-
minute excerpt from a different episode of The Undoing (Episode 1, original airdate:
10/25/2020). This episode was selected to preserve continuity in cinematography, character
appearances, and general narrative tone while avoiding plot overlap. Audio was removed
to prevent any lingering narrative effects and replaced with neutral, copyright-free piano
music. A single reference image, positioned above the video for the duration of the task,
served as an anchor for brightness comparisons. This image was selected as the frame
closest to the median luminance value within the clip, such that approximately half of the
remaining frames were brighter and half darker. Framewise luminance values were
calculated using a standard formula (Poynton, 2003) implemented in R. This task was
designed to parallel the temporal dynamics of the social judgment task while isolating
domain-general processes supporting perceptual certainty estimation.

At the conclusion of all viewing tasks, participants underwent a surprise free recall
task while still in the scanner, followed by task-related and individual difference measures
outside the scanner. These latter assessments were not directly relevant to the current

analyses and are not discussed further in this dissertation.
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Task Design - Sparsely Sampled Social Appraisal Study. Participants first
provided informed consent, completed a comprehension check, and reviewed character and
narrative background materials identical to those used in the neuroimaging study. To
mitigate potential lateral biases, the order and screen-side presentation of character
portraits and accompanying text were counterbalanced across participants.

The primary task consisted of a continuous video viewing experience interrupted
at pre-scheduled breakpoints. At each break, the video paused and participants were
prompted to rate one of seven key characters using a slider scale ranging from “100%
certain guilty” to “100% certain innocent.” Each character appeared multiple times
throughout the session, and a visual progress bar guided participants through the rating
sequence. The order of characters was randomly determined for each subject but held
constant across their session.

Participants were instructed to update their judgments based on any relevant cues
from the video (e.g., dialogue, behavior, or off-screen events) that shifted their
interpretation, even subtly. To encourage temporally contingent updates rather than
isolated judgments, each character’s rating interface was anchored to the value the
participant had most recently assigned to that character (e.g., a previously submitted “60%
guilty” rating for Jonathan would appear as the default position on the slider during the
next rating).

After the main task, participants completed a battery of validated individual
difference measures, including the Need for Closure Scale (NFCS), Intolerance of

Uncertainty Scale (IUS), and State-Trait Anxiety Inventory (STAI), along with
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demographic and task-specific questions. These follow-up assessments were collected for
broader research purposes and are not discussed further in this dissertation.

Task Design - Social Appraisal Manipulation Study. Participants first practiced
using the continuous rating interface by completing a brief, custom instructional video
tailored to the task structure. After reviewing the same background information presented
in the previous studies, each participant was explicitly told that one of four characters (i.e.,
Jonathan Fraser, Grace Fraser, Franklin Reinhardt, or Fernando Alves) was responsible for
the central crime. These characters were selected based on being the most frequently
suspected across prior studies.

Participants then completed the primary task, in which they continuously rated how
informative each moment of the video was with respect to the hypothesis that the
designated character (i.e., the one they had been told was guilty) had committed the crime.
Informative moments were defined as those offering new or compelling evidence
supporting or contradicting that character’s guilt, while uninformative moments were
unrelated to the hypothesis. Participants were encouraged to base their ratings on their own
evolving impressions and reminded that there were no right or wrong answers.

Ratings were provided using keyboard inputs and updated whenever participants’
perceptions of informativeness changed, even subtly. The scale ranged from 0%
(completely uninformative) to 100% (extremely informative), and was continuously visible
beneath the video. Ratings were sampled continuously and recorded independently of user
interaction, ensuring a complete and uninterrupted time series aligned with the stimulus

timeline.
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Data Acquisition and Pre-Processing

Experimental Display and Appraisal Acquisition. While many tools exist for
collecting continuous self-report ratings (e.g., Girard & Wright, 2018), few offer the
combination of low computational overhead, broad device compatibility, and seamless
deployment needed for dynamic video-based studies across diverse testing environments.
As such, my studies employed custom-built experimental paradigms optimized for
continuous self-report acquisition during dynamic video presentation. Two software
frameworks were used depending on study context: the neuroimaging study was
implemented in Python (v3.8.13) (van Rossum, 1995) using PsychoPy (v2021.2.3) (Peirce
et al., 2019), while both online studies (the sparse hypothesis sampling and hypothesis
manipulation studies) were developed in JavaScript using jsPsych (v7.0) (De Leeuw et al.,
2023) with Pavlovia integration, enabling seamless remote deployment and browser-based
control.

In the neuroimaging study, participants provided ratings using an MR-safe five-
button response box (Psychology Software Tools) held in the right hand. During pilot
testing, this button box proved more stable and reliable than an alternative joystick
interface, which was prone to overshooting or accidental input. Rating adjustments
registered only upon button release to better isolate intentional changes and limit noise
related to motor activity. Rating data were sampled at the native frame rate of the video
(24 Hz). Special attention was paid towards audio delivery to ensure subjects could hear in
the noisy fMRI environment (See Appendix).

For the online studies, participation required a desktop or laptop with a supported

browser (e.g., Chrome, Firefox, Safari), audio playback capabilities, and either a keyboard

26



or mouse for input. To ensure data quality, participants completed a series of device and
environment checks before beginning the task, including full-screen enforcement and
audiovisual readiness assessments. Stimuli were segmented into ~67-second chunks and
preloaded in advance of playback to prevent memory overload or network buffering issues.
Button presses were buffered to reduce accidental double-clicks, and all responses were
timestamped using a custom logging function. Final data were automatically uploaded to
Pavlovia’s servers for secure storage.

In the sparse sampling study, participants rated character guilt at 34 pre-determined
breakpoints distributed across the video. These points were assigned using an
algorithmically constrained random sampling procedure designed to achieve uniform
coverage while minimizing disruption. Full details of the break assignment procedure are
provided in Appendix.

In the manipulation study, participants continuously rated the informativeness of
the stimulus relative to a given guilt hypothesis. As jsPsych does not natively support high-
frequency continuous rating input, I developed a custom plugin (Mitchell, 2024/2024) that
recorded real-time slider movements at up to 24 Hz. Ratings were controlled using
keyboard keys (2' to decrease, '3' to increase) or via mouse input.

Neuroimaging Acquisition. fMRI scanning was performed at Temple University
using a 3T Siemens Tim Trio MRI system and a 20-channel head coil. Each subject
completed one high-resolution T1-weighted structural image and four functional runs. One
of these runs (i.e., free recall) is beyond the purview of this manuscript. The acquisition
parameters for the relevant T2* EPI BOLD sequences were acquired at a 3 mm slice

thickness, a TR = 2000 ms; TE = 25 ms; flip angle of 75 degrees, and a FOV = 1680 x

27



1680 mm. A 30s audiovisual stimulus buffer (a rotating checkered pattern paired with pink
noise generated using Audacity) preceded the stimulus of each run. Without a stimulus
buffer, the global arousal response that video stimuli often elicit may have occurred during
our stimulus and would have resulted in having to truncate neural data (Chen et al., 2017).
Including fixation, stimulus buffer, and stimulus, between 729 and 759 3D volumes of the
whole brain were collected (variance was due to adjustments regarding the length of
fixation). Between each functional run, an accelerated T1-weighted image was collected to
adjust functional alignment of the field of view as needed.

Appraisal Data Pre-Processing. All continuous appraisal time courses were
preprocessed to ensure consistency across studies and to enhance interpretability of
temporal dynamics. For comparability with the neuroimaging data in Study 1, all ratings
were first downsampled to 0.5 Hz, matching the repetition time (TR = 2s) of the fMRI
acquisition. This yielded 669 evenly spaced timepoints across the full 44-minute, 34-
second stimulus for each participant. To account for individual differences in scale use and
to emphasize within-subject fluctuations over time, all rating trajectories were z-
standardized at the individual level. This transformation normalized the data while
preserving the temporal structure of appraisals. To improve data quality in the behavioral

studies (Studies 2 and 3), [ implemented an additional quality control procedure based on
the standardized first derivative of the appraisal time course. I refer to this as Appraisal
Engagement. Participants with low overall variability (variance < 0.1) were presumed to
have disengaged from the task (e.g., producing flat or unchanging responses), while those
with excessive variability (variance > 5) were flagged as potential outliers due to erratic or

noise-prone responding. Visual inspection of these cases confirmed the reliability of these
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thresholds in identifying noncompliant trajectories. After applying these criteria, 8
participants were excluded from Study 2, and 2 from Study 3, yielding final samples of 90
and 23, respectively, consistent with my pre-registered attrition tolerance. Examples of

each are visible in Figure 3.
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Figure 3. Appraisal Engagement Trajectories Appraisal rating over time from three
subjects who participated in the Sparsely Sampled Social Appraisal Study are
visualized. Subject ISVS-058 represents the median appraisal engagement value. ISVS-
078 represents the subject closest to the upper boundary of our appraisal engagement
cutoff (i.e., > 5.0. ISVS-083 represents the subject closest to the lower boundary of our
appraisal engagement cutoff (i.e., < 0.1). As such, subjects with values greater than
those cutoffs were excluded from further analyses.

Neuroimaging Pre-Processing. I first converted all MRI data from DICOM to
BIDS-formatted NIfTI files using heudiconv [v0.11.3] (Halchenko et al., 2021).
Neuroimaging data was pre-processed with the standard fMRIPrep [v20.2.6] (Esteban et
al., 2017, 2019) pipeline  within a Docker [v19.03.12] container to maintain
generalizability, which is based on Nipype 1.7.0 (Gorgolewski et al., 2011).

29



Anatomical Data Pre-Processing. The T1-weighted (T1w) image was corrected
for intensity non-uniformity (INU) with N4BiasFieldCorrection (Tustison et al., 2010),
distributed with ANTs 2.3.3 (Avants et al., 2008), and used as T1w-reference throughout
the workflow. The T1w-reference was then skull-stripped with a Nipype implementation
of the antsBrainExtraction.sh workflow (from ANTSs), using OASIS30ANTSs as target
template. Brain tissue segmentation of cerebrospinal fluid (CSF), white-matter (WM) and
gray-matter (GM) was performed on the brain-extracted T1w using fast (FSL 5.0.9, Zhang
et al., 2001). Volume-based spatial normalization to one standard space
(MNI152NLin2009cAsym) was performed through nonlinear registration with
antsRegistration (ANTs 2.3.3), using brain-extracted versions of both T1w reference and
the T1w template. Spatial normalization was performed using the ICBM 152 Nonlinear
Asymmetrical template version 2009c [Fonov et al.,, 2009; TemplateFlow ID:
MNI152NLin2009cAsym].

Functional Data Pre-Processing. For each of the 3 BOLD runs per subject, a
reference volume and its skull-stripped version were generated using a custom fMRIPrep
methodology. Susceptibility distortion correction (SDC) was omitted. The BOLD
reference was then co-registered to the T1w reference using flirt (FSL 5.0.9, Jenkinson &
Smith, 2001) with the boundary-based registration (Greve & Fischl, 2009) cost-function.
Co-registration was configured with nine degrees of freedom to account for distortions
remaining in the BOLD reference. Head-motion parameters with respect to the BOLD
reference (transformation matrices, and six corresponding rotation and translation
parameters) are estimated before any spatiotemporal filtering using mcflirt (FSL 5.0.9,

Jenkinson et al., 2002). BOLD runs were slice-time corrected to 0.965s (0.5 of slice
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acquisition range 0s-1.93s) using 3dTshift from AFNI 20160207 (Cox & Hyde, 1997). The
BOLD time-series (including slice-timing correction when applied) were resampled onto
their original, native space by applying the transforms to correct for head-motion. These
resampled BOLD time-series will be referred to as preprocessed BOLD in original space,
or just preprocessed BOLD. The BOLD time-series were resampled into standard space,
generating a preprocessed BOLD run in MNI152NLin2009cAsym space.

Several confounding time-series were calculated based on the preprocessed BOLD:
framewise displacement (FD), DVARS and three region-wise global signals. FD was
computed using two formulations following Power (absolute sum of relative motions,
Power et al., 2014) and Jenkinson (relative root mean square displacement between affines,
Jenkinson et al., 2002). FD and DVARS are calculated for each functional run, both using
their implementations in Nipype (following the definitions by Power et al. 2014). The three
global signals are extracted within the CSF, the WM, and the whole-brain masks.
Additionally, a set of physiological regressors were extracted to allow for component-
based noise correction (CompCor, Behzadi et al., 2007). Principal components are
estimated after high-pass filtering the preprocessed BOLD time-series (using a discrete
cosine filter with 128s cut-off) for the two CompCor variants: temporal (tCompCor) and
anatomical (aCompCor). tCompCor components are then calculated from the top 2%
variable voxels within the brain mask. For aCompCor, three probabilistic masks (CSF,
WM and combined CSF+WM) are generated in anatomical space. The implementation
differs from that of Behzadi et al. in that instead of eroding the masks by 2 pixels on BOLD
space, the aCompCor masks are subtracted a mask of pixels that likely contain a volume

fraction of GM. This mask is obtained by thresholding the corresponding partial volume
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map at 0.05, and it ensures components are not extracted from voxels containing a minimal
fraction of GM. Finally, these masks are resampled into BOLD space and binarized by
thresholding at 0.99 (as in the original implementation). Components are also calculated
separately within the WM and CSF masks. For each CompCor decomposition, the k
components with the largest singular values are retained, such that the retained
components’ time series are sufficient to explain 50 percent of variance across the nuisance
mask (CSF, WM, combined, or temporal). The remaining components are dropped from
consideration. The head-motion estimates calculated in the correction step were also placed
within the corresponding confounds file. The confound time series derived from head
motion estimates and global signals were expanded with the inclusion of temporal
derivatives and quadratic terms for each (Satterthwaite et al., 2013). Frames that exceeded
a threshold of 0.5 mm FD or 1.5 standardised DVARS were annotated as motion outliers.
All resamplings can be performed with a single interpolation step by composing all the
pertinent transformations (i.e. head-motion transform matrices, susceptibility distortion
correction when available, and co-registrations to anatomical and output spaces). Gridded
(volumetric) resamplings were performed using antsApplyTransforms (ANTs), configured
with Lanczos interpolation to minimize the smoothing effects of other kernels (Lanczos,
1964). Non-gridded (surface) resamplings were performed using mri vol2surf
(FreeSurfer).

Motion outliers were further assessed using the FSL Motion Outlier Tool
(Jenkinson et al., 2012), which defines outlier thresholds as the 75th percentile plus 1.5
times the interquartile range. TRs identified as outliers were incorporated into the GLM

using regressor-based censoring. If greater than 15% of TRs that compose a trial are
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outliers, the trial was excluded from analyses. One subject was excluded according to this
standard. Head motion was generally ideal, with 99.8% of all analyzed TRs (98.1%
including the excluded subject) falling within an acceptable range.

The final stage of fMRI preprocessing involved spatial smoothing, spike regression,
nuisance variable removal, and optional parcellation-based signal extraction. This process
was adapted from the nltools naturalistic analysis pipeline [v0.4.7] developed by Luke
Chang and colleagues (2018). For each run, preprocessed functional images (in
MNI152NLin2009cAsym space) were loaded and smoothed using a 6mm full-width at half
maximum (FWHM) Gaussian kernel to increase signal-to-noise ratio while preserving
spatial specificity. Global and differential intensity spikes were identified using a cutoff of
3 standard deviations from the global mean signal, and spike regressors were generated to
model and remove their influence. Motion confounds were derived from fMRIPrep outputs
and included the six rigid-body realignment parameters (translations and rotations), their
first derivatives, and squared terms. These were z-scored and expanded into a design
matrix, which was combined with cerebrospinal fluid (CSF) signals and polynomial drift
terms (linear and quadratic) to create a comprehensive nuisance model. This design matrix
was regressed from the smoothed functional data, and the residuals were retained for
subsequent analyses. It should be noted that MVPA analyses like ISC, which are sensitive
to the voxel-level patterns that spatial smoothing could distort, are robust to the standard
gaussian kernel size that fMRIPrep applies during spatial smoothing (Hendriks et al.,
2017). This rigorous denoising pipeline was applied consistently across both social (e.g.,
uncertainty-related) and non-social tasks to ensure comparability and optimize data quality

for individual- and group-level modeling.
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Anatomical Parcellation. Functional data were parcellated into a functionally-
defined region-of-interest schema (7,.; = 100) using the 2022 17-network Schaefer-Kong
Atlas (Schaefer et al., 2018). I selected the Schaefer cortical parcellation atlas (Schaefer
et al., 2018) because: 1) its functional basis makes it well-suited for capturing distributed
functional organization in task-based fMRI, 2) its convolution with network approaches
which facilitates network-level analyses, and 3) the atlas has been extensively validated
and widely used across studies, enhancing the comparability and reproducibility of findings
within the field. While the Schaefer-Kong Atlas is available in resolutions from 100 to
1000 parcels, the 100-region schema was chosen because it provides improved signal-to-
noise ratio, relative to higher resolution schemas, by averaging over larger cortical areas,
yielding more reliable estimates of regional activity, which is particularly important for
naturalistic fMRI data and between-subject analyses. Additionally, this resolution reduces
the computational burden and multiple comparisons inherent in region-by-region analyses
while aligning well with canonical large-scale functional networks.

Important Recurring Concepts and Computational Definitions

All data analyses noted were conducted in R (v4.4.0) (R Core Team, 2022) via
Posit’s RStudio (Build 353) using the Ubuntu operating system (20.04.4 LTS). The
Tidyverse suite of tools (Wickham et al., 2019) was used extensively for convenient data
wrangling. All other relevant libraries are mentioned below when pertinent.

Appraisal Engagement. To identify participants who were disengaged or
responded erratically during continuous appraisal tasks, I computed the variance of the
standardized first derivative of each subject’s rating time course. This is computed by

finding the rating difference between successive time points (i.e., the first derivative), z-
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standardizing the difference within, and calculating the variance of this standardized
derivative vector. This approach was selected over traditional measures of raw variance
because it captures the temporal dynamics of responding rather than static variability. For
instance, a participant who uses the full scale but only shifts their rating once (e.g., jumping
from —100 to +100 midway through the video) may exhibit high overall variance despite
being functionally disengaged. In contrast, the first derivative reflects the rate and direction
of moment-to-moment updates, providing a clearer signal of dynamic engagement with the
stimulus. Standardizing the derivative further accounts for individual differences in scale
usage, enabling fairer comparison across participants regardless of their preferred rating
range or baseline. As a result, this measure allows us to more accurately flag flat or erratic
trajectories that may otherwise confound downstream analyses.

Appraisal Clustering. Appraisal clustering refers to the tendency for individuals
who engage with the same naturalistic stimulus to exhibit categorically similar patterns of
appraisal, such that their trajectories can be reliably quantitatively grouped into distinct
types. To capture this latent structure in participants’ time-resolved responses, I employed
a k-means clustering pipeline on each subject’s z-standardized appraisal time course. Each
subject’s ratings, whether densely sampled (e.g., every 2 seconds in the neuroimaging
study) or sparsely sampled (e.g., 34 points in the sparse sampling study), were treated as a
feature vector in a time-aligned matrix. Z-standardization ensured that clustering
emphasized the shape and timing of each subject’s response rather than differences in scale
usage.

For clustering of high-resolution data, I first applied principal components analysis

(PCA) to reduce dimensionality while preserving temporal variance. The minimum
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number of principal components needed to explain 90% of the variance was retained. K-
means clustering was then performed on the resulting PCA scores using 200 random
initializations to reduce sensitivity to local minima. The k-means algorithm partitions
participants into & clusters by minimizing the within-cluster sum of squared distances, with
each cluster representing a shared trajectory shape across time. The optimal number of
clusters (k) was determined using three complementary techniques: (1) the elbow method
with the acceleration heuristic, (2) the elbow method with the maximum curvature
heuristic, and (3) average silhouette width.

The elbow method identifies the point at which adding additional clusters yields
diminishing returns in explained variance, typically visible as a bend or inflection in the
within-cluster sum of squares curve. I implemented two variants of this approach: the
acceleration method, which selects the point with the largest second derivative (i.e., where
the rate of improvement drops most sharply) (Satopaa et al., 2011), and the max curvature
method, which identifies the point with the greatest perpendicular distance from a line
drawn between the first and last values on the curve (i.e., the most pronounced geometric
"knee") (Zhang et al., 2017). The acceleration method tends to be more permissive, while
the max curvature method is more conservative; using both provided a principled range of
candidate solutions. The silhouette method, by contrast, selects the number of clusters that
maximizes how well each point fits within its assigned cluster relative to other clusters
(Rousseeuw, 1987). These approaches were implemented using custom functions the
factoextra package (Kassambara & Mundt, 2020). The silhouette-optimal k£ was selected

when it fell within the elbow-determined range; otherwise, the mean of the elbow bounds
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was used, with a slight correction to counteract banker's rounding artifacts inherent to the
structure of rounding in R (/EEE Standard for Floating-Point Arithmetic, 2019).

To evaluate clustering robustness, I conducted a 100-fold bootstrap resampling
procedure and computed pairwise Adjusted Rand Index (ARI) scores across solutions. The
ARI quantifies agreement between clustering assignments while adjusting for chance
(range: —1 to 1), with higher values indicating greater solution stability. Although
clustering solutions should ideally be robust regardless of condition, I considered the
possibility that clusters may be more stable when defined within condition. To address this,
I conducted k-means clustering both within condition (i.e., separately for participants who
rated different halves of the video) and across conditions (i.e., collapsing across all
participants). I planned to prioritize the within-condition solution if the across-condition
clustering yielded lower stability, as assessed by ARI values.

Cluster assignments were used in downstream analyses as both a dependent
variable, testing whether neural synchrony predicts shared appraisals, and as a covariate to
control for shared interpretive stance. As an unsupervised method, appraisal clustering
complements model-free approaches like representational similarity analysis (RSA) or
inter-subject correlation (ISC) by offering a structured, hypothesis-generative framework
for characterizing complex behavioral variation. Because clustering is unsupervised, it
preserves natural variation in interpretation without imposing assumptions about the
“correct” appraisal path.

Appraisal Synchrony. Appraisal synchrony refers to the temporal alignment of
continuous appraisal ratings across participants who are exposed to the same dynamic

stimulus. It captures the extent to which individuals update their evaluations in similar
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ways and at similar times, providing a window into shared cognitive-affective processing
during naturalistic experiences. If clustering captures who appraises a stimulus similarly
across its full duration, synchrony captures when those appraisals align over time and how
strongly they align.

To quantify this synchrony, I computed sliding-window Pearson correlations
between all possible subject pairs’ time-aligned appraisal vectors. Each subject’s
preprocessed rating timecourse was z-standardized to emphasize relative temporal
fluctuations and minimize the influence of scale usage. Synchrony was then assessed using
a Gaussian-tapered sliding window (window size = 60 s, step size = 12 s, o = 3), which
prioritized central time points within each window while downweighting edge values.
These specified values are in line with other applications of this approach within social
neuroscience (Chen et al., 2017; Song et al., 2021). This yielded approximately 105
overlapping windows per participant pair. Observations were excluded from the final
synchrony matrix when either participant in a pair showed no variance during a window,
as these yielded undefined correlation values. All computations were parallelized using the
doMC and foreach packages in R to accommodate the scale of the pairwise comparison
process.

The use of Pearson correlation was selected based on simulation-based
benchmarking. Although behavioral appraisals represent bounded, potentially non-
normally distributed data with frequent rating plateaus and non-linear transitions, Pearson
correlation proved to be the most sensitive and stable method for recovering true signal
similarity under conditions that mirrored my experimental data (e.g., scaling, noise, lag,

and plateauing). In a series of 500 simulations using both sine- and random-walk-based
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trajectories, I compared Pearson, Spearman, and Zero-Inflated Poisson (ZIP) models.
While Spearman is robust to non-normality and ZIP accounts for plateaus, Pearson
consistently outperformed both in recovering underlying synchrony. Its ability to preserve
linear magnitude structure, rather than collapsing data to ordinal ranks (as with Spearman),
made it particularly well-suited for detecting fine-grained covariation in shape and scale.

This measure of appraisal synchrony enabled us to capture shared temporal
dynamics across participants, supporting downstream analyses of inter-subject similarity
in interpretive stance, attentional convergence, or neural alignment. As a continuous,
windowed estimate of shared appraisal processing, appraisal synchrony offers a richer and
more temporally precise alternative to summary-level metrics or model-free techniques
like RSA or non-windowed ISC, which may overlook subtle but informative temporal
structure in appraisals. Synchrony measures generally serve as both an indication of neural
reliability (i.e., multiple persons exhibit the same behaviors) and a window into
interpersonal alignment, revealing how the brain supports normativity, shared meaning, or
consensus during real-world experiences (Nastase et al., 2019), which is especially
pertinent in the face of uncertainty or ambiguity.

Neural Synchrony. Neural Synchrony refers to the temporal alignment of brain
activity patterns across individuals exposed to the same stimulus, reflecting shared
processing or interpretation of incoming information. Higher synchrony suggests that
participants are engaging similar neural mechanisms at the same moments in time, often
linked to common attentional, emotional, or cognitive responses during naturalistic

experiences.
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To characterize shared neural processing during naturalistic viewing, I computed
inter-subject synchrony in BOLD signal fluctuations using a Gaussian-tapered sliding
window correlation pipeline, paralleling the approach used for appraisal synchrony.
Preprocessed fMRI time series were extracted for each subject and anatomically defined
region of interest (ROI). For each ROI, pairwise Pearson correlations were computed
between all subject pairs using a sliding window with a default size of 60 seconds, a 12-
second step size, and a Gaussian kernel (¢ = 3) to emphasize local temporal structure while
downweighting edge effects. This procedure yielded time-resolved synchrony estimates
for each dyad across ~105 windows and 100 ROIs. To support computational scalability,
the analysis was parallelized using the doMC and foreach packages. BOLD timecourses
were read from subject-specific .csv files, merged into multivariate matrices per task and
ROI resolution, and stored in long-form dataframes with associated metadata (e.g., ROI
label, timepoint, window size, sigma).

Sliding windows are essential when computing correlations of neural activity
during extended naturalistic viewing because spontaneous fluctuations in functional brain
activity can reduce the reliability of correlations computed over long, uninterrupted time
series (Allen et al., 2014). By segmenting the time course into shorter, overlapping
windows and applying a tapered weighting function, I preserve meaningful temporal
variation while attenuating edge effects and minimizing the influence of non-stationary
noise. This approach has been validated in prior ISC paradigms involving naturalistic video
stimuli (Song et al., 2021), where it enables more precise detection of dynamic, stimulus-

locked patterns of neural alignment. By aligning this analysis with the appraisal synchrony
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framework, I enabled direct comparisons between behavioral and neural alignment within
comparable circumscribed windows of time and across regions.

Stimulus Complexity. To quantify moment-by-moment complexity in both social
and non-social video stimuli, I computed Shannon’s entropy, a well-established
information-theoretic measure of uncertainty based on the distribution of values over time
(Shannon, 1948). Entropy increases as the distribution becomes more unpredictable or
uniformly spread, reflecting heightened informational complexity. In the context of
appraisal data, high entropy signals moments of divergence across participants’
interpretations (e.g., mixed certainty about a suspect’s guilt), whereas low entropy reflects
strong consensus. For perceptual (non-social) stimuli, entropy reflects variability in visual
features such as luminance, with high entropy indicating richly varied frames and low
entropy indicating perceptual uniformity. Notably, entropy is agnostic to the central
tendency or average value of a distribution. Both high and low mean ratings can be
associated with either high or low entropy, depending entirely on how dispersed or
concentrated the values are. For instance, a timepoint where all participants strongly agree
that a character is guilty (e.g., ratings near 90) would exhibit low entropy, just as a
timepoint where all agree on innocence (e.g., ratings near 10) would. In contrast, entropy
would be high if participants are split across the scale, regardless of the average, because
the distribution reflects interpretive conflict or uncertainty, not consensus. Although
entropy is often associated with the concept of uncertainty, I use the term "complexity" to
reflect the broader applicability of my entropy-based measures across both perceptual and

interpretive domains. This choice also avoids potential confusion with participants’ explicit
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uncertainty ratings while acknowledging the close conceptual ties between complexity,
uncertainty, and ambiguity.

To compute appraisal complexity, I used the continuous character ratings collected
in the sparse hypothesis sampling study. First, all participant ratings were linearly
transformed from the original bipolar scale (—100 to +100) to a unipolar scale (0 to 100),
such that 0 reflected certainty of innocence and 100 reflected certainty of guilt. I then
applied a Gaussian-weighted sliding window entropy function adapted from the DescTools
R package (Signorell et al., 2025), which aggregates rating values within a temporally
defined window and computes the normalized Shannon entropy across this local
distribution. This allowed us to identify moments of increased interpretive demand as a
feature of the stimulus (i.e., where group-level consensus breaks down and multiple
appraisal hypotheses are actively maintained). Entropy scores were z-standardized to
emphasize relative fluctuations across the stimulus timeline.

To compute luminance complexity for my non-social perceptual control task, I
applied the same Gaussian-tapered sliding window entropy function to visual features of
the video. Frames were extracted from the stimulus at 3 Hz and converted to grayscale
images. Each frame's luminance distribution was calculated via pixel-wise intensity
histograms, from which entropy was computed based on the probability of each luminance
bin. As with appraisal entropy, higher values reflected greater perceptual variability within
a given time window.

This shared computational approach enabled alignment of entropy estimates with
behavioral and neural synchrony analyses, allowing us to examine how complexity in

social and non-social domains relates to group-level alignment. More broadly, stimulus
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complexity provides a principled and interpretable signal of when and where individuals
face competing interpretations or richly layered sensory input; conditions that may drive
shared attention, belief updating, and neural coherence during naturalistic viewing.

Informational Weight. Informational Weight refers to the perceived utility of a
given moment in advancing or challenging a specific appraisal. In the context of my task,
it captures how strongly a participant believes a moment contributes evidence for or against
the guilt of a particular character. Informational weight is hypothesis-dependent and
directional, anchored to whether incoming information is seen as consistent or inconsistent
with a character's presumed role in the narrative. This concept allows us to examine how
subjective weighting of events varies across individuals depending on their interpretive
stance.

To quantify how informative each moment of the video was perceived to be,
relative to a specific character's hypothesized guilt, I computed moment-by-moment
averages of participants' continuous ratings using a Gaussian-tapered sliding window
approach. For each character, I first aggregated participant ratings (0—100 scale) at each
second of the video, then applied a sliding window with a Gaussian-weighted kernel (¢ =
3) centered on each target timepoint. The window was convolved with the time series,
prioritizing temporally local structure while gently downweighting surrounding
timepoints. The result was a smoothed trajectory reflecting the average perceived
informativeness of each moment, separately for each character. These smoothed
timecourses were then averaged across characters to yield a global informational weight
index used in downstream analyses. This approach allows us to align periods of peak

subjective informativeness with changes in neural or behavioral synchrony, offering
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insight into how interpretive salience shapes shared cognitive responses to complex

stimuli.
Statistical Modeling and Analytic Strategy

All correlations were Fisher’s Z transformed prior to inclusions in models and the
subsequent relevant estimates (e.g., beta, standard error, etc.) were reversed transformed
for interpretation.

Binary Logistic Regression. Binary logistic regressions were implemented in base
R to test the relationship between cluster membership (i.e., perspective) and neural
synchrony. Separate models were estimated for each ROI, and false discovery rate was
controlled using the Benjamini-Hochberg procedure.

Linear Models. Linear regression models were also conducted in base R to assess
differences in average appraisal synchrony by cluster type (i.e., intra-cluster synchrony vs.
inter-cluster synchrony). Additional models expounded upon this by exploring the
predictive utility of the interaction between information complexities and cluster type
towards average appraisal synchrony, as well as appraisal engagement and average
appraisal synchrony at moments throughout the stimulus.

Hierarchical Linear Modeling. Hierarchical linear modeling, conducted using
Ime4 (Bates et al., 2015), were fitted for all appraisal-neural synchrony models and
employed an information criterion approach for model testing comparing BIC values
between competing models. All models began with a null consisting of appraisal synchrony
as the criterion and subject pair specified as a random intercept. Models were then
constructed iteratively without restricted maximum likelihood to facilitate model

comparison. The first model introduced neural synchrony as a fixed predictor of appraisal
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synchrony, but this model was outperformed (i.e., p < 0.05 after correction for multiple
comparisons) in all ROIs by Model 2, which specified a random intercept of time. Models
3 and 4 introduced a fixed effect of domain and an interaction between domain and neural
synchrony, which again outperformed previously models in nearly every ROI. Finally,
Models 5,6 and 7 introduced complexity as a fixed effect, an interaction with neural
synchrony, and a three-way interaction among domain and neural synchrony.

Intersubject Correlations. ISC was conducted in base R using pairwise pearson
correlations applied to neural values. Significance was determined via permutation testing
using 500,000 permutations per ROL.

Correction for Multiple Comparisons. To correct for multiple comparisons in
neural analyses, I applied the Benjamini-Hochberg (BH) procedure to control the false
discovery rate (FDR) across all parcels. Unless otherwise specified, results were
thresholded at a corrected p-value of < .01, ensuring a stringent yet interpretable balance
between sensitivity and Type I error control.

Open Access Statement. A detailed outline and scripts associated with pre-
processing, analyses, and visualizations are publicly available at and https://github.com/wj-

mitchell/dissertation.
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CHAPTER 3

RESULTS

Appraisal Clustering Reflects Diverging Perspectives

To identify shared patterns in belief trajectories, I first applied PCA to the z-
standardized continuous rating data. When clustering was conducted across all participants,
a minimum of 7 principal components was required to explain at least 90% of the variance,
compared to 6 and 5 components when PCA was performed separately within Condition
A and Condition B, respectively.

In Condition A, the elbow method suggested an optimal k range of 2—3, while the
silhouette method favored k = 2. Clustering with k = 2 yielded a highly stable solution
(median ARI = 1.00, SD = 0.24, min = —0.50, max = 1.00, n = 4,949), with an
approximately even split of 11 and 9 subjects across the two clusters. These clusters
captured diverging belief trajectories: one group (Cluster 1) became increasingly certain
that Jonathan was guilty, while the other (Cluster 2) became increasingly confident in his
innocence. These trends can be observed in Figure 4.

In Condition B, the elbow method indicated an optimal k of 3, while the silhouette
method again favored k = 2. Clustering produced a similarly stable solution (median ARI
=1.00, SD = 0.34, min = —0.50, max = 1.00, n = 4,910), resulting in three clusters with 5
subjects each. Two of the clusters mirrored the patterns observed in Condition A (rising
certainty of guilt vs. innocence), while the third remained centered near the midpoint of the

scale, suggesting persistent uncertainty across the stimulus.
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When collapsing across conditions, the elbow method supported k = 3, while the
silhouette method again suggested k = 2. The clustering solution across all subjects yielded
the most stable ARI profile (median = 1.00, SD =0.23, min =-0.08, max = 1.00, n=4,950)
and produced two clusters of 16 and 19 subjects, respectively. Given its superior stability
and my pre-specified plan to use the across-condition solution when reliable, I retained this

final clustering structure for downstream analyses.

— — Figure 4. Appraisal Cluster
condition: A||condition: B Trajectories Using Generalized

Additive Models with a cubic
11 regression  spline  basis, we
visualized average appraisal rating
trajectories over time for each
cluster during the first and second
(i.e., conditions A & B,
respectively) stimulus videos. All
values were within-subject
standardized. Positive z-values
trend toward greater certainty of

Cluster the target character’s innocence.
-1 1 Negative z-values trend towards
s greater certainty of the target

Avg. Certainty Appraisals (z)
o

0 500 1000 O 500 1000 character’s guilt. Shaded regions
Time (S) denote 95% confidence intervals.

Having identified stable clusters that reflected diverging interpretations, I next
asked whether these global patterns of appraisal also manifested as greater moment-to-
moment alignment between individuals within the same cluster, testing whether shared
interpretive frames extend beyond overall trajectories to shape real-time evaluative
behavior.

Shared Perspective Enhance Appraisal Synchrony

To evaluate whether cluster membership predicted greater alignment in moment-

by-moment behavioral judgments, I regressed appraisal synchrony onto a binary indicator
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of cluster type (intra-cluster vs. inter-cluster). Analyses were conducted separately using
both the mean and median correlation within each window to ensure robustness against
potential outliers or skew. In both models, intra-cluster pairs exhibited significantly greater
synchrony than inter-cluster pairs. When using mean correlation as the outcome, intra-
cluster pairs were associated with a large increase in synchrony (b = 0.46, #(255) = 11.99,
error =0.04, p <.001), accounting for 36.0% of the variance (R?=0.36). A nearly identical
pattern emerged when using median correlation (b = 0.54, #(255) = 11.23, std. error = 0.05,
p < .001), with the model explaining 33.1% of the variance. These results confirm that
clustering based on participants’ overall rating trajectories captures meaningful behavioral
similarity: participants with similar interpretive orientations to the stimulus tended to
respond in more synchronized ways throughout viewing.

While these findings demonstrate that shared interpretive frames support greater
alignment in appraisal behavior, they leave open the question of how features of the
stimulus itself - particularly its moment-to-moment informational complexity - might
amplify or constrain this synchrony.

Appraisal Complexity Amplifies Shared Perspective

I next examined whether appraisal complexity moderates the relationship between
appraisal clustering and moment-to-moment synchrony, under the hypothesis that
ambiguous moments would amplify reliance on shared interpretative frameworks and thus
increase intra-cluster appraisal synchrony.

individuals within the same cluster may interpret ambiguous moments more

similarly by drawing on their shared interpretative frameworks. A linear model revealed a
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Figure 5. The Effects of Complexities Upon Appraisal Synchrony By Perspective
Linear models revealed marginally significant interactions between complexity type and
cluster membership. Appraisal complexity was associated with increased synchrony
among individuals within the same appraisal cluster, but reduced synchrony between
clusters. Emotional complexity showed a general negative association with appraisal
synchrony, though this effect was attenuated for intra-cluster pairs.

marginally significant interaction between cluster type (i.e., inter-cluster vs. intra-cluster
comparisons) and appraisal complexity (b = 0.13, #256) = 1.86, std. error = 0.07, p =
.064, R?=0.37) (Figure 5). This is consistent with the idea that shared cognitive framing
may scaffold appraisal alignment particularly when uncertainty is high, though, caution is
warranted in interpreting any marginally significant effects. Furthermore, I find no
evidence to suggest that appraisal complexity synchronizes appraisals generally, or without
taking perspectives into account (b = 0.00, #(258) = 0.084, std. error = 0.04, p =0.93, R?=
0.00) (Figure 6). These findings suggest that complexity can enhance appraisal alignment
within perspective, but they leave open the question of whether this effect reflects a general
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property of complexity or is specific to moments of interpretive ambiguity. To test this, I
examined whether emotional complexity, which is another form of informational

variability, exerts a similar influence on appraisal synchrony.
Emotional Complexity Reduces Appraisal Synchrony

I repeated the same analysis using “emotional complexity” as a predictor. This
measure was derived from the output of EmoNet, a deep neural network trained to identify
discrete emotional expressions in visual stimuli (Kragel et al., 2019). For each still frame
of the stimulus, EmoNet produced probability estimates across twenty discrete emotion
categories (i.e., the probability that each emotion was represented within the still frame),
which were then used to calculate the average Shannon’s entropy value within each
window using the same method outlined for appraisal complexity.

Emotional complexity, unlike appraisal complexity, demonstrated a negative effect
upon appraisal synchrony independent of cluster type (b =-0.134, #258) = -2.54, std. error
=0.05, p <0.05, R?=0.02), such that moments of higher emotional ambiguity yielded less
appraisal synchrony overall (Figure 6). Emotional complexity also unfortunately only
yielded a marginally significant interaction with cluster type (b = 0.14, #(256) = 1.77, std.
error =0.08, p=0.077, R?= 0.36), which may suggest that intra-cluster appraisal synchrony
is less negatively impacted by emotional complexity than inter-cluster appraisal synchrony
(Figure 5). However, a linear model exploring the interaction between complexity type
and complexity magnitude did reveal a significant interaction effect (b = 0.14, #516) =
2.047, std. error = 0.07, p < 0.05, R? = 0.01), indicating that emotional and appraisal

complexity do exert differing effects on appraisal synchrony.
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Taken together, these findings suggest that informational complexity does not
promote universal alignment but instead strengthens coherence within shared perspectives.
While appraisal complexity enhanced synchrony among individuals with similar
interpretive frames, emotional complexity broadly disrupted synchrony. However, these
effects raised the question whether complexity truly represents alignment in appraisal

changes or could simply results from broad disengagement.
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Appraisal Synchrony Reflects Cognitive Engagement, Not

Inactivity

To ensure that observed increases in cluster synchrony were not merely artifacts of
shared plateaus or minimal rating change (i.e., low temporal signal), I tested whether the
average appraisal engagement predicted appraisal synchrony. Linear models revealed that
mean cluster synchrony was strongly and positively associated with appraisal engagement
(b=0.88, 1(258) = 36.72, std. error = 0.02, p <.001, R?= 0.84). This result suggests that

moments of high synchrony were not characterized by flat or plateaued ratings, but rather
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by increased dynamic alignment in rating trajectories, supporting the interpretation that
synchrony reflects meaningful temporal coherence rather than shared inactivity.

Having established that appraisal synchrony reflects genuine cognitive engagement
and that such synchrony increases within perspectives during appraisal-complex moments,
I next asked whether the inverse might also be true: do moments of high informational
clarity, or informativeness, promote convergence even across divergent perspectives?
Since informativeness reflects the presence of clear, diagnostic cues, it should theoretically
oppose ambiguity and foster alignment between clusters rather than within them. I tested
this possibility by examining the relationship between perceived informativeness and

cluster-specific appraisal synchrony.

Figure 7. Appraisal
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Consistent with prior expectations, informativeness was strongly and negatively
correlated with appraisal complexity (r = —0.64), suggesting that scenes perceived as more
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informative were also those in which character evaluations became more constrained and
less ambiguous across viewers. Information weight significantly interacts with appraisal
cluster type (b =-0.01, #256) =-1.99, std. error = 0.01, p < 0.05, R?=.37) such that intra-
cluster appraisal synchrony decreases as information weight increases, and inter-cluster
appraisal synchrony demonstrates a positive relationship. This interaction relationship is
further amplified if specifically focusing upon the informational weight of Jonathan
Fraser’s character (b =-0.01, #(256) = -3.556, std. error < 0.01, p <0.001, R*=.41) This
suggests that the scenes rated as most diagnostic about his involvement may have prompted

more uniform reactions even across individuals with opposing interpretations.
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Shared Perspectives Cannot Be Inferred from Neural Synchrony Alone

Having identified distinct behavioral clusters and shown that moment-to-moment
appraisal synchrony is shaped by shared interpretations and stimulus complexity, I next
asked whether these interpretive alignments were mirrored at the neural level. Specifically,
I tested whether inter-subject neural synchrony predicted membership in the same appraisal

cluster, linking shared cognition to shared brain dynamics. To evaluate whether inter-
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subject neural synchrony predicted behavioral clustering, I conducted a series of binary
logistic regressions; one for each parcel in the 2022 Schaefer 100-parcel, 17-network
parcellation (Schaefer et al., 2018). Prior to correction for multiple comparisons, five
regions met conventional significance thresholds (p < .05). Three regions showed positive
associations, indicating that greater neural synchrony was associated with an increased
likelihood of belonging to the same behavioral cluster: the right inferior parietal lobule
(ROI 77; OR = 18.17, std. error = 1.12, p = .009), the right parahippocampal cortex (ROI
58; OR = 15.04, std. error = 1.16, p = .020), and the left superior parietal lobule (ROI 31;
OR = 13.87, std. error = 1.18, p = .026). These parcels fall within the ventral attention,
default mode, and dorsal attention networks, and may reflect distributed functional systems
supporting shared behavioral trajectories during naturalistic viewing. However, none of the
models survived false discovery rate correction (adjusted p > .635), and these findings

should therefore be interpreted cautiously pending replication in future work.
Social and Non-Social Appraisals Broadly Synchronize Brain Networks

To identify brain regions exhibiting robust inter-subject synchronization during
naturalistic decision-making, I computed ISC separately for social and non-social
conditions across all 100 cortical parcels and tested each against a null distribution using
permutation-based significance testing with Benjamini-Hochberg correction (n =
500,000).

Significant synchronization was widespread, with 92 out of 100 regions surpassing
a threshold of p < .01. While robust ISC was observed in visual A (avg. » = 0.25) and
auditory networks (avg. r = 0.36) as expected, several higher-order association networks

also showed strong alignment. Notably, parcels within the default mode networks A (avg.
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r = 0.08) and C (avg. r = 0.12), dorsal attention network A (avg. r = 0.09), and
salience/ventral attention network B (avg. » = 0.07) demonstrated among the highest non-
sensory ISC values, suggesting that shared interpretation and attentional allocation
contributed to convergent neural activity during naturalistic social processing. Notably
synchronized higher-order regions include the right temporal pole, parietal occipital lobe,
precuneus, parahippocampal cortex, and superior parietal lobe, all of which demonstrated
a synchrony value of 0.1 or higher.

In the non-social model, 69 out of the 100 regions demonstrated significant inter-
subject synchronization at a threshold of p <.01. These effects were broadly distributed,
but several networks exhibited especially consistent synchronization. Notably, the Dorsal
Attention (A & B) (avg. r=0.05), Visual (A—C) (avg r’s = 0.09 — 0.17), and Default Mode
(particularly Default C) (avg. r = 0.07) networks each contributed six or more significant
regions. The most synchronized non-sensory ROIs included regions within dorsal attention
and control networks, reinforcing the role of top-down attentional systems in structuring
neural synchrony during non-social processing. Values for all parcellations are contained

within the master synchrony results table in the appendix.
Social Appraisals Drive Greater Neural Synchrony Than Non-Social

Directly comparing the two conditions revealed 56 parcels where ISC was
significantly higher during social versus non-social tasks. These included bilateral medial
and lateral prefrontal cortices, bilateral posterior cingulate, and several left-lateralized
dorsal attention and ventral attention network parcels, including the superior and inferior
parietal lobe. No parcels showed significantly greater ISC during non-social compared to

social tasks (Figure 9). The largest higher-order network differences were observed in
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default mode networks A, B, and C (avg. r’s = 0.05). These results may collectively
indicate that naturalistic social inference tasks elicit more widespread and consistent
cortical synchrony than non-social tasks, especially in midline and temporoparietal regions
commonly implicated in theory of mind, narrative comprehension, and attentional
reorienting, but some differences in task design may limit this interpretation. See Table 1

for a full list of ISC network results.

Difference Non-Social Social

Network

(avg.r) (avg.r) (avg.r)

Auditory 0.293 0.069 0.363
Control (A) 0033 | 0027 i  0.059
Control (B) 0034 | 0012 | 0047
Control (C) 0.039 0.018 0.057
Default (A) 0.054 i 0024 i 0.078
Default (B) 0051 | 0016 |  0.066
Default (C) 0055 i 0070 |  0.125
Dorsal Attn (A) 0.037 i 0.049 | 0.086
Dorsal Attn (B) 0.007 | 0039 | 0.046
Language 0.161 | 0030 | 0.191
Sal/Ventral Attn (A) 0.012 i 0.028 |  0.041
Sal/Ventral. Attn (B) 003 | 0031 | 0.070
SomatoMotor (A) -0.006 i 0034 i 0029
SomatoMotor (B) 0026 | 0021 | 0.046
Visual (A) 0.072 0.175 0.247
Visual (B) 0.021 i 0092 i 0113
Visual (C) 0037 | 0091 | 0128

Table 1. Average Network Synchrony By ISC Analysis Networks correspond to the
2022 17-Network Kong schema and each value represents the average ISC value across
all Schaefer parcellations. contained within that network. Negative values are colored
red.

Neural Synchrony Predicts Social and Non-Social Appraisal Synchrony

To examine whether neural synchrony predicted social appraisal synchrony, I

tested mixed-effects linear models with a random intercept for dyad and timepoint. Only
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two non-motor regions, the left lateral PFC within Control Network A and the left insula,
achieved significance at my target threshold, demonstrating positive and negative
connectivity, respectively. Additional regions achieved significance at a threshold of p <
0.05, including regions in the default mode (left temporal pole), control (left temporal lobe,
right lateral PFC), salience/ventral attention (bilateral insulae, right IPL), somatomotor
(right insula), dorsal attention (right SPL, right posterior cingulate), and visual networks.
The right lateral PFC and right SPL were the only regions to demonstrate a positive

association; all others yielded negative estimates.
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Figure 10. Domain-Specific Appraisal-Neural Synchrony Associations Hierarchical linear
models identified several regions that synchronized or de-synchronized as social or non-social
appraisals synchronized. Among social appraisals, the left lateral PFC synchronized while the
right insula and left motor regions desynchronized. Among non-social appraisals, we see a
broader constellation of primarily posteriorly-located sensory regions which demonstrated
moderate synchronization overall.. All regions visualized achieved an adjusted p < 0.01.
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In contrast, a robust constellation of regions demonstrated significant positive
connectivity during the non-social task. These included bilateral superior parietal lobes,
bilateral striate and extrastriate, medial prefrontal cortex, bilateral precuneus, bilateral
frontomedial lobe, the left insula, the right intraparietal sulcus, bilateral temporal lobe, and
the left inferior parietal lobe. Notably, even when operating at the liberal threshold of p <
0.05, the only regions activated by both domains are the left extrastriate, left somatomotor
area, and right SPL in the dorsal attention network (Figure 10).

A model specifying task as an interaction with neural synchrony revealed that the
right lateral PFC did preferentially activate for social appraisals, while bilateral IPLs, left
insula, visual network structures, left SPL, right IPL, and left temporal lobe preferentially
activated for the non-social condition (Table 2 in Appendix).

These findings suggest that moment-to-moment alignment in appraisals may be
more tightly scaffolded by regional neural synchrony during perceptually driven, lower-
order tasks than during complex, socially evaluative decision-making, where broader or
more variable cognitive processes may dominate.

Social Neural-Appraisal Synchrony Improves Within Perspective

Building from previous results, I explored whether appraisal-neural synchrony
strength would be improved by accounting for perspective, so an additional model
including a cluster-neural synchrony interaction and using only social observations was
specified. It otherwise mirrored the previously noted social model. This revealed several
regions which appear to synchronize more when subjects share perspectives (Figure 11).
Regions which appear to synchronize more when subjects share a perspective showing

include the right lateral prefrontal cortex in Control Network A, the right middle prefrontal
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cortex in Control Network C, the right lateral prefrontal cortex in the Salience/Ventral

pole within the Default Mode Network B.

Attention Network B, the left posterior cingulate in Control Network C, and the left frontal
Social
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Figure 11. Perspective-Sensitive Social Appraisal-Neural Synchrony Hierarchical linear
models identified several regions that synchronize more or less when subjects share perspectives.
A general trend appears to suggest that higher-order frontal circuitry synchronizes more while
individuals entertain similar perspectives in social appraises, while some sensory regions
desynchronize. All regions visualized achieved an adjusted p <0.01.
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In contrast, regions which appear to desynchronize when subjects share perspective
were predominantly observed in temporal and visual cortices. These included the left
auditory temporal region, the left temporal region of the Default Mode Network B, the
right extrastriate visual cortex, the left temporal cortex of the Language Network, and the
right temporal cortex of the Salience/Ventral Attention Network B. All results are
summarized in Table 3 in the Appendix. Together, this pattern may reflect a functional
shift away from sensory and perceptual processing toward higher-order cognitive appraisal
or interpretive engagement, depending on the demands or content of the stimulus and
whether individuals are tracking similar conclusions.

Neural-Appraisal Synchrony Varies by Complexity Across Regions

Next, I explored which regions were sensitive to complexity via interaction with

neural synchrony while adjusting for domain. These included regions within the default
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mode network (e.g., left insula, right parieto-occipital cortex), dorsal attention network (left
SPL, left temporo-occipital cortex), salience/ventral attention network (right lateral PFC,
right temporal lobe), language network (bilateral temporal lobe), control networks (left
precuneus, right lateral PFC), and visual areas, highlighting a core set of task-general
systems in which complexity dynamically modulates the behavioral relevance of shared
neural activity, regardless of whether the appraisal is occurring in the social or non-social

domain.
Perspective and Complexity Co-Construct Appraisal-Neural Synchrony

Lastly, I explored how domain further colored this relationship. A hierarchical
linear model examining the three-way interaction between neural synchrony, task domain
(social vs. non-social), and complexity revealed a distributed set of brain regions in which
higher neural synchrony was more predictive of appraisal synchrony specifically during
high-complexity moments, and this relationship was moderated by task domain.
Significant positive three-way interactions were observed in several default mode network
(DMN) regions, including the right temporal pole, left temporal pole, bilateral dorsomedial
prefrontal cortex, and left posterior dorsomedial prefrontal cortex. In addition, the left
inferior parietal lobule and bilateral superior parietal lobule within the salience and ventral
attention network were involved, along with the right superior temporal gyrus (auditory
cortex) and right postcentral gyrus (somatomotor cortex). Visual cortex contributions
included the left extrastriate cortex, left striate cortex, and right extrastriate cortex. These
findings suggest that moments of high informational complexity may recruit both higher-
order association and lower-level sensory regions to facilitate shared appraisal, contingent

on social framing.

61



When examining the non-social condition in isolation, significant positive
complexity-by-synchrony interactions were observed in visual regions such as the left
extrastriate cortex, left superior extrastriate cortex, and left striate cortex, as well as the left
temporal cortex (language area) and left precentral gyrus (dorsal attention network).
Notably, the right inferior parietal lobule within the salience network showed a significant
negative interaction, indicating that greater synchrony in this region may reduce alignment
of appraisals under complex non-social conditions (Figure 12).

For the social condition, positive interaction effects were widespread and included
visual areas such as the left and right extrastriate cortex and left extrastriate area 3, right
temporal cortex (language area), and regions throughout the default mode network,
including the right and left temporal pole, bilateral dorsomedial prefrontal cortex, right
inferior parietal lobule, left posterior cingulate/precuneus, left posterior insula, and right
parahippocampal cortex. Additional effects were observed in the right and left superior
parietal lobule, left temporo-occipital cortex, and left posterior cingulate, as well as control
network regions in the right prefrontal cortex and left precuneus. Right frontal medial
cortex and right superior extrastriate cortex within the salience network were also
implicated.

The significance of this three-way interaction indicates that the relationship
between neural synchrony and appraisal synchrony is not static, but rather depends on both
the degree of stimulus complexity and the social context of the task. That is, neural
alignment among individuals is most predictive of shared interpretation during ambiguous
moments, and this predictive power is further shaped by whether participants are attending

to social or non-social aspects of the stimulus. This pattern highlights the flexible, context-
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sensitive nature of social appraisal alignment and its grounding in coordinated neural

Social Complexity I
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Figure 12. Complexity-Sensitive Appraisal-Neural Synchrony By Domain Complexity
appeared to moderate the appraisal-neural synchrony association in some sensory regions, while
complexity affected a much broader constellation of regions across default mode, attention, and
control networks within the social domain. All regions visualized achieved an adjusted p <0.01.
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CHAPTER 4

DISCUSSION

This dissertation aimed to characterize the neural circuitry that normatively
supports the formation of explicit appraisals in response to both social and non-social
sources of uncertainty. By leveraging temporally resolved naturalistic stimuli and dynamic
modeling approaches, the goal was to trace how distributed patterns of neural activity give
rise to evolving judgments under dynamic and complex conditions. A secondary aim was
to examine how both internal factors (e.g., shared interpretive perspective) and external
factors (e.g., moment-to-moment stimulus complexity and informational weight) modulate
the strength and reliability of this brain—behavior relationship. In doing so, this work sought
to clarify when and where neural synchrony predicts convergent appraisals, and how
contextual variability alters this mapping across cognitive domains.

Several core findings emerged. First, participants formed distinct interpretive
trajectories when resolving uncertainty, with stable clusters emerging across independent
subsamples. These shared perspectives were behaviorally meaningful: individuals within
the same cluster showed significantly greater alignment in moment-to-moment appraisals
than those across clusters. Second, appraisal synchrony was modulated by the complexity
of the stimulus. Moments of high appraisal complexity amplified intra-cluster synchrony,
consistent with the hypothesis that individuals lean more heavily on shared interpretive
frames when ambiguity is high. In contrast, emotional complexity broadly reduced

synchrony, likely due to greater variance in affective interpretation. Importantly, these
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effects could not be attributed to disengagement or plateauing, as synchrony was positively
associated with dynamic appraisal engagement.

Third, stimulus informativeness - particularly information implicating the suspect
- promoted convergence even across divergent interpretive clusters, suggesting that
diagnostic cues can temporarily override top-down biases and facilitate shared evaluation.
Fourth, widespread neural synchrony was observed across participants, with frontal and
midline regions, including medial prefrontal, posterior cingulate, and lateral parietal areas,
more strongly synchronized during social versus non-social appraisal. Conversely, dorsal
attention and sensory networks were more synchronized during non-social processing,
consistent with task demands.

Fifth, neural synchrony predicted appraisal synchrony across both domains, but the
spatial distribution of effects diverged. Social appraisals were scaffolded by default mode
and control regions, while non-social appraisals were supported by parietal and visual
networks. Sixth, perspective and complexity jointly modulated the strength of brain—
behavior coupling. Several higher-order association areas - including dorsomedial PFC and
bilateral temporal poles - demonstrated stronger neural-appraisal alignment among
individuals with shared perspectives, particularly during complex moments. Finally, a
significant three-way interaction between neural synchrony, domain, and complexity
revealed that the predictive relationship between brain and behavior was strongest when
appraising ambiguous social information.

Together, these findings offer a comprehensive account of how shared

interpretations emerge in naturalistic contexts and demonstrate that synchronized social
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understanding is grounded in dynamic, context-sensitive neural mechanisms. These

findings likely speak to at least a few related literatures which I will briefly review.
Confirmation Bias and Heuristics

Participants who initially shared the same suspicion about the character’s guilt
became increasingly aligned in their certainty as the episode progressed. Rather than
shifting perspectives, most participants became more confident in their original
interpretation, particularly during moments of high ambiguity. This pattern may suggest a
potential tendency to selectively integrate evidence that supported pre-existing beliefs akin
to confirmation biases. Prior work has shown that individuals often interpret ambiguous
information in belief-consistent ways, leading to polarization towards diverging
perspectives, rather than convergence, when exposed to mixed evidence (Nickerson, 1998).
Moreover, participants in the studies reviewed here rarely reversed their views (i.e., crossed
the dividing line between guilt and innocence during their continuous ratings). Participants’
initial appraisals may have been shaped by the representativeness heuristic, whereby
judgments are guided by perceived similarity to familiar character types or narrative tropes
(Tversky & Kahneman, 1974). These early impressions may then serve as anchors in
ongoing evaluations, with new evidence insufficiently shifting participants away from their
initial hypothesis, a process consistent with the anchoring and adjustment heuristic
(Tversky & Kahneman, 1974). Even in the face of contradictory information, participants
may have selectively integrated or discounted cues in a way that preserved coherence with
their anchored belief, contributing to the increasingly divergent appraisals observed
between interpretive clusters over time. While our data cannot definitively establish the

use of these heuristics, such mechanisms offer a plausible cognitive account of how
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individuals form and sustain interpretive commitments during naturalistic decision-making
under uncertainty. This pattern aligns with findings from my previously-noted study in
which simple heuristic-like perspective assignments (e.g., friend of the victim vs. friend of
the accused) shaped both initial certainty and the interpretation of ambiguous evidence
(Mitchell et al., In Preparation). Even when exposed to identical stimuli, participants
interpreted uncertainty-resolving information in perspective-consistent ways, suggesting
that prior beliefs can bias not only initial expectations but also the perceived
informativeness of subsequent cues.

Although participants did not directly interact, the emergence of appraisal
synchrony within a socially framed context, potentially shaped by confirmation biases and
heuristic processing, may offer insight into collective dynamics underlying echo chambers

(Garrett, 2009) and the formation of conspiratorial beliefs (Douglas et al., 2017).
Shared Reality and Mentalizing

Our findings may also speak to broader questions in the social neuroscience of
shared reality and mentalizing. Shared reality theory posits that individuals strive to
achieve common internal representations of the world with others, particularly in
ambiguous or uncertain contexts, as a means of fostering social connection and epistemic
confidence (Echterhoff et al., 2009). The observed appraisal synchrony among participants
who initially shared interpretive perspectives suggests that shared mental states may not
arise solely through direct communication or social interaction, but can emerge passively
through common interpretive frames applied to the same ambiguous stimulus. This aligns

with evidence from naturalistic neuroimaging studies showing that shared prior beliefs can
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enhance neural synchrony and facilitate convergent interpretation (Nguyen et al., 2019;
Yeshurun et al., 2017).

Moreover, the brain regions identified in our analyses, particularly those in the
default mode and salience networks, are frequently implicated in mentalizing, or the
attribution of mental states to others (Frith & Frith, 2012; Schilbach et al., 2008). The
modulation of these regions by both interpretive alignment and stimulus complexity
suggests that mentalizing processes may not be limited to explicit social cognition, but may
also support the construction of shared understanding during socially framed, uncertain
experiences. These results support the view that shared reality and mentalizing are
dynamically co-constructed, with initial appraisals potentially guiding attention, belief

updating, and the perceived informativeness of evidence in socially meaningful ways.
Interpreting Neural Findings in Naturalistic Contexts

Our findings largely align with and extend prior trial-based investigations of social
and non-social uncertainty. We observed that social appraisals of uncertainty were reliably
associated with activity in the lateral PFC, insulae, and precuneus, after adjusting for
stimulus complexity. In contrast, non-social uncertainty was more strongly supported by
the intraparietal sulcus (IPS) and sensory cortices. Social analyses also yielded
relationships in regions commonly associated with social cognition, such as bilateral
temporal poles, the dorsal PFC, and posterior cingulate cortex, which may constitute part
of social decision-making circuitry (Frith & Frith, 2006, 2012).

The use of dynamic, naturalistic narratives in conjunction with synchrony-based
analytic techniques may account for the engagement of brain regions not commonly

implicated in trial-based studies of uncertainty. In particular, regions such as the
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parahippocampal cortex (PHC), parieto-occipital cortex (POC), and superior parietal lobe
(SPL) may become especially relevant in the context of rich, temporally unfolding
narratives that require social interpretation over time. The PHC, for example, has long been
associated with contextual integration, supporting episodic memory by binding “who,
what, when, and where” information (M. Li et al., 2016), and facilitating theory of mind
via scene construction and mental simulation (Blomkvist, 2025). Its recruitment during
naturalistic tasks may reflect the need to encode and retrieve the broader spatiotemporal
setting in which social events unfold, particularly when those events must be interpreted
through the lens of character motivations and shifting narrative context (Aminoff et al.,
2007; Bar, 2004). Functional connectivity between the PHC and default mode network
hubs such as the medial prefrontal cortex and posterior cingulate cortex may further enable
contextual information to scaffold abstract social appraisals (Ward et al., 2014).
Similarly, the POC may contribute to naturalistic appraisals by integrating lower-
level perceptual information with higher-order inferential processes. Prior work has shown
that POC synchrony increases when subjects converge in attentional focus and mental state
inference during complex video viewing (Bacha-Trams et al., 2017), consistent with its
proposed role in autobiographical memory retrieval and scene modeling (Jadskeldinen &
Kosonogov, 2023). The SPL may also be more prominently engaged in naturalistic settings
due to its role in top-down attentional control, supporting flexible reorientation to socially
salient cues, shifting goals, and emotionally charged events as they unfold (Corbetta &
Shulman, 2002; Jadskeldinen & Kosonogov, 2023). The SPL also represented one of the
few regions that synchronized across both social and non-social domains, which may

represent the unique cognitive demands that resolving uncertainty begs in complex
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settings, regardless of domain. Together, these regions may be preferentially recruited in
paradigms that more closely approximate real-world social cognition, capturing the

interpretive demands and ambiguity inherent in everyday appraisal.
Limitations

Several methodological and conceptual limitations should be noted. First, my
protocol to set video volumes to subject preferences, especially in the noisy MRI
environment, meant that subjects occasionally requested volume changes mid-experiment.
While participants were permitted to request volume adjustments between runs, I did not
systematically document the timing or magnitude of these changes. This variability in
auditory presentation may have introduced noise, particularly in language or temporally
sensitive regions such as the superior temporal sulcus or auditory cortex. Although
intersubject correlation (ISC) techniques emphasize shared temporal dynamics rather than
signal magnitude, and random intercepts were modeled at the run level to absorb potential
nuisance variance in hierarchical linear models, future studies should more rigorously
control and log these factors.

Second, numerous analytic decisions were made (i.e., researcher degrees of
freedom) that may be fundamentally arbitrary. Parameters for the sliding window analyses
- including window size, step size, and sigma value - were chosen based on theoretical
rationale and prior studies, but alternative parameterizations may yield different results. An
additional example includes the assumption that participants' certainty ratings followed a
bipolar construct (i.e., certainty of guilt vs. certainty of innocence), which may have led to
an overemphasis on valence directionality. It is possible that many brain regions instead

respond to fluctuations in certainty regardless of valence. I also employed a specific spatial
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resolution (e.g., 100-parcel Schaefer atlas), but other parcellation schemes or more fine-
grained ROI definitions might have yielded different patterns of synchrony or cluster
structure.

Third, my sample size was modest, and further subdivided due to experimental
manipulations (e.g., rating vs. passive conditions; divergent interpretive perspectives),
which limits statistical power and generalizability. Although random effects structures and
mixed-effects models were used to partially mitigate this, replication in larger, more
demographically diverse samples is necessary to validate and extend the present findings.

Fourth, although I implemented a luminance-based rating condition to serve as a
non-social control, I did not include an alternative social appraisal control condition that
was less epistemically focused (e.g., judgments of warmth or attractiveness). As a result, it
is difficult to determine whether observed differences in synchrony and complexity were
specific to certainty processing or social appraisal more broadly. This non-social control
also differed from the social task considerably in length of time and rating variability, both
of which may have had downstream effects on my ability to detect statistical effects.

Fifth, while intersubject synchrony is used to index convergence in interpretation
or appraisal, converging synchrony does not uniquely indicate interpretive alignment. It
may also reflect shared attention, arousal, or stimulus features. This ambiguity limits the
specificity of the neural-behavioral mapping.

Sixth, the study relied on a single audiovisual narrative stimulus centered on a legal
drama involving criminal guilt. This context may not generalize to other forms of social
uncertainty (e.g., trust, moral conflict, or cooperation). Guilt certainty is a particularly

specific operationalization of social cognition and may recruit distinct neural mechanisms
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not representative of other interpretive processes. Relatedly, the manipulation in the
appraisal framing study was unidirectional (i.e., participants were given reasons to believe
in guilt, but no conditions framed the target character as plausibly innocent). This
asymmetry limits my ability to infer how positive evidence or exonerating details would
influence appraisal dynamics.

Additionally, subjects in the appraisal manipulating study provided evidence to
suggest that my manipulation was not fully successful. When asked “Based on what you
saw, do you believe [Character] is guilty of the murder?”, approximately 34% of subjects
(i.e., 8 out of 23) indicated that they did not. These suspicious participants were relatively
well-distributed among the characters (Jonathan: 40%, Grace: 17%, Franklin: 33%,
Fernando: 50%) and 75% of them indicated that they grew less certain of the character’s
guilt over time. This mirrors an issue encountered in Mitchell et al. (In Preparation) in
which some roles were consistently more difficult for subjects to adopt than others. Future
studies should pilot role adaptability beforehand.

Finally, despite strong theoretical justification for continuous, in-the-moment
ratings, it remains unclear how closely these ratings reflect real-time internal states versus
reflective judgments influenced by metacognitive awareness. While this approach
improves ecological validity, future work should further validate how well such expressive
engagement captures underlying cognitive-affective processes.

Future Directions

There are at least a few ways in which the work outlined here can be built upon.
First, a comprehensive multiverse analysis was originally planned to evaluate the

robustness of my findings across a wide range of analytic decisions. Although the primary
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analyses were conducted using a 60s window, 12s step size, ¢ = 3, the 100-parcel Schaefer
atlas, and raw appraisal values, I also generated parallel models using alternative
specifications, including 40s and 80s windows, step sizes of 6s and 18s, o values of 1 and
10, a 400-parcel resolution, and absolute-valued appraisals. These design choices yield 432
possible analytical permutations. While results have been computed, they could not be fully
interpreted in time for this dissertation; however, they will be incorporated into
forthcoming manuscripts to characterize the stability and generalizability of the observed
effects.

Second, this dissertation did not leverage the full potential of the rich free recall
data acquired from participants after stimulus viewing. These narratives offer a window
into individual differences in memory, attention, and appraisals, and may provide a critical
interpretive bridge between behavioral clustering and neural synchrony findings. Future
analyses will aim to extract structured information from these narratives, with particular
attention to how participants prioritize, sequence, and emotionally frame key events.

Finally, a follow-up fMRI study is currently underway that directly addresses
several limitations of the initial appraisal experiment. In this new design, the stimulus is
divided into four equally timed (~11 min) segments, and each participant completes one of
four tasks per segment: passive viewing, social appraisal (guilt certainty), non-social
appraisal (luminance), or a novel social judgment task (Jonathan’s likeability). This
structure ensures equivalent exposure across tasks and introduces a more ecologically valid
social control condition. Additional improvements include an expanded sample size (N =
60), improved sound calibration, and the inclusion of a behavioral risk/uncertainty task

(i.e., lowa Gambling Task) for half the sample to explore how general uncertainty
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sensitivity relates to the dynamics of social appraisal. Together, these future efforts will
significantly deepen and refine our understanding of how people resolve uncertainty in

complex, socially relevant contexts.
Conclusions

In this dissertation, I examined how individuals appraise uncertainty in complex,
dynamic circumstances, demonstrating that consensus in appraisals is shaped not only by
moment-to-moment neural synchrony, but also by domain-specific context, perspective,
and stimulus complexity. By leveraging continuous behavioral reports and intersubject
neural analyses during video stimuli, I highlighted patterns of appraisal alignment, neural
correlates of shared interpretation, and task-general circuitry supporting uncertainty
resolution. These findings suggest that under ambiguity, social cognition is scaffolded by
both shared neural architecture and interpretive priors that bias the appraisal process.
Critically, regions traditionally underrepresented in trial-based paradigms emerged as
central hubs in navigating naturalistic uncertainty, underscoring the value of ecologically
valid methods. While this work cannot sufficiently establish mechanisms underlying the
observed patterns of diverging certainty trajectories, it offer a window into the

psychological and neural phenomena driving complex interpretations over time.
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APPENDIX

Alternative Non-Social Task for fMRI Appraisal Expression Study. Five early
participants (prior to finalizing the luminance task) completed an alternate non-social
evaluation involving a synthetic video of a digital fishtank. A vertical red line bisected the
screen, and participants rated their certainty as to which side currently contained more fish.
The fish would dynamically enter the screen from either the left or right side, swim about
somewhat stochastically, and exit periodically on either the left of right. The video did not
contain sound. Ratings shifted toward the side perceived as having a greater number of fish
and hovered near the midpoint when uncertain. This pilot task was ultimately discontinued
to better align the perceptual structure of the non-social task with that of the primary
stimulus.

Audio Delivery for fMRI Appraisal Expression Study. Audio for the
experimental task was presented through OptoAcoustics OptoActive sound-canceling
headphones. To ensure clear and audible audio during MRI scanning, I analyzed the noise
frequencies generated by the MRI machine during imaging. I compared these frequencies
with those in my audio stimuli and used Adobe’s Premiere Pro to shift any competing audio
frequencies to non-competing frequency bands and applying reasonable compression upon
the entire audio time course. This adjustment preserved the integrity of the audio
experience for the subjects while minimizing interference from MRI noise. Presentation
volume was adjusted to a comfortable level for each participant based upon subject
feedback during a training exercise which featured royalty-free city noises played at a

median volume that matched the median volume of my stimulus. Subjects could request
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volume changes between runs as needed. The visual elements of the experimental setup
were projected on an MRI-compatible, out-of-bore screen using a Hyperion Projector.

Stimulus Break Assignment Procedure for Sparsely Sampled Social Appraisal
Study. To balance ecological validity with data density, I employed a semi-randomized,
algorithmically constrained procedure to determine the 34 stimulus breakpoints at which
participants would be prompted for social judgments. The full stimulus was first divided
into 1,322 candidate pause points, excluding the initial 30 seconds to allow participants to
settle into the narrative. This resolution matched the TR used in the neuroimaging study to
facilitate cross-study comparisons.

Each subject’s sampling profile was generated by partitioning the stimulus into 34
equally spaced temporal windows and randomly selecting one timestamp per window. This
ensured uniform distribution of sampling across the episode. A 60-second minimum
interval between breaks was enforced to reduce participant fatigue and preserve narrative
coherence.

To avoid clustering and enhance coverage, the order of subject assignment was
dynamically reordered after each sampling step to prioritize participants with later prior
selections. This adaptive procedure promoted temporal dispersion of judgments across
subjects. Additionally, to ensure uniform group-level coverage, global constraints were
applied such that no candidate pause point appeared fewer than twice or more than three
times across the dataset. Oversampled points were replaced with nearby under-sampled
points while maintaining spacing and clustering constraints.

These sampling configurations were indexed by subject ID (e.g., DH-###) and

dynamically linked via a pre-assigned break ID using a purpose-built Pavlovia integration
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tool (https://moryscarter.com/vespr/pavlovia.php). Upon study launch, each participant’s

unique break schedule was called via a break ids.js script, enabling consistent, real-time

delivery of personalized sampling protocols.
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Tables

Neural Sync. Neural Sync. Neural Sync.
Index Network Region xDomain inNon-Social inSocial
(B) (B) (B)
11 Default (C) Left parahippocampalcortex j-0.176 ** | 0.143 *** | -0.017
18 Control(B) Left temporal -0.177 ** | 0.067 . -0.107 *
21| Sal/VentralAttn (A)| Left frontalmedial -0.180 ** | 0.137 *** :-0.009
24| Sal/Ventral Attn (A) | Left superiorparietallobule -0.184 ** | 0.094 ** {-0.040
28| Dorsal Attention (A) | Left inferior parietallobule -0.223 ***{ 0.144 *** {-0.060
37 Auditory Left temporal -0.171 ** { 0.126 *** { 0.000
38| SomatoMotor(A) | Left - -0.346 ***{ 0.202 *** {-0.077 .
39 SomatoMotor(A) | Left - -0.260 ***i 0.114 *** {-0.117 **
40| SomatoMotor(B) | Left insula -0.208 ** { 0.066 . -0.142 **
42| SomatoMotor(B) | Left - -0.193 ** | 0.060 . -0.103 *
44 Visual (A) Left extrastriate cortex -0.184 ***: 0.108 *** {-0.012
50 Visual (C) Left striate -0.174 ** | 0.056 . -0.095 *
68 Control(B) Right lateral prefrontal cortex 0.169 ** {-0.017 0.094 *
75| Sal/Ventral Attn (A) | Right inferior parietallobule -0.161 ** | 0.027 -0.080 *
89| SomatoMotor(A) | Right - -0.243 ***{ 0.066 . -0.087 *
98 Visual (B) Right striate -0.151 ** | 0.106 *** |-0.043

SignificanceKey:.p<0.1 | *p<0.05| **p<0.01 | ***p<0.001

Table 2. Appraisal-Neural Synchrony Parcels Moderated by Domain 16 regions
demonstrated a significant (adjusted p < 0.07) neural synchrony by domain interaction
(reference: non-social). Values in the final three columns represent standardized betas
in the primary model, and two subsequent post-hoc models specified to probe domain-
specific effects, respectively. Few regions that significantly predicted social appraisal
synchrony also predicted non-social appraisal synchrony, demonstrating domain-
specificity. Negative beta estimates are colored red.
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Neural Sync. x
Index Network Region Perspective in
Social(B)
4 Default (B) Left frontal pole 0.306 **
9 Default (B) Left temporal -0.376 ***
13 Language Left inferior frontal gyrus 0.207 .
14 Language Left temporal -0.274 **
16 Control (A) Left lateral prefrontal cortex 0.254 *
19 Control (C) Left cingulate posterior 0.358 ***
27| Sal. / Ventral Attn (B) | Left lateral prefrontal cortex 0.284 *
37 Auditory Left temporal -0.378 ***
43 Visual (A) Left extrastriate cortex -0.216 .
44 Visual (A) Left extrastriate cortex -0.225 *
54 Default (A) Right temporal pole -0.241 *
64 Control (A) Right intraparietal sulcus 0.247 *
65 Control (A) Right lateral prefrontal cortex 0.409 ***
70 Control (C) Right cingulate posterior 0.287 *
72 Control (C) Right medial posterior prefront 0.393 ***
80( Sal. / Ventral Attn (B) [Right lateral prefrontal cortex 0.388 ***
81| Sal. / Ventral Attn (B) [Right temporal -0.259 **
94 Visual (A) Right extrastriate cortex -0.288 **
96 Visual (A) Right extrastriate cortex -0.240 *

Significance Key: .p<0.1| *p<0.05| **p<0.01 | ***p <0.001

Table 3. Social Appraisal-Neural Synchrony Parcels Moderated by Perspective 5
regions appear to demonstrate greater appraisal - neural synchrony associations when
sharing perspectives and 5 regions appear to demonstrate reduced appraisal neural
synchrony associations when sharing perspectives following our adjusted p < 0.01
standard. Values represent standardized betas. Negative beta estimates are colored red.
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